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Abstract

This thesis investigates how the reliance on supervision can be reduced across the entire
deep learning pipeline. In the training phase, we explore unsupervised fine-tuning, focus-
ing on Source-Free Unsupervised Domain Adaptation scenarios in visual tasks such as
Facial Expression Recognition and video-based Action Recognition, primarily leveraging
self-supervision and self-training. At inference, we address the challenge of remov-
ing fixed output vocabularies from Vision Language Models by formalizing the tasks of
Vocabulary-free Image Classification and Vocabulary-free Semantic Segmentation and by
introducing a family of efficient methods that adapt CLIP to the tasks. We also evaluate
Large Multimodal Models under a similar constrained scenario, analyzing their predic-
tions, categorizing their mistakes, and proposing tailored solutions to optimize their
performance. Finally, we investigate unsupervised evaluation by proposing a framework
that uses a Large Language Model and modular tools to automatically generate, execute,
and interpret evaluation experiments for Large Multimodal Models without ground-truth
labels. By reducing the need for human supervision at every stage of the deep learning
pipeline, this thesis contributes toward a more flexible and efficient paradigm for devel-
oping and deploying deep neural networks in real-world, data-scarce, and open-ended
settings.
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Chapter 1

Introduction

1.1 Context

Artificial Neural Networks (ANNs) are a cornerstone of modern machine learning, offer-

ing a biologically inspired approach that emulates the structure and function of the hu-

man brain. Inspired by the billions of interconnected neurons in the mammalian brain,

ANNs aim to replicate the brain’s remarkable ability to learn complex tasks such as, e.g.,

visual recognition [205, 117, 290], speech understanding [9, 207], and natural language

processing [190, 244, 209] based on diverse and complex input data. Reflecting this ver-

satility, ANNs have achieved unprecedented success across various fields. In computer

vision, they have powered breakthroughs in image classification [206, 229, 290], object

detection [263], and scene understanding [117, 3, 140, 161]. In natural language pro-

cessing, ANNs enable systems to translate languages [250, 10], answer questions [190],

and generate coherent text [244, 2].

Two foundational machine learning paradigms lie at the core of how to train neural

networks, i.e., supervised and unsupervised learning. Supervised learning is character-

ized by using labeled data to train models that map inputs to known outputs. The

model is presented with input-output pairs and learns to predict the output for new,

unseen inputs. Conversely, unsupervised learning operates on unlabeled data, aiming

to uncover hidden patterns or structures without predefined targets. Algorithms in

this category identify clusters [65, 47, 7], or reduce data dimensionality [1, 179], relying

solely on the input features. Recently, this paradigm increasingly plays a fundamental

role in pre-training ANNs [206, 290], i.e., establishing useful internal representations

before fine-tuning with supervision, and shows potential in reducing or even eliminating

the need for annotations during inference or evaluation.
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This thesis investigates how such reductions in supervision can be extended and

systematized across multiple stages of the machine learning pipeline. Specifically, it

explores the role of unsupervised methods in three key areas: fine-tuning models without

labeled data, enabling inference without predefined output categories, and developing

mechanisms for models to evaluate the performance of other models. By examining

these fronts, this work aims to advance our understanding of how ANNs can operate

with reduced external guidance.

1.2 Unsupervised training

An increasingly prevalent strategy in modern machine learning is the separation of the

training process into two distinct phases: pre-training and fine-tuning. Pre-training

involves training a model on a large, generic dataset to acquire broad, transferable

representations of the input space. This phase enables the model to learn general

features that are not specific to any single task or domain. Fine-tuning, on the other

hand, adapts the pre-trained model to a specific target task or dataset by continuing

the training process on more focused data, typically with smaller scale and task-specific

annotations.

To reduce reliance on labeled data, Self-Supervised Learning (SSL) and weakly

supervised learning have become essential in pre-training pipelines [24, 25, 206, 106].

SSL learns from the structure of unlabeled data through tasks like masked prediction

or contrastive learning. Weak supervision, in contrast, uses coarse or noisy labels, e.g.,

image-level tags or prompt-based guidance. These methods enable scalable, annotation-

efficient training that later supports effective fine-tuning. However, even with strong

pre-training, the transition to task-specific adaptation often remains heavily dependent

on labeled data.

Unsupervised fine-tuning encompasses a broad family of techniques aimed at adapt-

ing a pre-trained model to a new task or domain without relying on labeled examples.

A prominent subset of this space is Unsupervised Domain Adaptation (UDA) [83, 271,

167, 266], where labeled data is available in a source domain but only unlabeled data

exists in the target domain. While UDA has traditionally been studied independently

of large-scale pre-training, it can also be viewed as a form of unsupervised fine-tuning,

i.e., not only with the absence of supervision but also with a distributional shift in

instance representations. Other related settings include Source-Free Unsupervised Do-

main Adaptation (SFUDA) [153, 128, 145, 293], where only the pre-trained model and

unlabeled target data are available. These scenarios provide a rich framework for ex-
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ploring the boundaries and potential of unsupervised fine-tuning.

In this thesis, a dedicated part of the exploration is focused on unsupervised fine-

tuning, specifically in the context of Facial Expression Recognition (FER) and video-

based Action Recognition. These serve as two concrete case studies to examine how

models can be adapted to new tasks without requiring labeled data. While not directly

covered in this manuscript, the author has also contributed to two additional works

on unsupervised training: one on unsupervised pre-training for multimodal emotion

recognition [75], and another on domain adaptation at test-time for temporal action lo-

calization [157]. Together, these efforts reinforce the broader relevance and applicability

of unsupervised training techniques across vision-centric tasks.

1.3 Unsupervised inference

Inference in machine learning refers to the process by which a trained model makes

predictions on new, unseen data. In many real-world applications, this typically involves

choosing a label or output from a pre-defined set of categories, i.e., the vocabulary.

Traditionally, models trained for classification rely on a fixed classifier head that maps

features to this vocabulary, which must be defined at training time. In supervised

settings, inference thus assumes that all possible target classes are known and encoded

in the model parameters.

This paradigm has shifted with the advent of Vision Language Models (VLMs) [206,

142, 106, 290], which decouple the image encoder from the classifier. In these models,

classification is performed by computing similarities between an image embedding and

text embeddings representing class descriptions, enabling dynamic, zero-shot classifica-

tion. This embedding-based approach allows the model to classify inputs using arbi-

trary, inference-specified categories and forms the foundation for modern unsupervised

inference.

With unsupervised inference, we refer to the settings where the aim is to remove

the dependency on pre-defined categories. Instead of requiring that a model select

from a fixed set of labels, the goal becomes allowing the model to generate or retrieve

plausible answers from an open-ended semantic space. This shift enables more flexible

and adaptive behaviors, particularly when dealing with tasks in open-world scenarios

where the complete label space is unknown or intractable. A further generalization of

unsupervised inference emerges with the rise of Large Multimodal Models (LMMs) [136,

39, 253], which integrate the text generation capabilities of Large Language Models

(LLMs) [244, 42] with visual encoders. These models enable inference by answering
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natural language prompts such as “What type of object is in the image?” or “Describe

the scene.” In this setting, classification becomes a generative process, with models

responding in free-form language rather than selecting from a predefined list.

In this thesis, we lay the foundation for the current landscape of unsupervised in-

ference by first analyzing VLMs in open-world settings. We begin by formalizing the

task of Vocabulary-free Image Classification (VIC) and introducing metrics to quantify

model performance when classifying images without relying on a pre-defined set of cat-

egories. We then extend this notion to semantic segmentation, investigating how the

task of assigning pixel-level labels can also be re-framed under the same unsupervised

inference paradigm. Last, we shift our focus to LMMs, which bring new capabilities by

combining language understanding with visual reasoning. In this context, we evaluate

how these models perform in open-world classification tasks by prompting them with

natural language queries.

1.4 Unsupervised evaluation

Historically, evaluation in machine learning has relied on fixed benchmarks with well-

defined splits for training and testing [60, 70, 188, 195]. In the case of early computer

vision models–especially before the rise of foundation models–performance was typically

assessed on “in-domain” data, i.e., models were trained and tested on closely related

distributions, using fixed, manually annotated labels.

With the advent of large-scale pre-trained models such as CLIP [206], evaluation

began to shift. Foundation models are trained on diverse, noisy, and often loosely

annotated datasets at a massive scale [218, 229]. As a result, traditional in-domain

evaluations became insufficient to capture their capabilities. Instead, a new paradigm

emerged in which models are evaluated in zero-shot or few-shot settings across a broad

range of downstream tasks [70, 45, 188, 92, 233, 258].

This broadening of evaluation objectives reached a new level with the rise of LMMs [3,

58, 136, 12]. These models are no longer assessed purely on classification performance

but are evaluated for their high-level cognitive and reasoning abilities [281, 138]. To

accommodate this shift, a range of skill-based benchmarks has emerged. Rather than

focusing on single tasks, these benchmarks are designed to measure capabilities, e.g.,

visual perception [77], commonsense reasoning [239, 288, 214], and more.

As evaluation frameworks become increasingly broad and complex, a natural ques-

tion arises: can we remove the need for ground-truth annotations entirely? In other

words, can a model autonomously assess its own or another model’s capabilities? Re-

4



Chapter 1. Introduction

moving labels from the evaluation pipeline introduces a fundamental shift: the metric

of performance is no longer tied to a pre-defined target but instead emerges through

interaction, reasoning, or iterative experimentation.

This thesis explores this frontier by introducing APEx, Automatic Programming of

Experiments, a framework for fully automatic benchmarking of LMMs. Starting from a

research question expressed in natural language, APEx uses a language model and a set

of modular tools to design and execute relevant experiments. As results accumulate, the

system updates a scientific report and decides whether further testing is needed. Once

complete, it presents the findings in natural language. APEx redefines evaluation as a

dynamic, self-directed process that can operate without ground-truth labels, enabling

scalable and adaptive model assessment.

1.5 Contributions

In this thesis, we present our contributions to the field of machine learning, specifically

for unsupervised learning, inference, and evaluation. Our contributions are highlighted

as follows:

1. We present the first Source-Free Unsupervised Domain Adaptation method for

Facial Expression Recognition, which tackles the problem of adapting a model

pre-trained on source data to a set of unlabeled samples in the presence of do-

main shift. Our method exploits self-supervised pre-training to learn visual repre-

sentations on the target dataset, and then injects task-specific knowledge with a

novel and robust cluster-level pseudo-labeling strategy that accounts for in-cluster

statistics. Our approach is validated on four common adaptation scenarios, even

achieving comparable results with Unsupervised Domain Adaptation methods,

i.e., with direct access to the source data.

2. We investigate solving the problem of video-based Source-Free Unsupervised Do-

main Adaptation by exploiting “web-supervision” from Vision Language Models,

driven by the rationale that they contain a rich world prior surprisingly robust

to domain-shift. We showcase the effectiveness of integrating a Vision Language

Model for Source-Free Unsupervised Domain Adaptation by devising an intuitive

and parameter-efficient method that distills the world prior and complementary

source model information into a student network tailored for the target. Despite

its simplicity, our approach achieves significant improvement over state-of-the-art

video-based Source-Free Unsupervised Domain Adaptation methods.
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3. We formalize the Vocabulary-free Image Classification task, aiming at removing

the need for a pre-defined set of categories, a.k.a. the vocabulary, when using

Vision Language Models in “generalized” zero-shot settings, i.e., directly assign-

ing to an input image a class that resides in an unconstrained language-induced

semantic space. We demonstrate that representing this semantic space through

an external vision-language database is the most effective way to obtain semanti-

cally relevant content for classifying the image, and we propose Category Search

from External Databases (CaSED), a method that exploits a pre-trained Vision

Language Model and an external database to address the task in a training-free

manner.

4. From the previously proposed formulation of Vocabulary-free Image Classification,

we extend its definition to the task of Vocabulary-free Semantic Segmentation, to

remove the need for a pre-defined vocabulary also when assigning labels at the

pixel level. We identify three approaches to directly extend CaSED for semantic

segmentation by (i) employing a segmentation model and classifying parts, (ii) us-

ing an open-vocabulary semantic segmentation architecture with an image-specific

vocabulary generated with CaSED, and (iii) applying CaSED at different scales

and aggregating the predictions to generate a segmentation mask with labels with

a model never trained for the task of semantic segmentation.

5. We thoroughly evaluate classification with Large Multimodal Models in a com-

pletely open-world setting, i.e., by classifying images directly using natural lan-

guage (i.e., “What is the main object in the image?”). We first formalize the take

and introduce an evaluation protocol, defining various metrics to assess the align-

ment between predicted and ground truth classes. Then, we evaluate 13 models

across 10 benchmarks, encompassing prototypical, non-prototypical, fine-grained,

and very fine-grained classes, demonstrating the challenges Large Multimodal

Models face in this task. With further analyses based on the proposed metrics,

we reveal the types of errors these models make, highlighting challenges related to

granularity and fine-grained capabilities. Finally, we show how tailored prompting

and reasoning can alleviate these issues.

6. We present APEx, Automatic Programming of Experiments, the first framework

for automatic benchmarking of Large Multimodal Models (LMMs). Given a re-

search question expressed in natural language, APEx leverages a Large Language

Model (LLM) and a library of pre-specified tools to generate a set of experiments
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for the model at hand, and progressively compile a scientific report. The report

drives the testing procedure: based on the current status of the investigation,

APEx chooses which experiments to perform and whether the results are suffi-

cient to draw conclusions. Finally, the Large Language Model (LLM) refines the

report, presenting the results to the user in a natural language. The framework

is flexible and extensible as new tools become available. Empirically, we manage

to reproduce the findings of existing studies while allowing for arbitrary analyses

and hypothesis testing.

1.6 Publications

This thesis is accompanied by a collection of publications that highlight the research

contributions made in the field of machine learning, specifically for unsupervised learn-

ing, inference, and evaluation. The following is a list of publications in chronological

order:

1. Alessandro Conti, Paolo Rota, Yiming Wang, and Elisa Ricci. "Cluster-level

pseudo-labelling for source-free cross-domain facial expression recognition." British

Machine Vision Conference (2022). [52]

2. Giacomo Zara*, Alessandro Conti*, Subhankar Roy, Stéphane Lathuilière, Paolo

Rota, and Elisa Ricci. "The unreasonable effectiveness of large language-vision

models for source-free video domain adaptation." International Conference on

Computer Vision (2023). [285]

3. Alessandro Conti, Enrico Fini, Massimiliano Mancini, Paolo Rota, Yiming

Wang, and Elisa Ricci. "Vocabulary-free image classification." Advances in Neu-

ral Information Processing Systems (2023) [48]

4. Alessandro Conti, Enrico Fini, Massimiliano Mancini, Paolo Rota, Yiming

Wang, and Elisa Ricci. "Vocabulary-free Image Classification and Semantic Seg-

mentation." Under submission at Transaction of Pattern Analyses and Machine

Intelligence (2024) [49]

5. Alessandro Conti, Enrico Fini, Paolo Rota, Yiming Wang, Massimiliano Mancini,

and Elisa Ricci. "Automatic benchmarking of large multimodal models via itera-

tive experiment programming." International Conference on Image Analysis and

Processing (2025) [50]
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6. Alessandro Conti, Massimiliano Mancini, Enrico Fini, Yiming Wang, Paolo

Rota, and Elisa Ricci. "On Large Multimodal Models as Open-World Image

Classifiers." International Conference of Computer Vision (2025) [51]

While not directly discussed in this thesis, the reader may also find pertinent the fol-

lowing works the author contributed to, especially concerning unsupervised training:

1. Riccardo Franceschini, Enrico Fini, Cigdem Beyan, Alessandro Conti, Feder-

ica Arrigoni, and Elisa Ricci. "Multimodal emotion recognition with modality-

pairwise unsupervised contrastive loss." International Conference on Pattern Recog-

nition (2022). [75]

2. Benedetta Liberatori, Alessandro Conti, Paolo Rota, Yiming Wang, and Elisa

Ricci. "Test-time zero-shot temporal action localization." Computer Vision and

Pattern Recognition (2024). [157]
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Chapter 2

Unsupervised training

While pre-training strategies have increasingly embraced unsupervised and weakly su-

pervised approaches, fine-tuning remains largely dependent on labeled data. This chap-

ter mainly focuses on how models can be adapted to downstream tasks without supervi-

sion in the fine-tuning stage. In particular, it explores Unsupervised Domain Adaptation

(UDA) and its more challenging variant, Source-Free Unsupervised Domain Adapta-

tion (SFUDA), where access to labeled source data is no longer assumed. The chapter

presents two contributions within this context. The first introduces a novel SFUDA

method for Facial Expression Recognition (FER), combining self-supervised represen-

tation learning with a robust pseudo-labeling strategy that operates at the cluster level.

The second addresses video-based SFUDA by condensing the prior knowledge embed-

ded in a Vision Language Model (VLM) and in a source model into a compact student

network, enabling effective adaptation with minimal supervision.

2.1 Fine-tuning with domain shift in Facial Expres-

sion Recognition

2.1.1 The problem

Facial Expression Recognition (FER) [224, 215, 251, 90] refers to the task of automat-

ically inferring the emotional state of a person from a facial image, which supports

multiple application fields, such as assistive robotics and security monitoring. However,

each individual shows their emotional state differently according to their personal traits

or complicated cultural/ethical factors [23]. Such heterogeneity in the data space re-

mains one of the main challenges for a generalizable model for FER. In the last twenty
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Figure 2.1: Comparison between previous works (the left part) and our CluP on cross-
domain FER (the right part). Differently from past works, we aim to learn a target
model f T(·) with only source model f S(·) and unlabeled target data {XT} without the
source data {XS, Y S}, a very likely scenario due to privacy concerns. Our solution,
CluP, is the first method on source-free domain adaptation for FER, exploiting self-
supervised learning (SSL) to warm up the target feature extractor gT(·) and a novel
cluster-level pseudo-labeling technique.

years, the efforts to improve such technologies have been mostly split between collecting

larger and more diverse datasets [284, 183] and advancing learning algorithms for im-

proving generalization capability in the wild [295, 90]. Many recent techniques for FER

exploit the attention mechanism [181, 256, 6, 196, 69], while some other works learn

uncertainty via feature mixup [295], or improve feature representations by replacing the

pooling layers to reduce padding erosion [224].

Recent works often frame the problem from an Unsupervised Domain Adaptation

(UDA) perspective where labels of the target samples are not available [105, 147, 148].

For example, in [149], Li et al. introduce a novel loss function to preserve feature locality

despite the domain shift. Such loss also organizes facial expressions according to their

intensity in the embedding space. A more recent method [31] exploits facial landmarks

and holistic features to adapt to the target domain with adversarial learning applied to

graphs.

While all these methods improve the adaptability of FER models across data dis-

tributions, the source data is required during adaptation. However, when dealing with

facial images, the source data might not be available due to the increasingly stringent

regulations concerning privacy. Therefore, we are motivated to address the more chal-

lenging problem of Source-Free Unsupervised Domain Adaptation (SFUDA) for FER,
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given only the availability of the source pre-trained model (see fig. 2.1). To the best of

our knowledge, we are the first to propose a domain adaptation solution for FER that

works without the source facial data, embracing a privacy-preserving learning paradigm

as the source data can remain private.

Our proposed method, CluP (Cluster-level Pseudo-labeling), makes use of Self-

Supervised Learning (SSL) on the target data and proposes a novel cluster-level pseudo-

labeling technique. Pseudo-labeling for UDA often extends the source model to the

target domain using the source confidence to select the best target training inputs [294,

170]. However, the computation of confidence requires supervised training, which is only

possible in UDA with access to the source data. In the case of SFUDA, as the domain

gap increases, one can expect a degrading representation capability of the source model

on the target domain. Recent advances in SSL show that a good data representation can

be learned without annotated labels [25, 32, 91]. In this chapter, we propose to exploit

SSL techniques for a good starting feature representation for the target model and

further propose to improve the reliability of pseudo-labels with our newly introduced

cluster purity, i.e., the local statistics of target samples that are clustered within the

feature space expressed by the source model. We validate CluP on a set of cross-domain

FER benchmarks and prove its advantageous performance in terms of classification

accuracy.

We summarize our contributions as follows:

• We present CluP, the first method addressing SFUDA for FER, exploiting SSL

to foundation our target model.

• CluP introduces a novel cluster-level pseudo-labeling scheme to improve the

pseudo-labels’ reliability based on in-cluster attributes that deviate from tradi-

tional methods using pseudo-labeling with confidence thresholds.

• We demonstrate that CluP surpasses competing methods for SFUDA and is com-

parable with UDA techniques on several FER adaptation benchmarks.

2.1.2 The proposed approach

The traditional closed-set UDA problem setting allows access to the annotated source

dataset DS = {xS
i , y

S
i }

MS

i=1, and a target dataset DT = {xT
i }

MT

i=1 without annotations,

where the target domain shares the same label space with the source, i.e.YS = YT =

{1, ..., N}.
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2.1. Fine-tuning with domain shift in Facial Expression Recognition

Figure 2.2: Our proposed CluP comprises three stages of training, where the first stage
produces trustworthy cluster-level pseudo-labels using the source model, the second
stage warms up the target model in a self-supervised fashion, and finally the third
stage performs the target model training with the refined pseudo-labels.

Differently, the SFUDA protocol does not allow the access to the source dataset

DS, but only to a trained source model f S(·) : X S → R
N , which consists of a feature

extractor gS(·) : X S → R
Z and a classifier hS(·) : RZ → R

N , where Z is the feature

dimension.

Our proposed method CluP tackles the problem of SFUDA for FER. As illustrated

in fig. 2.2, CluP follows a three-stage training strategy where the first two can run in

parallel: the first stage produces more trustworthy cluster-level pseudo-labels {ỹTi }
M̃T

i=1

for a subset of M̃T target samples D̃T = {xT
i }

M̃T

i=1 by exploiting the available f S(·) and

our proposed cluster purity for pseudo-label refinement (described in section 2.1.2),

while in the second stage, a target feature extractor gT(·) is learned in a self-supervised

fashion (described in section 2.1.2). During the third stage, gT(·) is extended with a

classifier hT(·) and the whole network is trained with the subset of target samples D̃T

accompanied by their refined pseudo-labels (described in section 2.1.2).
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Cluster-level Pseudo-labeling

Pseudo-labels produced by source models and filtered by confidence are often unreliable,

particularly when the domain gap between source and target is large. CluP exploits

a clustering technique to group samples with similar characteristics (i.e., assignment)

and then uses a purity metric based on the source classifier to select the most reliable

clusters (i.e., refinement).

Cluster pseudo-label assignment. First, the target features are extracted {zTi }
MT

i=1 ∈

R
Z using the source feature extractor gS(·). Second, we cluster the features using K-

means clustering, resulting in a set of clusters {Cj}
K

j=1 Since FER often deals with highly

unbalanced datasets, we perform over-clustering and consider K ≫ N , to increase the

chances that even minor classes can be expressed with some clusters. Leveraging the

pseudo-labels predicted by the source model ỹTi = hS(zTi ) we assign to each cluster Cj a

pseudo-label ỹTj that represents the majority-voted pseudo-label within each cluster.

Cluster pseudo-label refinement. As each cluster Cj should contain similar ele-

ments in the learned feature space, we might expect their pseudo-labels to expose a

one-class distribution. Unfortunately, this is often not the case. However, a subset

of clusters detaining a certain pseudo-label agreement can be defined using what we

named as cluster purity.

Let us consider mT
j as the cardinality of the j-th cluster, where MT =

∑K

j=1 m
T
j . We

define the cluster purity score sj for each cluster Cj as the percentage of pseudo-labels

{ỹTi }
mT

j

i=1 that agree with their cluster-level label ỹTj :

sj =

∑mT
j

i=1 1
{
xT
i ∈ Cj : ỹ

T
i = ỹTj

}

mT
j

. (2.1)

Given sj per cluster, we can further refine the target dataset by keeping clusters

with a cluster purity score higher than a threshold τ , i.e., the more reliable clusters,

for training the target model. Considering that each class might exhibit a different

distribution, we design the cluster purity threshold τ to vary according to its category.

Specifically, for the set of clusters that correspond to the same pseudo-label category

{Cj}ỹTj=n
where n ∈ Y , we select the Q-th percentile of their purity scores to serve as

the threshold τn. Q is empirically set, and related experimental details are reported in

section 2.1.3.

After the cluster refinement, only clusters whose cluster purity score is higher than

the threshold corresponding to its category remain in the reduced target dataset D̃T

and will be used for training the final target model f T(·).
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Self-supervised pretraining

The pretraining of the target model is a delicate and important phase where the choice

of the training method for warming up the backbone leads to relevant fluctuations in

performance (see section 2.1.3). In the specific, we noticed that a pretraining relying

on self-supervision largely outperforms a model initialized with source weights. For this

reason, inspired by SwAV [25], CluP exploits self-supervision on the target dataset to

learn an initial feature extractor gT(·).

CluP performs clustering of the sample data while enforcing the consistency between

cluster assignments produced for different augmentations of the same sample. First,

target features {gT(xT
i )}

MT

i=1 are grouped according to a similarity metric to retrieve NP

learnable prototypes P = {pi}
NP

i=1 and a set of codes {qTi }
MT

i=1 where each sample is

assigned to. Then, codes {qTi }
MT

i=1 are used as targets to learn the optimal mapping to

{gT(xT
i )}

MT

i=1 by minimizing:

Lc(xi,qi) = −
NP
∑

n=1

q
(n)
i log(p

(n)
i ) (2.2)

where q is the one-hot vector of q and p is the softmax of the dot product of gT(xT
i )

and the cluster prototypes P .

By treating each sample as a class (i.e.MT = N), contrastive learning aims to learn

a feature extractor gT(·) invariant to data augmentations. For each target image xT
i ,

we generate an arbitrary number NJ of “views” by means of augmentation, i.e.{vT
ij =

tj(x
T
i )}

MT

i=1
NJ

j=1 with tj(·) ∼ T . Features extracted from views {gT(vT
ij)}

MT

i=1
NJ

j=1 instead of

from inputs {gT(xT
i )}

MT

i=1 are then clustered. The feature extractor gT(·) aims to optimize

for a “swapped” assignment problem between pairs of views (j, k) ∈ {1, ..., NJ} of the

same input i ∈ {1, ...,MT}:

Lswapped((vij,qij), (vik,qik)) = Lc(vij,qik) + Lc(vik,qij) (2.3)

We minimize Lswapped for all the pairs generated from DT to get our pretrained gT(·).

Finally, the whole model is trained by alternating between clustering features and

minimizing eq. (2.3). To work online, clustering is reformulated as an optimal transport

problem (as in [8]) and is applied only to the features in a batch.
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Training on FER

Finally, the target model (i.e.f T(·)) is obtained training the pseudo-labeled subset D̃T

(as detailed in section 2.1.2) by using the self-supervised feature extractor gT(·) (as

detailed in section 2.1.2) and a new classifier hT(·). The model is trained with supervised

cross-entropy loss between {ỹT
i }

M̃T

i=1 and the prediction {f T(xT
i }

M̃T

i=1 as in eq. (2.4):

LT
CE = −

1

M̃T

M̃T

∑

i=1

ỹT
i log f T

(
xT
i

)
(2.4)

where f(·) already includes a softmax function for normalizing the network logits into

a probability distribution.

2.1.3 Experimental results

We compare our method against the state-of-the-art for cross-domain FER with a set of

benchmark datasets. We introduce our experimental setup and then present the main

comparison, followed by an extensive ablation study to justify our design choices.

Datasets. Following [31], we use AFE [31] and RAF-DB [149] as our source datasets,

and ExpW [297] and FER2013 [85] as the target datasets.

• AFE [31] contains 54,901 images of thousands of Asian individuals, collected

from Asian movies. This dataset addresses cross-culture domain adaptation, as

the other datasets in our experiment involve mainly European and American

people.

• RAF-DB [149] contains 29,672 facial images from the web of thousands of indi-

viduals. We use RAF-DB as one of our source domains as it works as a counterpart

of AFE.

• ExpW [297] contains 91,793 faces downloaded from Google Images, representing

a large-scale in-the-wild scenario with diverse ethnic groups and facial poses.

• FER2013 [85] is a large-scale dataset collected with the Google Images Search

API, containing 35,887 gray images of low resolution. We use FER2013 as one of

our target domains to show cross-color domain adaptation.

Performance metric. To evaluate the performance of our method, we consider tra-

ditional top-1 classification accuracy. In addition, we also provide class-wise accuracy

in our ablations to demonstrate how our method performs on different classes.
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2.1. Fine-tuning with domain shift in Facial Expression Recognition

Method AFE → ExpW AFE → FER RAF → ExpW RAF → FER

U
D

A

ICID [105] 54.85 46.44 68.52 53.00
DFA [309] 62.53 36.88 47.42 47.88
LPL [149] 54.51 49.82 68.35 53.61

DETN [147] 58.41 45.39 43.92 42.01
FTDNN [287] 55.29 48.58 68.08 53.28
ECAN [148] 62.52 46.15 48.73 50.76
CADA [169] 58.50 48.61 63.74 54.71
SAFN [265] 55.17 50.07 68.32 53.31
SWD [133] 56.56 51.84 65.85 53.70
AGRA [31] 65.03 51.95 69.70 54.94

S
F
U

D
A

SHOT-IM [153] 53.52 49.51 53.13 49.44
SHOT [153] 54.12 49.44 53.51 49.36

CluP (DeepClusterV2) 62.56 50.47 65.43 53.83
CluP (SwAV) 65.00 52.51 66.60 53.71

Table 2.1: Results in four domain adaptation settings. Italic indicates best among
all, and bold best among SFUDA ones. Green indicate ours. Note that in “AFE →

FER2013”, CluP achieves the best result among all methods.

Method Surprise Fear Disgust Happiness Sadness Anger Neutral

SHOT-IM [153] 28.29 45.05 9.86 75.97 56.12 40.66 71.96
SHOT [153] 28.18 43.24 10.25 75.59 53.53 40.18 74.37

CluP (DeepClusterV2) 29.44 45.05 2.83 83.15 77.70 34.72 76.65
CluP (SwAV) 37.89 30.63 13.57 80.72 50.85 44.51 74.49

Table 2.2: Class-wise accuracy for RAF-DB → FER2013 in SFUDA setting. Our
method is indicated in green .
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Implementation details. We implement our method using PyTorch and PyTorch

Lightning, and run all the experiments on NVIDIA A100 GPUs. We pretrain ResNet18

for FER as our source model, while we perform the SSL on the target domain using the

solo-learn library [57] for 1000 epochs with SGD and a cosine annealing scheduling

policy. When performing cluster-level pseudo-labeling, we use a large K for K-means to

address imbalanced datasets. We consider K = 1000 for AFE → ExpW and RAF-DB

→ FER2013, and K = 250 for the others. We set the Q-th percentile per class to

threshold the cluster purity, where Q is usually set to large values, depending on the

adaptation setup. In detail, we use Q = 0.9 for AFE → ExpW and AFE → FER2013,

while Q = 0.7 and Q = 0.8 for RAF-DB → ExpW and RAF-DB → FER2013. Our final

target model is trained for 50 epochs using SGD, using a cosine annealing scheduling

policy.

Comparisons

To the best of our knowledge, CluP is the first method to tackle SFUDA for FER, so we

mainly compare state-of-the-art methods in the less restrictive UDA setting. To extend

the comparison, we also report the results of a couple of general-purpose methods for

SFUDA, which we re-purposed for FER. CluP can be applied seamlessly to an arbitrary

SSL method, to this end we report two versions where we apply different self-supervised

pretraining on the target domain using SwAV [25] and DeepClusterV2 [24, 25].

Table 2.1 shows the classification accuracy of competing methods under different

domain adaptation settings. Compared among SFUDA methods, our method with

SwAV as self-supervised pretraining always performs better than SHOT by over ten

points in most benchmarks. The same advantage holds when we adapt from the two

source domains to FER2013, with a total improvement of +4%. More interestingly,

CluP demonstrates comparable adaptation performance even when compared with UDA

methods, which have access to the source data. In particular, when we adapt from AFE

to FER2013, our CluP scores the best performance among all methods.

For an in-depth investigation of how SFUDA methods perform on FER, we present

the class-wise accuracy when adapting from RAF-DB to FER2013 in Table 2.2. No-

ticeably, CluP consistently adapts better among all classes compared to SHOT and

SHOT-IM, where for some classes, e.g., Surprise, Happiness, and Sadness, the improve-

ment is greater than +5%. We also notice that for minor classes under the SFUDA

setting, e.g., Disgust, the classification accuracy is much lower compared to other major

classes mostly due to the limited samples for expressing the class in the target domain
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2.1. Fine-tuning with domain shift in Facial Expression Recognition

under a large domain gap.

(a) SHOT (b) DeepClusterV2 (Ours) (c) SwAV (Ours)

Figure 2.3: UMAP visualizations of the features spaces in the RAF-DB → FER2013
setting.

Qualitative Result. In fig. 2.3, we present the UMAP visualization of our methods

with the target model pre-trained with two self-supervised methods, i.e., DeepClusterV2

and SwAV, in the RAF-DB → FER2013 setting and compare them with SHOT. SHOT

shows a more peculiar shape compared to our models, as it fine-tunes the source model

to the new domain, thus having a tighter relationship with the source data. The

inherited space indirectly constrains the target model from imitating the source domain

when molding the target domain. Therefore, starting from the source model can hinder

the adaptability to the new domain in situations of extreme domain shift. On the

contrary, our method’s UMAPs seems to fit better to the target domain. While similar,

these two embedding spaces present subtle differences. Visually, the DeepClusterV2

space manages to separate emotions better.

Ablation studies

We present a thorough analysis of the main design choices of CluP. We first investigate

different pre-trained networks to validate the effectiveness of the self-supervised pre-

training of the target model. We then compare our novel cluster purity score against

the traditional confidence score to justify its advantages in providing more reliable

pseudo-labels. Finally, we examine different combinations of our proposed elements

and show how they impact the final adaptation performance on FER.

Does the self-supervised pretrained backbone work better? To understand

how each pre-trained backbone model serves as the target model, we experiment with

four options including (i) a model pre-trained on ImageNet, (ii) the source model, i.e.,
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Dataset ImageNet Source DeepClusterV2 SwAV

ExpW 54.45 66.80 60.54 69.13
FER2013 36.38 56.99 58.10 60.90

Table 2.3: Top-1 accuracy with different pre-trained target backbones. Bold indicates
best, green indicates ours.

Backbone Score AFE → ExpW AFE → FER RAF → ExpW RAF → FER

Source Conf. 56.43 48.36 59.79 50.47
Source Purity 56.54 47.34 61.18 54.29
SwAV Conf. 62.88 51.27 63.22 50.68
SwAV Purity 65.00 52.51 66.60 53.71

Table 2.4: Top-1 accuracy with varying backbone and score filters. Bold indicates bets,
green indicates ours.

“Source”, and (iii) the DeepClusterV2 and (iv) the SwAV self-supervised models. For all

models, we train a linear classifier on top of their frozen feature extractor with ground-

truth target labels. As shown in table 2.3, the self-supervised pre-training on the target

domain using SwAV scores the best classification accuracy on the two target datasets.

DeepClusterV2 demonstrates less consistent improvements over the source model on

the two target domains, with +1.1% improvement on the FER2013 dataset, but −6.3%

on ExpW. This might be due to the superiority of SwAV in learning discriminative

feature representations over DeepClusterV2.

Does cluster purity perform better than confidence? We compare our novel

cluster purity score to the traditional confidence to prove its capability of providing

more reliable pseudo-labels. We also show the impacts of different thresholds on Q

ranging from 0.5 and 0.9 on the adaptation performance. Figure 2.4 shows the top-1

accuracy of CluP on FER2013, when adapting from AFE (the green plots) and RAF-

DB (the orange plots), with varying thresholds on the confidence (the dashed line) and

our cluster purity score (the solid line). We can observe a general increasing tendency of

the accuracy as the threshold value increases, as more reliable pseudo-labels are selected

due to a stricter criterion. Our cluster purity consistently outperforms confidence at

all threshold values. Specifically, when adapting from RAF-DB to FER2013, cluster

purity outperforms confidence at the threshold of 80% by more than +3%.

How do all the components interact with one another? We show how different

pre-trained target models and pseudo-label criteria incrementally impact the perfor-
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2.1. Fine-tuning with domain shift in Facial Expression Recognition

Figure 2.4: Top-1 accuracy of CluP on FER2013, when adapting from AFE and
RAF-DB , with varying thresholds on the confidence (the dashed line) and our cluster
purity score (the solid line).

mance of our proposed method. We consider two backbones, Source and SwAV, and

two pseudo-label criteria, confidence and cluster purity. We present the classification

accuracy under different adaptation setups in table 2.4. Regarding the target model,

self-supervised pre-training, i.e., SwAV, outperforms the source model for most of the

adaptation setups, regardless of the usage of either confidence or cluster purity score

for pseudo-label refinement. When our proposed cluster purity is applied, we observe

a consistent improvement of about +3% over all the adaptation setups with a cluster-

based self-supervised feature extractor. On the other hand, when tested on the source

model its advantages are not stable.

2.1.4 Related work

In the following, we present works on UDA methods for FER and some general-purpose

SFUDA solutions.

Unsupervised Domain Adaptation for FER. As a consequence of the domain bias,

quite prominent among FER datasets, some works focus on domain adaptation [105,

309, 149, 147, 287, 148, 31]. In [105], Ji et al. apply late fusion on the outputs of two

channels that learn intra-category and inter-category similarities of facial expressions.

The authors of [149] introduce a locality-preserving loss that draws samples of the same

20



Chapter 2. Unsupervised training

class closer. They also notice that neighboring samples in the embedding space present

similar emotional intensities. DETN [147] applies two variations of the Maximum Mean

Discrepancy to quantify the divergence between the domains and to re-weight the class-

wise source distribution to match the target. The authors extend the work in [148],

where they consider the differences in the conditional distributions. Differently from

the above works, AGRA [31] focuses on the well-established approach of adversarial

domain adaptation, leveraging facial landmarks alongside facial images. They introduce

two specialized graph neural networks while jointly considering the domain feature

distributions, the local features (i.e., landmarks), and the holistic features, achieving

the best results on many benchmarks.

Compared to previous works, we consider a stricter setting where the source data

is unavailable. Due to privacy issues, we argue that methods for understanding human

behavior do not always have access to the source data. For this reason, we introduce a

novel method for FER that adapts to a target domain in a source-free manner.

Source-Free Unsupervised Domain Adaptation. As a natural evolution of UDA,

SFUDA has gained increasingly more interest from the community [153, 95, 128, 145,

293, 154]. The setting represents a more complex but realistic scenario of UDA, where

source data is unavailable. Some works resort to entropy-minimization losses to adapt

to the target domain without labels. For example, SHOT [153] employs an entropy

loss alongside a classification loss on pseudo-labeled samples to adapt the network to

the target domain. The work has been extended in [155] introducing an auxiliary head

that solves relative rotation. Differently from the above, the authors of [95] frame the

problem from an image translation perspective and translate the target images to the

source style using only the source model. In [272], they perform self-training with a

loss function that considers the intrinsic structure of the target domain via nearest

neighbors. In the proposed work, we do not impose any constraint on the loss function,

our refinement step works on source clusters, and we propose a novel score function to

select the best samples to train on the target domain. Other works address open-set or

universal domain adaptation [126, 125] without access to the source data.

Unlike previous works, our model does not rely solely on the source model but is

constructed based on independent self-supervised training on the target data. Moreover,

we refine pseudo-labels by reducing unreliable samples using a novel decision metric at

the cluster level based on cluster purity.
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2.2. Fine-tuning with domain shift in Action Recognition

2.2 Fine-tuning with domain shift in Action Recogni-

tion

2.2.1 The problem

Tasks involving video analysis, such as action recognition, have been extensively studied

within the field of computer vision, due to their broad range of applications that include

video surveillance and social robotics [310, 120, 193]. Over the past decade, significant

advancements have been achieved through the introduction of specialized deep learning

architectures, including 3D CNNs [73, 72] and Video Transformers [220], which leverage

large-scale annotated datasets for training. Nevertheless, collecting a sufficient amount

of labeled video data for training in real-world conditions remains a costly and labor-

intensive task. To reduce the need for extensive annotation, video-based Unsupervised

Domain Adaptation (UDA) techniques [29, 192, 56] have been proposed. These methods

share the underlying principle of transferring knowledge from a labeled source domain to

an unlabeled target domain. Despite employing diverse adaptation strategies, all these

approaches have demonstrated substantial gains in the robustness of video models, even

in the absence of labeled data from the target domain.

In recent years, the field of computer vision has also seen the rise of a new class of

highly capable deep architectures trained on vast internet-scale image-text datasets [219].

These models, often referred to as foundation models[211, 229, 204, 107] or Vision Lan-

guage Models (VLMs), have delivered remarkable results and have become central to

contemporary vision research. Notably, models such as CLIP [204] and FLAVA [229]

have demonstrated that rich image representations can be acquired through supervi-

sion based on natural language descriptions. These pre-trained VLMs are now publicly

accessible and can be seamlessly incorporated into recognition pipelines. More recently,

researchers have begun to explore their potential in the video domain, showing promis-

ing results particularly in the context of supervised action recognition [252, 261].

Despite the considerable progress made in video-based UDA, the integration of

VLMs into the context of action recognition has remained largely unexplored. We con-

tend that VLMs possess substantial potential to enhance video-based methods, which

remains mostly untapped. Our study begins by showing that existing state-of-the-art

video-based UDA approaches can be significantly outperformed by publicly available

off-the-shelf VLMs, even without any explicit adaptation (see fig. 2.5). This finding

underscores the need to rethink traditional paradigms in video-based UDA. The perfor-

mance gains brought by VLMs are substantial enough to prompt a critical question: Is
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Figure 2.5: Performance over time on the Daily-DA benchmark. CLIP [204] achieves
better results than Unsupervised Domain Adaptation (UDA), Source-Free UDA and
video-based Source-Free UDA methods. Our method, DALL-V, is built on top of CLIP
and outperforms all prior approaches.

explicit alignment, i.e., the conventional strategy in video-based UDA, still the optimal

path forward? Instead, we propose a shift in focus to a new research question: How can

we effectively harness the prior knowledge embedded in VLMs to adapt models to target

domains in video-based UDA?

In this chapter, we introduce the first method in the video-based UDA literature that

directly tackles this research question. Specifically, we focus on the challenging setting of

video-based Source-Free Unsupervised Domain Adaptation (SFUDA) [268, 270], which

involves adapting an action recognition model trained on a labeled source domain to

an unlabeled target domain, without having access to the original source data. Our

main motivation for leveraging VLMs in this context lies in their strong generalization

ability, which we hypothesize can alleviate the effects of domain shift between the

source and target data distributions. This becomes especially crucial in SFUDA, where

the adaptation relies solely on a pre-trained source model, and the absence of source

data can severely impact performance, particularly when the domain gap is substantial.

Conversely, the broad visual knowledge acquired by VLMs during pretraining on diverse

datasets allows them to mitigate this negative impact. Furthermore, VLMs-derived

visual representations can serve as a powerful alternative in scenarios where additional

modalities (e.g., optical flow), which are often used to bridge the domain gap in video-

based UDA frameworks [186, 213], are not available.
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"a video of
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Figure 2.6: (a) In standard SFUDA setups, a model trained on the source domain is
adapted to the unlabeled target dataset using self-supervised signals, such as temporal
consistency across frames [268, 270]. (b) VLM approaches (e.g., CLIP [204]) perform
zero-shot classification by computing the cosine similarity between visual features and
language embeddings. (c) Our proposed SFUDA method fuses predictions from CLIP
and the source-trained model, introducing only a minimal number of learnable param-
eters via adapters.

Our proposed approach, termed Domain Adaptation with Large Language-Vision

models (DALL-V), offers a simple yet effective strategy to integrate the visual knowledge

from a pre-trained VLMs with the information encoded in the source model and the

target data (see fig. 2.6c). DALL-V operates through a two-stage pipeline: (i) initially,

pseudo-labels are generated using the CLIP model and utilized for adaptation on the

target data, and (ii) an ensemble of CLIP, the source model, and the target model is

used to distill their collective knowledge into a student network. This method introduces

only a small number of trainable parameters atop CLIP, facilitated by domain-specific

adapters. Despite its simplicity, DALL-V achieves a substantial performance gain,

surpassing existing SFUDA and even video-based UDA methods by a large margin

(+11.8% compared to the strongest baseline).

To summarize, our contributions are:

• We demonstrate, for the first time, that straightforward zero-shot approaches

based on VLMs significantly outperform state-of-the-art SFUDA methods.

• Building on this insight, we introduce DALL-V, a simple SFUDA technique that

effectively integrates knowledge from VLMs, a pre-trained source model, and un-

labeled videos from the target domain.
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• We conduct extensive experiments across 20 domain adaptation scenarios, vali-

dating the effectiveness of DALL-V in SFUDA settings.

2.2.2 The proposed approach

In this section, we aim to design a video-based Source-Free Unsupervised Domain Adap-

tation (SFUDA) technique capable of adapting a model trained on a source domain to

a different, unlabeled target domain.

Unlike traditional SFUDA strategies that rely on optimizing various self-supervised

objectives on the target data [268], we pursue a different, complementary direction.

Our core idea is to leverage a Vision Language Model (VLM), such as CLIP [204],

pre-trained on large-scale image-text pairs, as a tool to bridge the domain gap.

As a preliminary investigation, we evaluate CLIP in a zero-shot setting (see fig. 2.6b)

by directly performing inference on the target dataset. Specifically, we assess its per-

formance on the Daily-DA [268] benchmark using a pre-trained CLIP model, without

any fine-tuning on target frames or videos (see section 2.2.2 for zero-shot inference de-

tails). We compare these results with those obtained by recent state-of-the-art SFUDA

methods across four target domains, each containing eight semantic categories. As il-

lustrated in fig. 2.5, we discover that CLIP (ViT-B/32) surpasses the best-performing

SFUDA method, EXTERN [270], by a notable margin of +8.5%, despite not being tai-

lored to the video domain. This compelling result motivates us to further explore the

untapped potential of VLMs for SFUDA, offering a novel and orthogonal perspective

to the existing literature.

Pursuing this path has several key implications:

• Given that VLMs are publicly accessible, they facilitate more accessible and

privacy-conscious adaptation to target domains, even in the absence of source

data.

• It eliminates the need for carefully balancing multiple training objectives, i.e., a

common requirement in SFUDA, e.g., ATCoN [268] requires the joint optimization

of up to six loss functions.

• It avoids reliance on ad hoc architectures or specialized training schemes, simpli-

fying the design of the adaptation framework.

Motivated by the adaptability and expressive power of VLMs, we introduce DALL-

V for SFUDA, a method that capitalizes on the world prior captured by VLMs and
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integrates it with information from the source-trained model. Before detailing our

proposed approach, we provide a formal definition of the SFUDA task and introduce

essential preliminaries.

Problem definition and notations

In SFUDA, we are provided with an unlabeled target dataset DT={XT
i }

m
i=1, consisting

of m video sequences, along with access to a source model F S(·) that was trained on

a labeled source dataset DS = {XS
i , y

S
i }

n
i=1—which is, however, unavailable during the

adaptation phase.

We assume that the target dataset DT contains action videos whose label space

matches that of the source, i.e., YS = YT = 1, . . . , C, where C is the total number of

semantic action classes. Additionally, we assume a distributional mismatch between

source and target domains, often referred to as domain shift [268].

The objective of SFUDA is to utilize both the target dataset and the source-trained

model to learn a predictive function—typically instantiated via a neural network—that

can accurately classify samples from the target domain, all while having no access to

the original source data.

Preliminaries

CLIP [204], short for Contrastive Language-Image Pre-training, is composed of two

encoders: a vision encoder GV(·) and a language encoder GL(·) (see fig. 2.6b). To

perform classification, CLIP aligns visual inputs with corresponding textual descriptions

by computing their similarity. Given the class labels in a dataset (i.e., drinking, walking,

etc.), we construct prompts for each class, such as “a video of a person [CLS]",

where [CLS] is replaced with the class name.

The language encoder GL(·) maps these prompts to a set of text embeddings, denoted

by {zL
c}

C
c=1. Simultaneously, given a test video with K frames X = {xk}

K
k=1, the vision

encoder GV(·) generates visual features for each frame, resulting in ZV = {zV
k}

K
k=1.

The probability of the k-th frame belonging to the c-th class is computed as:

pc(xk) =
exp(< zL

c , z
V
k > /τ)

∑C

c′=1 exp(< zL
c′ , z

V
k > /τ)

(2.5)

where τ is a temperature parameter, and < ·, · > denotes the inner product (or cosine

similarity). Frame-level predictions are aggregated by averaging the class probabilities

across all frames.
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"a video of
drinking"

(a) Source/target adapter (AS/AT)
training. The q for the target domain is
constructed with CLIP (ViT-B/32) via

pseudo-labeling.

"a video of
drinking"

(b) Ensemble distillation. We use CLIP
(ViT-B/32), A

S, and A
T as teachers and

train a student adapter A on a smaller
CLIP model, i.e., RN50.

Figure 2.7: Overview of the DALL-V pipeline. bar denotes the student components,
and is used to distinguish them from the teachers.

Inference using CLIP is considered zero-shot when the dataset has not been seen

during its training. That is, zero-shot inference refers to the ability to generalize to

previously unseen datasets [204], which should not be confused with generalization to

entirely novel object categories [130].

Domain Adaptation with Large Language-Vision models (DALL-V)

We introduce Domain Adaptation with Large Language-Vision models (DALL-V) as

a novel approach to SFUDA. As the name implies, DALL-V leverages the extensive

world knowledge captured by VLMs, i.e., CLIP, to reduce the domain gap. While

CLIP is trained on image-text pairs rather than video-caption data, the source model

complements it by being trained supervisedly on labeled video samples. Our goal is to

jointly harness the strengths of these two models in a unified and effective manner.

DALL-V consists of two primary stages:

• Target adaptation: In this stage, we generate pseudo-labels for the unlabeled

target videos using CLIP, and then use these to train a model tailored to the

target domain. This enables the new model to benefit from both CLIP’s broad

knowledge and the unique patterns of the target data.

• Ensemble distillation: In the second stage, we ensemble the source and target

models and distill their combined knowledge into a compact student network via

knowledge distillation [94], which is used at test time.
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Before detailing each component of DALL-V, we first describe the training procedure

used for the source model.

Source Pre-Training. Unlike prior work such as ATCoN, which fine-tunes all pa-

rameters of the source model on the source data, we adopt a more restrained strategy.

To avoid overfitting to the source domain, we initialize the source model with CLIP

pre-trained weights and fine-tune only a small subset of parameters.

Specifically, we introduce an adapter module [79], i.e., a lightweight multi-layer

perceptron—that is appended on top of CLIP’s vision encoder. The source training

phase consists of updating only the adapter’s parameters using a supervised objective,

while keeping the vision encoder of CLIP frozen.

Formally, we extend the CLIP vision encoder GV(·) with an adapter A(·) : Rd → R
d,

where d is the dimensionality of the output features. We construct textual prompts t for

each video using a set of 16 handcrafted templates [252], such as a video of [CLS]"

or can you recognize the action of [CLS]?", where y denotes the class label.

To train the source model, we adopt the objective proposed by ActionCLIP [252].

We first compute ground-truth similarity scores q(x) for each frame x, assigning a value

of 1 to positive frame-prompt pairs and 0 to negatives within each batch. The adapter

AS is then trained using the Kullback-Leibler (KL) divergence loss between the predicted

probabilities p(X) (as defined in eq. (2.5)) and the target similarity distribution q(X):

LS
adapter = E(X,t)∼DS [KL(p(X),q(X))] (2.6)

Target adaptation While many source-free methods use the source model to gener-

ate pseudo-labels for the unlabeled target data [153], we choose a different route. To

adapt CLIP to the target domain, we employ a strategy similar to the source train-

ing pipeline, with a key distinction: the absence of labeled data in the target domain.

Instead of relying on the potentially biased source model—which includes the source

adapter AS—we use the original, unmodified CLIP model to perform pseudo-labeling.

Although the source model only fine-tunes a small number of parameters via the

adapter, it can still retain a bias toward the source distribution, possibly resulting

in noisy pseudo-labels. To avoid this, we rely on zero-shot inference from CLIP (as

discussed in section 2.2.2), using the same set of handcrafted textual prompts employed

during source training, to assign pseudo-labels to samples in the target domain.

To ensure label quality, we apply a confidence threshold to filter out uncertain

predictions. This results in a subset D̃T = XTii = 1m
′

⊂ DT, where each sample has an
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associated pseudo-label ỹii = 1m
′

, and m′ denotes the number of retained samples.

Following the same setup as in source training, we append an adapter AT(·) : R
d →

R
d to the CLIP vision encoder and optimize the adapter’s weights using the pseudo-

labeled subset, while keeping the CLIP encoder itself frozen.

LTadapter = E(X,t)∼D̃T [KL(p(X),q(X))] (2.7)

Ensemble distillation With access to three different models, i.e., the source model,

the target model, and the original CLIP, we perform knowledge distillation to transfer

their combined insights into a single compact network. Knowledge Distillation [94]

offers two main benefits: (i) it facilitates the generation of more robust and informative

pseudo-labels, and (ii) distilling into a smaller student model reduces inference latency

with minimal loss in accuracy.

To achieve this, we designate CLIP ViT-B/32 (also used as the backbone for both

source and target adapters) as the teacher ensemble, and CLIP RN50 as the student

model. Since we integrate knowledge from three different sources, we refer to this stage

as ensemble distillation.

To unify the outputs from the three models, we consider two aggregation strategies.

A straightforward method is to average their probability distributions:

pens(X) =
1

3
( p(X)
︸ ︷︷ ︸

ZS CLIP

+ pS(X)
︸ ︷︷ ︸

Source adapter

+ pT(X)
︸ ︷︷ ︸

Target adapter

) (2.8)

Alternatively, a majority voting mechanism can be used, where each model casts a

vote for a class, and the label with at least two votes is selected as the pseudo-label.

Following [94], we incorporate both the ensembled soft labels and the majority-voted

hard labels in our training objective. We train the student network using a standard

cross-entropy loss Lce for classification, and a soft distillation loss that minimizes the

divergence between the student’s predictions and the ensembled teacher outputs:

Ldiscrepancy = E(X,t)∼DT [KL(
pstudent(X)

τ
,
pens(X)

τ
)] (2.9)

where pstudent is the predicted distribution of the student network and τ is the temper-

ature.

The final distillation loss combines the two components as:

Ldistill = α ∗ Lce + (1− α) ∗ Ld (2.10)
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where α balances the contribution of each loss term and is set following the recommen-

dations in [94].

Importantly, we do not fine-tune the entire student model. Instead, we freeze the

CLIP RN50 backbone and train only an adapter A appended on top, using the loss

defined in eq. (2.10).

2.2.3 Experimental results

Datasets and settings. We conduct a comprehensive experimental evaluation using

three standard benchmarks tailored for SFUDA. First, we assess our method on Daily-

DA[268], which includes 18,949 video samples across 8 action classes, aggregated from

four diverse datasets: HMDB51 [124], ARID [267], MIT [184], and Kinetics [113]. Next,

we evaluate on UCF-HMDB [29], consisting of 3,209 videos categorized into 12 actions,

drawn from HMDB51 [124] and UCF101 [233]. Among the two, Daily-DA poses greater

challenges due to significant domain variations, particularly in lighting conditions. Fi-

nally, we test on Sports-DA [269], which comprises 40,718 videos across 23 categories

from UCF101 [233], Sports-1M [112], and Kinetics [113].

Implementation details. Our adapter modules are implemented as two-layer per-

ceptrons, as suggested by [79]. We use the AdamW optimizer [171] with a learning

rate of 0.01 and weight decay of 0.2, consistent with [252]. The temperature parameter

τ is fixed at 2.0 across all benchmarks, and each model is trained for 30 epochs. All

experiments are conducted using either 4 Tesla V100 GPUs or 2 RTX A6000 GPUs.

For both source pre-training and target adaptation phases, we adopt CLIP pre-

trained ViT-B/32 [204] as the vision backbone. In the ensemble distillation phase

(section 2.2.2), we employ the CLIP ResNet-50 variant as the student model to ensure

fair comparison with prior SFUDA approaches. Throughout all training stages, the

CLIP vision encoders remain frozen to preserve their representational capabilities.

In line with recent efforts in parameter-efficient fine-tuning [96, 79], we append

lightweight trainable adapters A(·) : R
d → R

d on top of the vision encoder in ev-

ery phase of our DALL-V framework, where d is the input dimensionality. Each

adapter consists of a down-projection layer, followed by a ReLU activation, then an

up-projection layer, and a final ReLU. The hidden dimension of the adapter is set to

one fourth of the input size.

Unlike [79], we do not apply adapters to the language encoder; the text embeddings

are used as-is to compute prediction probabilities, following eq. (2.5). Similar to the

vision module, the language encoder remains frozen.
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Baselines and competitors. We compare our method against a comprehensive suite

of baselines in both video-based UDA and SFUDA categories, including TRN [303],

DANN [78], MK-MDD [168], TA3N [29], SFDA [115], SHOT [153], SHOT++[155],

MA[146], BAIT [273], and CPGA [203]. Additionally, we report results from the most

recent state-of-the-art methods: ATCoN [268] and EXTERN [270].

To further contextualize our performance, we introduce CLIP-based baselines that

perform zero-shot inference using CLIP with different backbones: CLIP (RN50) and

CLIP (ViT-B/32). We also include the lower-bound performance of the source-only

model and the upper-bound of a target-supervised model for reference.

Comparison with the State-of-the-Art

We present our evaluation results in table 2.5, table 2.6, and table 2.7, corresponding

to the Daily-DA, UCF-HMDB, and Sports-DA benchmarks, respectively. For each

benchmark, the lower bound refers to the performance of the source model, i.e., CLIP

with the source adapter AS, evaluated directly on the target data. The upper bound,

instead, represents an oracle model trained with full supervision on the target data.

On the more challenging Daily-DA benchmark, results in table 2.5 show that our

distillation-based approach, DALL-V (RN50), achieves the best average accuracy across

12 domain shifts compared to other methods using the same backbone. Notably, DALL-

V outperforms the second-best method (CLIP RN50 zero-shot) by 5% and records the

top performance in 9 out of 12 adaptation settings. Among these, performance on

the ARID domain is consistently lower—likely due to its difficult visual conditions,

including low-light environments.

On the smaller UCF-HMDB benchmark, results show overall higher accuracy lev-

els, indicating a simpler transfer task. Nevertheless, DALL-V achieves the best aver-

age performance, outperforming the closest competitor by +0.6% and leading in the

HMDB→UCF direction by +1.2%.

For the Sports-DA dataset, as shown in table 2.7, our method performs on par with

EXTERN [270], surpassing it in three out of six settings and equaling it in one. In the

two scenarios with UCF101 as the target (K→U and S→U), our performance lags by

approximately 6 points, resulting in a slightly lower average score (i.e., -0.9%). However,

DALL-V still delivers a substantial improvement over ATCoN, with an average gain of

+8.5%.

Interestingly, DALL-V’s source-only performance already outperforms ATCoN by

+2.7% on average. In addition, the zero-shot CLIP baseline proves remarkably strong
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Method
Accuracy (%)

K→A K→H K→M M→A M→H M→K

TRN [303] 20.9 36.7 29.0 22.1 43.7 53.1
Lower bound 15.6 47.9 35.7 34.7 44.6 61.6

Z
S CLIP (RN50) [204] 30.5 50.0 42.2 30.5 50.0 62.9

CLIP (ViT-B/32) [204] 31.3 49.6 46.0 31.3 49.6 65.4

U
D

A

DANN [78] 21.2 37.5 21.7 22.8 43.3 58.8
MK-MDD [168] 21.7 36.2 24.0 21.0 50.4 58.5
TA3N [29] 19.9 37.7 31.5 21.6 43.0 55.5

S
F
U

D
A

SFDA [115] 12.6 44.9 27.5 16.0 35.2 49.2
SHOT [153] 12.0 44.6 29.5 15.3 36.7 51.0
SHOT++ [155] 12.6 40.8 28.7 14.9 41.7 46.3
MA [146] 12.8 45.8 30.0 17.7 37.4 53.5
BAIT [273] 12.7 45.7 30.0 16.9 39.6 53.0
CPGA [203] 13.1 46.0 30.7 18.1 39.2 55.1

S
F
V

U
D

A ATCoN [268] 17.2 48.2 32.5 27.2 47.3 57.7
EXTERN [270] 23.9 55.8 35.2 18.1 53.7 68.1
DALL-V (ours) 24.0 52.5 47.0 24.0 65.4 78.1

Upper bound 26.9 70.4 61.5 26.9 70.4 88.9

Method
Accuracy (%)

H→A H→M H→K A→H A→M A→K

TRN [303] 13.8 22.0 37.1 17.2 14.7 24.4
Lower bound 17.5 25.5 45.1 14.6 15.5 17.8

Z
S CLIP (RN50) [204] 30.5 42.2 62.9 50.0 42.2 62.9

CLIP (ViT-B/32) [204] 31.3 46.0 65.4 49.6 46.0 65.4

U
D

A

DANN [78] 14.2 29.5 38.2 20.1 19.7 27.0
MK-MDD [168] 20.3 25.7 33.8 18.7 18.0 26.1
TA3N [29] 14.4 25.7 38.4 14.9 15.6 23.4

S
F
U

D
A

SFDA [115] 13.1 24.2 24.9 16.3 13.2 25.2
SHOT [153] 13.6 24.2 21.2 17.1 14.0 24.3
SHOT++ [155] 16.0 22.2 33.1 15.4 12.5 21.8
MA [146] 12.9 25.0 22.2 16.7 15.2 24.3
BAIT [273] 13.6 25.5 21.2 15.7 14.5 25.5
CPGA [203] 13.1 26.2 25.5 19.2 16.5 26.7

S
F
V

U
D

A ATCoN [268] 17.9 30.7 48.5 26.7 17.2 31.0
EXTERN [270] 26.2 40.7 57.6 26.2 18.2 51.4
DALL-V (ours) 24.0 47.0 76.7 57.9 45.7 75.0

Upper bound 26.9 61.5 88.9 70.4 61.5 88.9

Table 2.5: Results on Daily-DA. Bold indicates best, underline represents best with
same backbone as baseline (i.e.ResNet50). Lower bound indicates a source adapter
and Upper bound a target adapter, both trained supervised on CLIP (RN50).
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Method
Accuracy (%)

H→U U→H Avg.

TRN [303] 72.8 72.1 72.4
Lower bound 71.6 76.1 73.8

Z
S CLIP (RN50) [204] 81.0 86.0 83.5

CLIP (ViT-B/32) [204] 90.3 89.1 89.7

U
D

A

DANN [78] 74.4 75.1 74.8
MK-MMD [168] 74.7 79.7 77.2
TA3N [29] 78.1 84.8 81.5

S
F
U

D
A

SFDA [115] 69.8 75.0 72.4
SHOT [153] 74.4 74.4 74.4
SHOT++ [155] 71.1 68.1 69.6
MA [146] 74.4 67.3 70.9
BAIT [273] 75.3 76.3 75.8
CPGA [203] 75.8 68.1 72.0

S
F
V

U
D

A ATCoN [268] 85.3 79.7 82.5
EXTERN [270] 91.9 88.9 90.4
DALL-V 93.1 88.9 91.0

Upper bound 93.7 91.4 92.6

Table 2.6: Results on UCF-HMDBfull. Bold indicates best, underline represents

best with same backbone as baseline (i.e.ResNet50). Lower bound indicates a source
adapter and Upper bound a target adapter, both trained supervised on CLIP (RN50).
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Method
Accuracy (%)

K→U K→S S→U S→K U→K U→S Avg.

TRN [303] 86.4 66.9 85.3 71.0 49.3 43.3 67.0
Lower bound 85.4 79.5 84.4 78.2 67.2 64.3 76.5

Z
S CLIP (RN50) [204] 83.4 79.9 83.4 80.4 80.4 79.9 81.2

CLIP (ViT-B/32) [204] 90.0 82.4 90.0 85.1 85.1 82.4 85.8

U
D

A

DANN [78] 88.0 75.0 85.7 73.4 65.9 55.1 73.8
MK-MMD [168] 90.2 67.9 90.9 73.6 66.1 55.6 74.0
TA3N [29] 90.3 68.6 93.0 72.6 63.6 54.1 73.7

S
F
U

D
A

SFDA [115] 86.1 60.0 85.4 68.0 55.8 43.6 66.5
SHOT [153] 91.2 64.9 88.8 72.0 53.9 43.6 69.1
SHOT++ [155] 90.0 63.1 88.0 70.3 44.7 40.9 66.2
MA [146] 91.0 65.9 87.8 71.9 60.7 39.4 69.5
BAIT [273] 92.3 66.6 88.3 72.8 57.2 44.7 70.3
CPGA [203] 89.4 66.3 86.5 72.5 55.2 44.5 69.1

S
F
V

U
D

A ATCoN [268] 93.6 69.7 90.6 76.0 65.2 47.9 73.8
EXTERN [270] 93.7 73.8 95.4 82.2 81.2 72.7 83.2
DALL-V 88.0 77.7 88.8 82.3 81.2 75.9 82.3

Upper bound 93.4 88.3 93.4 85.6 85.6 88.3 89.1

Table 2.7: Results on Sports-DA. Bold indicates best, underline represents best with
same backbone as baseline (i.e.ResNet50). Lower bound indicates a source adapter
and Upper bound a target adapter, both trained supervised on CLIP (RN50).

Method
Accuracy (%) (Daily-DA)

K→Any M→Any H→Any A→Any Avg.

CLIP 42.3 48.7 47.6 53.7 48.1

AS 40.0 [-2.3] 55.7 [+7.0] 35.3 [-12.4] 35.0 [-18.7] 41.5 [-6.6]

AT 44.4 [+2.1] 51.6 [+2.9] 48.5 [+0.9] 58.4 [+4.7] 50.8 [+2.7]

CLIP + AS 45.1 [+2.8] 57.8 [+9.1] 40.0 [-7.6] 50.8 [-2.9] 48.4 [+0.3]

CLIP + AT 43.8 [+1.5] 50.9 [+2.2] 48.2 [+0.6] 57.4 [+3.7] 51.7 [+3.6]

CLIP + AS + AT 46.2 [+3.9] 57.3 [+8.6] 49.5 [+1.9] 62.1 [+8.4] 53.8 [+5.7]

Method
Accuracy (%) (UCF-HMDBfull)

H→U U→H Avg.

CLIP 90.3 89.1 89.7

AS 91.0 [+0.7] 80.5 [-8.6] 85.8 [-3.9]

AT 90.5 [+0.2] 91.1 [+2.0] 90.8 [+1.1]

CLIP + AS 93.1 [+2.8] 87.2 [-1.9] 90.2 [+0.5]

CLIP + AT 89.3 [-1.0] 91.9 [+2.8] 90.6 [+0.9]

CLIP + AS + AT 94.9 [+4.6] 90.3 [+1.2] 92.6 [+2.9]

Table 2.8: Ablation on the relative improvement of the different modules of our proposed
DALL-V framework w.r.t. CLIP (ViT-B/32). Bold indicates best. The + operator
indicates ensembling. Results are aggregated by source dataset.
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on this dataset, performing nearly on par with EXTERN (only -2.0% with RN50 and

+2.6% with ViT-B/32).

Ablation analysis

We report in table 2.8 the intermediate performance obtained at various stages of our

proposed source-free pipeline, evaluated on both the Daily-DA and UCF-HMDB bench-

marks. Specifically, we show results for the supervised source model, the unsupervised

target model, the final distilled model, and the zero-shot CLIP model for comparison.

We also report the performance of an ensemble combining the predictions of the three

models. In this context, AS and AT refer to the source and target adapters appended

to the frozen CLIP encoder and trained on their respective domains, as detailed in

section 2.2.2.

Effectiveness of fine-tuning VLM on the target. As shown in table 2.8, fine-

tuning the model on the target domain, even in an unsupervised manner, leads to a

notable improvement in validation accuracy. On Daily-DA, the gain is +2.0%, while on

UCF-HMDB the improvement is +1.1%. Moreover, when the predictions of the target

model are combined with those from CLIP, the accuracy on Daily-DA increases by an

additional +3.6%, confirming the benefit of unsupervised adaptation for SFUDA.

Effectiveness of ensembles combining VLM and domain-specific models. The

final row of table 2.8 highlights that ensembling predictions from CLIP, the source

model, and the target model yields the best average accuracy on both benchmarks.

Specifically, the ensemble delivers a gain of +5.7% on Daily-DA and +2.9% on UCF-

HMDB relative to the CLIP baseline. These findings indicate that the three models

offer complementary strengths: CLIP brings generalization to unseen domains, while

the domain-specific adapters capture nuances of the respective source and target distri-

butions. Although the source and target models individually do not outperform CLIP,

they still contribute meaningful discriminative information when combined.

Finally, we distill the ensemble knowledge into a ResNet-based model to ensure

direct comparability with prior works that use similar architectures.

Effectiveness of using multiple templates. To better understand the contribution

of individual components of our framework, we analyze the impact of the number of tex-

tual templates used during inference. Figure 2.9 illustrates how increasing the number of

templates—from a single prompt to 12, as proposed in ActionCLIP [252]—significantly

improves the model’s accuracy on the target validation sets for both considered bench-

marks. Beyond 12 templates, however, the performance begins to plateau. We therefore
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CLIP (RN50) Source Adapter (RN50) DALL-V (ours)

(a) HMDB→UCF

CLIP (RN50) Source Adapter (RN50) DALL-V (ours)

(b) UCF→HMDB

Figure 2.8: UMAPs of the feature space on UCF-HMDBfull for CLIP (RN50), the
source model, and the final DALL-V model. DALL-V efficiently clusters the action
classes in the feature space by combining knowledge from the other two models.
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Figure 2.9: Analysis on the number of templates used for the text input w.r.t. the
accuracy score, on Daily-DA and UCF-HMDBfull.

follow the configuration in [252] and adopt 12 templates in our experiments.

Modeling the feature space. In fig. 2.8, we present a UMAP [179] visualization of the

feature representations produced by three different models—zero-shot CLIP (RN50),

the source model, and our DALL-V model—on the UCF-HMDB benchmark. Each

color corresponds to a different action class. The visualization reveals that DALL-V

generates more distinct and well-separated clusters compared to the individual models,

highlighting its ability to effectively integrate complementary information and improve

feature discriminability across action categories.

2.2.4 Related work

Video-based Unsupervised Domain Adaptation. While Unsupervised Domain

Adaptation (UDA) has been extensively studied for image-level tasks [83, 271, 167, 237,

29, 266], video-based UDA introduces additional complexity due to temporal dynamics.

Several strategies have been proposed to address this challenge. For example, TA3N [29]

introduces a discrepancy-based approach to align source and target domains by learning

temporal relationships within video sequences. TCoN [192] employs a cross-domain
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module that aligns temporally structured features. CO2A [56] uses contrastive learning

to bridge the domain gap between source and target video representations. Despite these

advances, a key limitation of UDA and video-based UDA methods is their reliance on

access to source data—an assumption that is often impractical due to privacy or legal

constraints. In contrast, our method operates in the more realistic setting where only

the source-trained model is available, without requiring access to source data.

Video-based Source-Free Unsupervised Domain Adaptation. The Source-Free

Unsupervised Domain Adaptation (SFUDA) paradigm has recently emerged as a re-

sponse to growing concerns around data sharing and privacy. One of the early contri-

butions in this space is SHOT [153], which leverages an entropy minimization objective

and pseudo-labels to adapt a source-pretrained model using target data only. An ex-

tension of this method [155] introduces an auxiliary head to solve a relative rotation

task, improving performance. Other approaches such as 3C-GAN [145], SFIT [95], and

SDDA [128] reframe the SFUDA task as an image translation problem.

Within the specific context of video-based SFUDA, only a few contributions exist.

ATCoN [268] proposes a consistency-based adaptation technique leveraging temporal

coherence. EXTERN [270] introduces mixup-style augmentations and video-specific

regularization to adapt models in a source-free setting. Our work departs from these

strategies by integrating Vision Language Models (VLMs) as a core component for

domain adaptation.

Vision Language Models. Recent access to large-scale image-text datasets [219, 217,

229] has driven the development of multi-modal models capable of learning joint visual

and textual embeddings [204, 107, 229]. These Vision Language Models typically use

separate encoders for visual and textual modalities, aligning their embeddings through

a contrastive loss [204, 107]. CLIP [204] is a leading example, known for its strong zero-

shot recognition capabilities across a variety of datasets. More recently, VLMs have

been extended to the video domain, showing promising results in action recognition

tasks [252]. However, to the best of our knowledge, our work is the first to employ

VLMs for tackling domain shift in the context of video-based action recognition.
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Unsupervised inference

This chapter investigates how the need for predefined supervision can be removed at

inference time, a setting where models are typically expected to select outputs from a

fixed, human-specified vocabulary. We begin by formalizing the task of Vocabulary-

free Image Classification (VIC), additionally introducing a method that uses a Vision

Language Model (VLM) to assign meaningful labels to images by querying external

databases, without requiring pre-specified categories. We then extend this paradigm to

semantic segmentation, showing how dense pixel-wise predictions can be produced un-

der the same open-ended constraints. Finally, we explore unsupervised inference with

Large Multimodal Models (LMMs), where classification is cast as an open-ended lan-

guage generation task. Through these three perspectives, the chapter aims to broaden

the understanding of inference as a flexible and adaptive process, no longer constrained

by fixed label sets or rigid task formulations.

3.1 Classification with Vision Language Models

3.1.1 The problem

Large-scale Vision Language Models (VLMs) [206, 276, 142] enabled astonishing progress

in computer vision by aligning multimodal semantics in a shared embedding space. This

chapter focuses on their use for image classification, where models such as CLIP [206]

demonstrated strength in zero-shot transfer. While we witnessed advances in VLM-

based classification in many directions, e.g., prompt learning [227, 306], scaling up to

larger models and datasets [106, 198, 41], or by jointly considering captioning task

[276, 142], they all assume a finite set of target categories, i.e., the vocabulary, to be

pre-defined and static (as shown in fig. 3.1a). However, this assumption is fragile, as
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Figure 3.1: Vision-Language Model (VLM)-based classification (a) assumes a pre-
defined set of target categories, i.e., the vocabulary, while our novel task (b) lifts
this assumption by directly operating on the unconstrained language-induced semantic
space, without a known vocabulary. f v

VLM and f t
VLM denote the pre-trained vision and

text models of a VLM.

it is often violated in practical applications (e.g., robotics, autonomous driving) where

semantic categories can either differ from the development/training to the deploymen-

t/testing or evolve dynamically over time.

In this work, we remove this assumption and study the new task of Vocabulary-free

Image Classification (VIC). The objective of VIC is to assign an image to a class that

belongs to an unconstrained language-induced semantic space at test time, without a

vocabulary, i.e., without a pre-defined set of categories (as shown in fig. 3.1b). The

unconstrained nature of the semantic space makes VIC a challenging problem. First,

the search space is extremely large, with a cardinality on the order of millions of se-

mantic concepts1, way larger than any existing image classification benchmark (e.g.,

ImageNet-21k [60]). Second, it also includes very fine-grained concepts that might be

hard to discriminate by the model. Third, as the categories encountered at test time

are undefined beforehand, VIC calls for classification methods that do not rely on any

vocabulary-aware supervision.

Recent web-scale Vision Language Databasess (VLDs) [218, 230], offer a unique

opportunity to address VIC, as they cover a wide set of semantic concepts, ranging

from general to highly specific ones. We empirically show that such external databases

allow identifying semantic content that is more relevant to the target category than

the captioning-enhanced VLMs supporting visual queries (e.g., BLIP-2 [140]). Moti-

vated by this observation, we propose a training-free method for VIC, Category Search

from External Databases (CaSED), which jointly leverages the discriminative multi-

1We estimate the number of concepts using BabelNet [187], which is close to 4 million for English.
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modal representations derived from CLIP [206] and the information provided by recent

VLDs (e.g., PMD [230]). CaSED operates in two steps: it first coarsely estimates a set

of candidate categories for the test image, and then it predicts the final category via

multimodal matching. Specifically, we first retrieve the captions from the database that

are semantically closer to the input image, from which we extract candidate categories

via text parsing and filtering. We then estimate the similarity score between the input

image and each candidate category via CLIP, using both visual and textual informa-

tion, predicting as output the best matching candidate. CaSED exploits the pre-trained

CLIP without further training, thus being flexible and computationally efficient.

We experiment on several datasets, considering both coarse- (e.g., Caltech-101 [70],

UCF101 [233]) and fine-grained (e.g., FGVC-Aircraft [176], Flowers-102 [188]) classi-

fication tasks. To quantitatively assess the performance of methods addressing VIC,

we also propose a set of metrics to measure how well the predicted class matches the

semantics of the ground-truth label. Across all tasks and metrics, CaSED consistently

outperforms all baselines, including VLMs as complex as BLIP-2 [140]. We believe

that thanks to its simplicity and effectiveness, our training-free CaSED can serve as a

competitive baseline for future works aiming to address the challenging VIC task.

To summarize, this work provides the following contributions:

• We explore the task of Vocabulary-free Image Classification, where the goal is to

assign a class to an image over an unconstrained set of semantic concepts, over-

coming the fundamental assumption of existing VLM-based methods for image

classification. We formalize this task and suggest specific evaluation metrics that

can be used as a reference for future works.

• We propose CaSED, the first method to address VIC thanks to the adoption of

large captioning databases. Notably, CaSED is training-free, not requiring any

additional parameter nor finetuning of the network’s textual and visual encoders.

• Our large-scale evaluation demonstrates that CaSED consistently outperforms a

more complex VLM such as BLIP-2 [140] on VIC, while requiring much fewer

parameters.

3.1.2 The proposed setting

Preliminaries. Given the image space X and a set of class labels C, a classification

model f : X → C is a function mapping an image x ∈ X to its corresponding class

c ∈ C. While C may be represented by indices that refer to semantic classes, here
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we focus on cases where C consists of a set of concept names that correspond to real

entities. Note that C is a finite set whose elements belong to the semantic space S,

i.e., C ⊂ S. In standard image classification, C is given a priori, and f is learned on a

dataset of image-label pairs.

Recently, the introduction of contrastive-based VLMs [206, 106], which learn a cross-

modal aligned feature space, revised this paradigm by defining a function fVLM that infers

the similarity between an image and a textual description t ∈ T , i.e., fVLM : X ×T → R,

with T being the language space. Given this function, classification can be performed

with:

f(x) = argmax
c∈C

fVLM(x, ϕ(c)) (3.1)

where ϕ(c) is a string concatenation operation, combining a fixed text template, i.e., a

prompt, with a class name. This definition allows for zero-shot transfer, i.e., performing

arbitrary classification tasks by re-defining the set C at test time, without re-training the

model. However, such zero-shot transfer setup still assumes that the set C is provided.

In this work, Vocabulary-free Image Classification (VIC) is formulated to surpass this

assumption.

Task definition. VIC aims to assign a class c to an image x without prior knowledge on

C, thus operating on the semantic class space S that contains all the possible concepts.

Formally, we want to produce a function f mapping an image to a semantic label in S,

i.e., f : X → S. Our task definition implies that at test time, the function f has only

access to an input image x and a large source of semantic concepts that approximates

S. VIC is a challenging classification task by definition due to the extremely large

cardinality of the semantic classes in S. As an example, ImageNet-21k [60], one of

the largest classification benchmarks, is 200 times smaller than the semantic classes

in BabelNet [187]. This large search space poses a prime challenge for distinguishing

fine-grained concepts across multiple domains as well as ones that naturally follow a

long-tailed distribution.

Semantic space representation. As the main challenge of VIC, how to represent

the large semantic space plays a fundamental role in the method design. We can either

model the multimodal semantic space directly with a VLM equipped with an autore-

gressive language decoder [142] or via image-text retrieval from VLDs. Consequently,

we can approach VIC either via VQA-enabled VLMs by querying for the candidate

class given the input image, or by retrieving and processing data from an external VLD

to obtain the candidate class.

To investigate the two potential strategies, we perform a preliminary experimental
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Figure 3.2: Results of our preliminary study, showing the top-1 accuracy when
matching semantic descriptions to ground-truth class names in ten different datasets.
We compare BLIP-2 (VQA) and BLIP-2 (Captioning) with Closest Caption and
Captions Centroid , i.e.the average representation of the retrieved captions. We addi-
tionally highlight the Upper bound for zero-shot CLIP. Representing the large seman-
tic space as VLDs and retrieving captions from it produces semantically more similar
outputs to ground-truth labels w.r.t. querying outputs from VQA-enabled VLMs, while
requiring 10 times fewer parameters compared to the latter.

analysis to understand how well the output of a method semantically captures the

image category, or in other words, to assess the alignment of class boundaries in the

visual and textual representations. Specifically, we compare the semantic accuracy of

querying VQA VLMs and of retrieving from VLDs w.r.t. the ground-truth class labels.

We consider the output of a method as correct if its closest textual embedding among the

target classes of the dataset corresponds to the ground-truth class of the test sample2.

We exploit the text encoder of CLIP (ViT-L) [206] to obtain textual embeddings.

Regarding experimented methods, we select BLIP-2 [140] to represent VQA-enabled

VLMs for its state-of-the-art performance in VQA benchmarks, while we use a subset

of PMD [230] as the VLD. In particular, we compare the following methods: i) BLIP-2

VQA, which directly queries BLIP-2 for the image category; ii) BLIP-2 Captioning,

which queries BLIP-2 for the image caption; iii) Closest Caption, which is the closest

caption to the image, as retrieved from the database; iv) Caption Centroid, which

averages the textual embeddings of the 10 most similar captions to the input image.

As we use CLIP embeddings, if visual and textual representations perfectly align, the

performance would be the same as zero-shot CLIP with given target classes. We thus

report zero-shot CLIP to serve as the upper bound for retrieval accuracy.

2Note that this metric is not the standard accuracy in image classification as we use distances in
the embedding space to ground predictions from the unconstrained semantic space to the set of classes
in a specific dataset.
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We experiment on a variety of test datasets for both coarse- and fine-grained clas-

sification (see details in section 3.1.4), and report the results in fig. 3.2. The average

textual embedding of the retrieved captions (i.e., Caption Centroid) achieves the best

semantic accuracy for 9 datasets out of 10, consistently surpassing methods based on

BLIP-2. On average, the accuracy achieved by Caption Centroid is 60.47%, which

is +17.36% higher than the one achieved by BLIP-2 Captioning (43.11%). Moreover,

Captions Centroid achieves results much closer to the CLIP upper bound (67.17%) than

the other approaches. Notably, such VLD-based retrieval is also computationally more

efficient, faster (∼4 second for a batch size of 64 on a single A6000 GPU), and requires

fewer parameters (approximately 10 times less) than BLIP-2 (see table 3.13).

The results of this preliminary study clearly suggest that representing the large se-

mantic space with VLDs can produce (via retrieval) semantically more relevant content

to the input image, in comparison to querying VQA-enabled VLMs, while being compu-

tationally efficient. Based on this conclusion, we develop an approach, Category Search

from External Databases (CaSED), that searches for the semantic class from the large

semantic space represented in the captions of VLDs.

3.1.3 The proposed approach

Our proposed method CaSED finds the best matching category within the uncon-

strained semantic space by multimodal data from large VLDs. Figure 3.3 provides

an overview of our proposed method. We first retrieve the semantically most similar

captions from a database, from which we extract a set of candidate categories by ap-

plying text parsing and filtering techniques. We further score the candidates using the

multimodal aligned representation of the large pre-trained VLM, i.e., CLIP [206], to

obtain the best-matching category. We describe in detail each process in the following.

Generating candidate categories

We first restrict the extremely large classification space to a few most probable candidate

classes. Let fVLM be the pre-trained VLM and D be the external database of image

captions. Given an input x, we retrieve the set Dx ⊂ D of K closest captions to the

input image via

Dx = top-k
d∈D

fVLM(x,d) = top-k
d∈D

⟨f v
VLM(x), f

t
VLM(d)⟩, (3.2)
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where f v
VLM : X → Z is the visual encoder of the VLM, f t

VLM : T → Z is the textual

encoder, and Z is their shared embedding space. The operation ⟨·, ·⟩ indicates the com-

putation of the cosine similarity. Note that our approach is agnostic to the particular

form of D, and that it can accommodate a flexible database size by including captions

from additional resources.

From the set Dx, we then extract a finite set of candidate classes Cx by performing

simple text parsing and filtering techniques, e.g., stop-words removal, POS tagging.

Filtering candidate categories

With the closest captions retrieved from the external database given the input image,

we post-process them to filter out a set of candidate category names. We first create a

set of all words that are contained in the captions. Then we apply sequentially three

different groups of operations to the set to (i) remove noisy candidates, (ii) standardize

their format, and (iii) filter them.

With the first group of operations, we remove all the irrelevant textual contents,

such as tokens (i.e., “<PERSON>”), URLs, or file extensions. Note that, for the file

extensions, we remove the extension but retain the file name as it might contain candi-

date class names. We also remove all the words that are shorter than three characters

and split compound words by underscores or dashes. Finally, we remove all those terms

containing symbols or numbers and meta words that are irrelevant to the classifica-

tion task, such as “image”, “photo”, or “thumbnail”. The second group of operations

standardizes the candidate names by aligning words that refer to the same semantic

class to a standard format, reducing class redundancy. For example, “cassowary” and

“Cassowary” will be considered as a single class instead of two. To this end, we perform

two operations–lowercase conversion and singular form conversion.

The last group of operations considers two forms of filtering, where the first aims to

filter out entire categories of words via Part-Of-Speech (POS) tag, and the second aims

to filter out rare and noisy contents based on the word occurrences. We select these

two operations since common dataset class names do not contain terms that carry no

semantics e.g., articles and pronouns, and since [55] showed that CLIP performs better

when exposed to a smaller amount of unique tokens. The POS tagging3 categorizes

words into groups, such as adjectives, articles, nouns, or verbs, enabling us to filter all

the terms that are not semantically meaningful for a classification task. Regarding the

occurrence filtering, we first count how often a word appears in the retrieved captions

3We use the NLP library flair (https://github.com/flairNLP/flair).
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Figure 3.3: Overview of CaSED. Given an input image, CaSED retrieves the most rele-
vant captions from an external database filtering them to extract candidate categories.
We classify image -to- text and text -to- text , using the retrieved captions centroid as
the textual counterpart of the input image.

and then we remove words that appear only once to make the candidate list less noisy.

Multimodal candidate scoring

Among the small set Cx, we score each candidate by accounting for both visual and

textual semantic similarities using the VLM encoders, to select the best-matching class

for the input image.

Image-to-text score. As the image is the main driver for the semantic class we aim to

recognize, we use the visual information to score the candidate categories. We denote

svc as the visual score of each candidate category c and compute it as the similarity

between the visual representation of the input image and the textual representation of

the candidate name:

svc = ⟨f
v
VLM(x), f

t
VLM(c)⟩. (3.3)

The higher value of svc indicates a closer alignment between the target image and the

candidate class.

Text-to-text score. While the image-to-text score svc is effective, there exists a well-

known modality gap in the space Z, harming the performance of zero-shot models [156].

As suggested by fig. 3.2 in section 3.1.2, the semantic relevance of the retrieved captions,

and their centroid in particular, is high w.r.t. the underlying ground-truth label. We

are therefore motivated to exploit such attributes and introduce unimodal text-to-text
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scoring to mitigate the modality gap of cross-modal scoring.

Formally, we define the centroid d̄x of the retrieved captions as:

d̄x =
1

K

∑

d∈Dx

f t
VLM(d), (3.4)

where K is the number of retrieved captions. We then define the text-based matching

score stc as the similarity between the centroid and the candidate category:

stc = ⟨d̄x, f
t
VLM(c)⟩. (3.5)

A higher value of stc means a higher alignment between the caption centroid and the

candidate embedding. Note that the semantic relevance of the caption centroid is an

inherent property of the text encoder of VLMs (i.e., CLIP). Since CLIP is trained

with an image-text alignment loss, its text encoder focuses on the visual elements of

the caption, discarding parts that are either non-visual or non-relevant to the visual

content. This improves the model’s robustness to noisy candidates.

Final predicted candidate. To predict the final candidate, we merge the two scores,

obtaining the final score sc for each candidate c as:

sc = α σ(svc) + (1− α) σ(stc) (3.6)

where σ(·) is the softmax operation on the two scores of each candidate class, and α is

a hyperparameter regulating the contribution of the two modalities. Finally we obtain

the output category as f(x) = argmaxc∈Cx
sc. Notably, CaSED respects the VIC task

definition, performing classification without known class priors, while being training-

free with the use of a pre-trained and frozen VLM. This makes the approach flexible

and applicable to a variety of architectures and databases.

UpperCaSED

To improve the performance of CaSED, we propose a simple yet effective modification,

introducing prompt ensembling [206] after the caption extraction and filtering. Prompt

ensembling applies a predefined list of templates to the class names to enhance their

contextual information. For instance, the class name “dog” could be expanded to “a

photo of a dog”. By applying a set of templates rather than a single one and computing

their average representation, the resulting features better capture the semantic meaning

of the word, leading to consistent performance gains [206].
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We apply prompt ensembling to the candidates generated from the retrieved cap-

tions. The number of templates used is variable, depending on the specific dataset4.

The average representation of these ensembled prompts is then used as anchors to

compute the image-to-text and text-to-text scores as described above. Formally, for a

candidate c and a set of templates T , the ensembled representation f t
ens(c) is computed

as:

f t
ens(c) =

1

|T |

∑

t∈T

f t
VLM(t(c)), (3.7)

where t(c) means applying template t to candidate c. f t
ens(c) is then used for image-

to-text and text-to-text scoring.

3.1.4 Experimental results

We evaluate CaSED in comparison to other VLM-based methods on the novel task

Vocabulary-free Image Classification with extensive benchmark datasets covering both

coarse-grained and fine-grained classification. We first describe the experimental pro-

tocol in terms of the datasets, the proposed evaluation metrics, and the baselines ap-

plicable to this task (section 3.1.4). We then discuss the quantitative results regarding

the comparison between our method and baselines (section 3.1.4), and showcase qual-

itative results of predicted categories from multiple datasets in section 3.1.4. Finally,

we present a thorough ablation to justify the design choices of CaSED (section 3.1.4).

In addition, we provide a cost comparison between the baseline methods and CaSED

in section 3.1.4.

Experimental protocol

Datasets. We follow existing works [227, 306] and use ten datasets that feature both

coarse-grained and fine-grained classification in different domains: Caltech-101 (C101) [70],

DTD [45], EuroSAT (ESAT) [92], FGVC-Aircraft (Airc.) [176], Flowers-102 (Flwr) [188],

Food-101 (Food) [18], Oxford Pets (Pets), Stanford Cars (Cars) [121], SUN397 (SUN) [258],

and UCF101 (UCF) [233]. Additionally, we used ImageNet [60] for hyperparameters

tuning.

Evaluation metrics. Due to the unconstrained nature of the semantic space, evalu-

ating the effectiveness of methods for VIC is not trivial. We propose to use two main

criteria, namely semantic relevance, i.e., the similarity of the predicted class w.r.t. the

4For each classification dataset, we use the templates defined in CLIP [206], spanning from 1 for,
e.g., Flowers-102 [188], Food-101 [18], and Oxford Pets, to 48 for UCF101 [233]
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ground-truth label, and image grouping, i.e., the quality of the predicted classes for or-

ganizing images into clusters. For semantic, we consider i) Semantic Similarity, i.e., the

similarity of predicted/ground-truth labels in a semantic space, and ii) Semantic IoU,

i.e., the overlap of words between the prediction and the true label. More formally,

given an input x with ground-truth label y and prediction ĉ = f(x), we compute

the Semantic Similarity as ⟨g(ĉ), g(y)⟩, where g : T → Y is a function mapping text

to an embedding space Y . Since we want to model free-form text, we use Sentence-

BERT [209] as g. For Semantic IoU, given a predicted label c, and assuming c being a

set of words, we compute the Semantic IoU as |c∩y|/|c∪y|, where y is the set of words

in the ground-truth label. To assess grouping, we measure the classic Cluster Accuracy

by first clustering images according to their predicted label, and then assigning each

cluster to a ground-truth label with Hungarian matching. Sometimes, this mapping is

resolved with a many-to-one match, where a predicted cluster is assigned to the most

present ground-truth label. This evaluation draws inspiration from the protocols used

for deep visual clustering [248, 104, 89].

Baselines. We consider three main groups of baselines for our comparisons. The

most straightforward baselines consist of using CLIP with large vocabularies, such as

WordNet [180] (117k names) or the English Words (234k names [76]). As an upper

bound, we also consider CLIP with the perfect vocabulary, i.e., the ground-truth names

of the target dataset (CLIP upper bound). The second group of baselines consists of

captioning methods, as captions can well describe the semantic content of images. We

consider two options: captions retrieved from a database and captions generated by

a pre-trained image captioning model. For the former we exploit a large collection of

textual descriptions, retrieving the most fitting caption for the given image. For the

latter, we exploit BLIP-2 [140]–a VLM with remarkable performance on a variety of

tasks, including image captioning — to provide a description for the image. In addition,

we also use LLaVA 1.5 (7B) [160], a larger VLM. The last group of baselines consists of

using a VQA model to directly predict the class name associated with the image. Again,

we consider BLIP-2 [140] and LLaVA 1.5 (7B) [160], since they are highly effective also

in VQA. We evaluate BLIP-2 over both ViT-L and ViT-g throughout the experiments 5.

Implementation details. Our experiments were conducted using NVIDIA A6000

GPUs with mixed-bit precision. As database, we use a subset of PMD [230], containing

5Following the BLIP-2 [140] demo, for captioning, we used the prompt “Question: what’s in the
image? Answer:”. For VQA, we used “Question: what’s the name of the object in the image? Answer:
a”. For LLaVA 1.5, we use the same prompts of BLIP-2, but append an “Omit any superfluous text.”
to avoid introductory or closing statements.
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five of its largest datasets: Conceptual Captions (CC3M) [222], Conceptual Captions

12M (CC12M) [26], Wikipedia Image Text (WIT) [235], Redcaps [62], and a subset

of [242] used for PMD (YFCC100M*). We speed up the retrieval process by embed-

ding the database via the text encoder f t
VLM and using fast indexing technique, i.e.,

FAISS [109]. We tuned the α hyperparameter of eq. (3.6) and the number of retrieved

captions K of our method on the ImageNet dataset, finding that α = 0.7 and K = 10

led to the best results. We use these values across all experiments.

Method Cluster Accuracy (%) ↑
C101 DTD ESAT Airc. Flwr Food Pets SUN Cars UCF Avg.

C
L
IP WordNet 34.0 20.1 16.7 16.7 58.3 40.9 52.0 29.4 18.6 39.5 32.6

English Words 29.1 19.6 22.1 15.9 64.0 30.9 44.4 24.2 19.3 34.5 30.4

C
a
p
ti

o
n

Closest Caption 12.8 8.9 16.7 13.3 28.5 13.1 15.0 8.6 20.0 17.8 15.5
BLIP-2 (ViT-L) 26.5 11.7 23.3 5.4 23.6 12.4 11.6 19.5 14.8 25.7 17.4
BLIP-2 (ViT-g) 37.4 13.0 25.2 10.0 29.5 19.9 15.5 21.5 27.9 32.7 23.3
LLaVA 1.5 (7B) 41.1 11.1 19.7 10.4 13.4 11.1 12.8 14.0 12.1 29.5 17.5

V
Q

A

BLIP-2 (ViT-L) 60.4 20.4 21.4 8.1 36.7 21.3 14.0 32.6 28.8 44.3 28.8
BLIP-2 (ViT-g) 62.2 23.8 22.0 15.9 57.8 33.4 23.4 36.4 57.2 55.4 38.7
LLaVA 1.5 (7B) 76.2 30.6 38.9 3.0 5.8 22.7 7.7 27.5 2.6 48.0 26.3

CaSED 51.5 29.1 23.8 22.8 68.7 58.8 60.4 37.4 31.3 47.7 43.1
UpperCaSED 51.3 29.3 21.0 24.4 70.4 61.2 60.9 37.7 38.5 46.6 44.1

CLIP upper bound 87.6 52.9 47.4 31.8 78.0 89.9 88.0 65.3 76.5 72.5 69.0

Table 3.1: Cluster Accuracy on the ten datasets. Green is our method, gray shows
the upper bound.

Quantitative results

The results of CaSED and the baselines are presented in table 3.1, table 3.2, and

table 3.3 for Cluster Accuracy (%), Semantic Similarity, and Semantic IoU (%), respec-

tively. CaSED consistently outperforms all baselines in all metrics on average and in

most of the datasets. Notably, CaSED surpasses BLIP-2 (VQA) over ViT-g by +4.4%

in Cluster Accuracy and +1.7% on Semantic IoU, while using much fewer parame-

ters (i.e., 102M vs 4.1B). The gap is even larger over the same visual backbone, with

CaSED outperforming BLIP-2 on ViT-L (VQA) by +14.3% on Cluster Accuracy, +5.7

in Semantic Similarity, and +6.8% on Semantic IoU. These results highlight the effec-

tiveness of CaSED, achieving the best performance both in terms of semantic relevance

and image grouping.

An interesting observation from the tables is that simply applying CLIP on top of

a pre-defined, large vocabulary, is not effective in VIC. This is due to the challenge of

classifying over a huge search space, where class boundaries are hard to model. This is

confirmed by the results of CLIP with English Words having a larger search space but
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Method Semantic Similarity (x100) ↑
C101 DTD ESAT Airc. Flwr Food Pets SUN Cars UCF Avg.

C
L
IP WordNet 48.6 32.7 24.4 18.9 55.9 49.6 53.7 44.9 28.8 44.2 40.2

English Words 39.3 31.6 19.1 18.6 43.4 38.0 44.2 36.0 19.9 34.7 32.5

C
a
p
ti

o
n

Closest Caption 42.1 23.9 23.4 29.2 40.0 46.9 40.2 39.8 49.2 40.3 37.5
BLIP-2 (ViT-L) 57.8 31.4 39.9 24.4 36.1 44.6 29.0 45.3 46.4 38.0 39.3
BLIP-2 (ViT-g) 63.0 33.1 36.2 24.3 45.2 51.6 31.6 48.3 61.0 44.6 43.9
LLaVA 1.5 (7B) 56.8 29.4 40.5 21.3 31.1 36.9 24.8 42.5 38.1 37.9 35.9

V
Q

A

BLIP-2 (ViT-L) 70.5 34.9 29.7 29.1 48.8 42.0 40.0 50.6 52.4 48.6 44.7
BLIP-2 (ViT-g) 73.5 36.5 31.4 30.8 59.9 52.1 43.9 53.3 65.1 55.1 50.1
LLaVA 1.5 (7B) 72.6 36.7 44.1 29.4 41.8 41.1 36.0 41.9 35.3 46.6 42.6

CaSED 65.7 40.0 32.0 30.3 55.5 64.5 62.5 52.5 47.4 54.1 50.4
UpperCaSED 66.3 40.3 34.9 27.0 56.1 65.0 62.9 53.0 46.5 53.8 50.6

CLIP upper bound 90.8 69.8 67.7 66.7 83.4 93.7 91.8 80.5 92.3 83.3 82.0

Table 3.2: Semantic Similarity (x100) on the ten datasets. Values multiplied by x100
for readability. Green highlights our method and gray the upper bound.

Method Semantic IoU (%) ↑
C101 DTD ESAT Airc. Flwr Food Pets SUN Cars UCF Avg.

C
L
IP WordNet 15.0 3.0 1.3 0.5 31.3 7.8 14.7 9.0 4.8 3.8 9.1

English Words 8.0 2.0 0.0 1.1 16.4 2.0 17.2 8.1 2.7 1.8 5.9

C
a
p
ti

o
n

Closest Caption 4.5 0.8 1.3 1.9 5.9 3.1 3.0 2.3 11.4 1.0 3.5
BLIP-2 (ViT-L) 13.4 1.4 4.8 0.0 7.5 4.7 1.7 4.7 11.6 1.1 5.1
BLIP-2 (ViT-g) 16.8 1.8 4.1 0.1 13.9 7.9 2.9 5.7 24.7 1.9 8.0
LLaVA 1.5 (7B) 13.8 0.87 5.13 0.0 2.9 1.7 0.3 3.5 4.6 1.4 3.4

V
Q

A

BLIP-2 (ViT-L) 36.1 1.8 7.0 0.1 21.5 3.7 5.7 11.5 18.9 2.5 10.9
BLIP-2 (ViT-g) 41.5 2.4 7.5 2.0 38.0 8.6 10.2 13.8 33.2 2.8 16.0
LLaVA 1.5 (7B) 41.4 0.4 6.1 0.0 5.0 3.0 0.7 6.6 1.3 2.0 6.6

CaSED 35.4 5.1 2.3 4.8 33.1 19.4 35.1 17.2 16.2 8.4 17.7
UpperCaSED 37.8 4.6 5.2 4.4 35.2 18.9 34.9 17.8 16.0 7.8 18.3

CLIP upper bound 86.0 52.2 51.5 28.6 75.7 89.9 88.0 66.6 84.5 71.3 69.4

Table 3.3: Semantic IoU on the ten datasets. Green is our method, gray shows the
upper bound.

performing consistently worse than CLIP with WordNet across all metrics (e.g., −7.7

on Semantic Similarity, -3.2% on Semantic IoU).

Captioning models, despite their ability to capture image semantics in challenging

settings, exhibit high variability across images of the same category, resulting in poor

performance on Clustering and Semantic IoU. LLaVA 1.5 (VQA), while generally un-

derperforming compared to BLIP-2 (VQA) and CaSED, does achieve the best results

for cluster accuracy on Caltech-101, DTD, and EuroSAT. However, its performance on

semantic IoU and semantic similarity is not significantly better than other approaches,

and on average, it achieves unsatisfactory results across the ten datasets. These results

highlight the efficacy of CaSED in all metrics. Finally, UpperCaSED consistently im-

proves performance across all datasets, with an average gain of +1.0%, +0.6, and +0.2

on the three metrics w.r.t. CaSED.
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Qualitative results

We report some qualitative results of our method applied on three different datasets,

namely Caltech-101 (fig. 3.4), Food101 (fig. 3.5), and SUN397 (fig. 3.6), where the

first is coarse, and the last two are fine-grained, focusing on food plates and places

respectively. For each, we present a batch of five images, where the first three represent

success cases and the last two show interesting failure cases. Each sample shows the

image we input to our method with the top-5 candidate classes.

From the results, we can see that for many success cases, our method not only

generates the correct class name and selects it as the best matching label, but it also

provides valid alternatives for classification. For example, the third image in fig. 3.4

or the second image in fig. 3.5, where CaSED provides the names “dessert” for the

cheesecake and the label “bird” for the ibis. This phenomenon also happens in failure

cases, where, e.g., the last sample in fig. 3.5 provides both the name “pizza” and the

name “margherita” for the dish, despite selecting the wrong name from the set.

Another interesting observation is that our method provides names for different

objects in the same scene. For instance, the third and fourth samples in fig. 3.5 contain

labels for both “guacamole” and “tortillas” for the first, and for “mozzarella”, “insalata”,

and “balsamic” for the second. A further detail on the latter case is the ability of CLIP

to reason in multiple languages since “insalata” translates to “salad” from Italian to

English.

Regarding failure cases, it is interesting to note that the candidate names and the

predicted label often describe well the input image despite being wrong w.r.t. the dataset

label. For instance, the two failure cases in fig. 3.6 select “stadium” and “dumpsite” when

the ground-truth class names are “football” and “garbage site”. In addition, for the first

case, the exact name “football” is still available among the best candidate names, but

our method considers “stadium” as a better fit. Another example is the last failure case

in fig. 3.4, where the model assigns the name “nokia” to a Nokia 3310 cellphone, while

the ground-truth class name is “cellphone”. Also in this case, the ground-truth label is

present in the candidate list but our method considers “nokia” a more fitting class.

Finally, we notice the discovery of correlations between terms in the reasoning of

our model. In the provided examples, it happens multiple times that the candidate

class names do not describe objects in the scene but rather a correlated concept to the

image. For instance, the third example in fig. 3.4 shows a Dalmatian, and among the

candidate names there is “cruella”, which is the name of the villain of the movie “The

Hundred and One Dalmatians”. Another instance of this appears in the first example of
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Figure 3.4: Qualitative results on Caltech-101. The first three samples represent success
cases, the last two shows failure cases.

Figure 3.5: Qualitative results on Food101. The first three samples represent success
cases, the last two shows failure cases.

Figure 3.6: Qualitative results on SUN397. The first three samples represent success
cases, the last two shows failure cases.

fig. 3.5, where the model correctly associates the “bibimbap” dish to its place of origin,

Korea, with the candidate name “Korean”.

Ablation studies

In this section, we present the ablation study associated with different components of

our approach. We first analyze the impact of our retrieval-based candidate selection and

filtering. Then, we evaluate the impact of the multimodal scoring. We show the results

of CaSED for different databases, and how the number of retrieved captions impacts the

performance. Last, we show the performance of our model with different backbones and

training objectives, and with other commonly used databases for retrieval. In regards
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Candidates Scoring CA S-Sim. S-IoU
Generation Vis. Lang.

Generative [140] ✓ 23.3 47.1 11.9

✓ 41.7 49.3 17.0
Retrieval ✓ 42.7 50.3 17.0

✓ ✓ 43.1 50.4 17.7

(a) Ablation on candidate generation and
scoring.

Database Size CA S-Sim. S-IoU

CC3M 2.8M 34.2 47.9 13.1
WIT 4.8M 34.6 42.9 12.1

Redcaps 7.9M 42.0 49.5 17.2
CC12M 10.3M 44.0 51.3 18.3

YFCC100M* 29.9M 40.7 48.8 17.1
All 54.8M 43.1 50.4 17.7

(b) Ablation on the database.

Table 3.4: Ablation studies. Metrics are averaged across the ten datasets. Green
highlights our setting. Bold represents best, underline indicates second best.

to UpperCaSED, we demonstrate how prompt ensemble improves the performance of

retrieval-based baselines compared to image-text comparison.

Candidates generation. We consider two options to generate the set of candidate

classes. The first uses BLIP-2 (ViT-g), asking for multiple candidate labels for the input

image. The second is our caption retrieval and filtering strategy. Table 3.4a shows the

results where, for fairness, we score both sets with the same VLM (i.e., CLIP ViT-L).

Our approach consistently outperforms BLIP-2 across all metrics (e.g., 41.7 vs 23.3 for

Cluster Accuracy). This confirms the preliminary results of our study in fig. 3.2, with

retrieved captions providing better semantic priors than directly using a powerful VLM.

Candidate filtering. We test different configurations of candidate transformations in

table 3.5. When compared to having no operation for candidate filtering (first row),

the “remove” operations eliminates inappropriate content and increases the accuracy of

clusters by +6.4% and improves the semantic IoU by +0.3. However, we can observe

a drop in semantic similarity by −1.5. This might be due to the removal of unnatural

words that could still describe well the content of the image, i.e., underline- or dash-

separated words, or URLs since they are longer w.r.t. natural words. When we add

standardization operations, we observe a sizeable boost in terms of performances when

compared to the results obtained by applying only removal-related operations, achieving

higher results across all three metrics, and leading to a relative improvement of +7.2%,

+0.7, and +1.2 in terms of cluster accuracy, semantic similarity, and semantic IoU,

respectively. Last, the inclusion of the “filter” set of operations scores the best among

all three metrics when compared to the results obtained when only the previous two

groups of operations are applied.

Multimodal scoring. The second ablation studies the effect of our proposed multi-

modal scoring vs its unimodal counterparts. As table 3.4a shows, multimodal candidate

scoring provides the best results across all metrics, with clear improvements over the

visual modality alone (i.e., +1.4% of Cluster Accuracy). Notably, scoring via language
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Operations
CA S-Sim. S-IoU

Remove Standardize Filter

27.7 48.8 15.0
✓ 34.1 47.3 15.3
✓ ✓ 41.3 48.0 16.5
✓ ✓ ✓ 43.1 50.4 17.7

Table 3.5: Ablation on the candidate filtering operations. Metrics are averaged across
the ten datasets.

Num. captions CA S-Sim. S-IoU Candidates Selected

1 30.9 43.2 12.4 3849 1047
2 35.0 46.4 14.6 6867 854
5 42.3 50.6 17.5 14548 775
10 43.1 50.4 17.7 22475 794
20 42.9 49.3 17.1 28781 802

Table 3.6: Ablation on the number retrieved captions. Green represents our selected
configuration. Alongside the metrics, we show the number of unique words extracted
from captions (i.e., “candidates”) and the number of words selected by CaSED for
classification (i.e., “selected”). Results are averaged across the ten datasets.

only partially fills the gap between visual and multimodal scoring (e.g., +1% on Cluster

Accuracy and +1 on Semantic Similarity), confirming that caption centroids contain

discriminative semantic information.

Retrieval database. We analyze the impact of retrieving captions from different

databases, using five public ones, i.e., CC3M, WIT, Redcaps, CC12M, and a subset of

YFCC100M. The databases have different sizes (e.g., from 2.8M captions of CC3M to

29.9M captions of the YFCC100M subset), and different levels of noise. As shown in

table 3.4b, the results tend to improve as the size of the database increases (e.g., +8.9%

on Cluster Accuracy over CC3M). However, the quality of the captions influences the

performance, with CC12M and Redcaps alone achieving either comparable or slightly

better results than the full database. These results suggest that while performance

improves with the size of the database, the quality of the captions has a higher impact

than the mere quantity.

Number of captions. Finally, we check how performance varies w.r.t. the number

of retrieved captions. As shown in table 3.6, all metrics consistently improve as the

number of captions increases from 1 to 10. After that, performance tends to saturate,

with a slight decrease in terms of Semantic Similarity for K = 20. These results suggest

that while a minimum number of captions is needed to fully capture the semantics of

the image, the possible interference of less-related (or even noisy) captions may impact
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Backbone Size (M) CA S-Sim. S-IoU

ResNet-50 102 32.7 50.1 15.4
ViT-L/14 427 43.5 56.9 21.2

ViT-L/16 (SigLIP-384) 652 47.8 59.4 22.5

Table 3.7: Ablation on CaSED backbone. Results are collected on ImageNet, using
CC12M as the text database. Sizes are taken from [103].

the final performance. Future research may further improve the performance on VIC

by focusing on how to deal with noisy retrieval results. We additionally report the

number of unique candidates extracted by the candidate filtering procedure, averaged

over the ten datasets, and with an increasing number of retrieved captions. In the table,

we show both the number of candidates extracted and the number of selected words.

As the number of retrieved captions increases, the unique number of candidate words

also increases, i.e., from 3849 with 1 caption to 28781 with 20. However, the number

of selected words stabilizes around 800 as soon as we retrieve more than 1 caption.

Having more captions reduces the noises in the selected words, something that might

be present when relying on a single caption.

Backbone architecture. To answer this natural question about whether the outcome

of our model depends on the backbone architecture, we further extend our main results

with a CLIP model with a ResNet50 architecture. We report this additional ablation

in table 3.8, table 3.9, and table 3.10 for the cluster accuracy, the semantic IoU, and

the semantic similarity, respectively. We can see that the performance with the CLIP

ResNet50 is lower across all the metrics compared to CLIP ViT-L/14. This is expected

since ResNet50 is a a smaller architecture, thus with a reduced capacity for seman-

tic representation learning as compared to ViT-L/14. Nevertheless, our method with

ResNet50 is still competitive against BLIP-2 models while using 40x fewer parameters

(note that our ViT-L implementation uses 10x fewer parameters).

We additionally test CaSED considering the more recent CLIP instance trained with

a sigmoid loss [291] on WebLI [33]. For this analyses, we use the smaller CC12M as re-

trieval database instead of PMD, as they achieve comparable performance in table 3.4b.

We report the results in table 3.7 Notably, our approach shows positive changes when

equipped with an higher number of parameters and better training losses, hinting that

larger VLMs can lead to higher VIC performance.

Additional retrieval database. We analyze the impact of retrieving captions from

databases of different scales, expanding our main results with the four unused databases

of PMD, including COCO [159], SBU Captions [191], Localized Narratives [200], and
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Method Cluster Accuracy (%) ↑
C101 DTD ESAT Airc. Flwr Food Pets SUN Cars UCF Avg.

C
L
IP

R
N

5
0

CLIP
WordNet 30.3 18.3 22.5 13.2 47.8 31.4 45.2 26.0 14.2 31.2 28.0

English Words 24.8 17.5 18.5 13.4 49.5 23.1 36.6 22.2 15.5 27.1 24.8

Caption Closest Caption 9.7 7.1 13.3 8.4 21.2 6.2 8.7 6.5 12.8 14.9 10.9

CaSED 44.6 23.9 12.5 15.3 58.8 48.7 50.1 32.8 24.6 33.9 34.5

CLIP upper bound 82.1 41.5 33.5 19.6 63.1 74.6 78.9 55.6 54.9 58.4 56.2

C
L
IP

V
iT

-L
/
1
4 CLIP

WordNet 34.0 20.1 16.7 16.7 58.3 40.9 52.0 29.4 18.6 39.5 32.6
English Words 29.1 19.6 22.1 15.9 64.0 30.9 44.4 24.2 19.3 34.5 30.4

Caption Closest Caption 12.8 8.9 16.7 13.3 28.5 13.1 15.0 8.6 20.0 17.8 15.5

CaSED 51.5 29.1 23.8 22.8 68.7 58.8 60.4 37.4 31.3 47.7 43.1

CLIP upper bound 87.6 52.9 47.4 31.8 78.0 89.9 88.0 65.3 76.5 72.5 69.0

Caption
BLIP-2 (ViT-L) 26.5 11.7 23.3 5.4 23.6 12.4 11.6 19.5 14.8 25.7 17.4
BLIP-2 (ViT-g) 37.4 13.0 25.2 10.0 29.5 19.9 15.5 21.5 27.9 32.7 23.3

VQA
BLIP-2 (ViT-L) 60.4 20.4 21.4 8.1 36.7 21.3 14.0 32.6 28.8 44.3 28.8
BLIP-2 (ViT-g) 62.2 23.8 22.0 15.9 57.8 33.4 23.4 36.4 57.2 55.4 38.7

Table 3.8: Cluster Accuracy on the ten datasets. Green is our method, gray shows
the upper bound. Bold represents best, underline indicates best considering also image
captioning and VQA models.

Visual Genome [123]. Moreover, we evaluate our method on other three databases,

namely Ade20K [304], OpenImages [129], and LAION-400M [218]. These databases

further extend the range of database sizes, with Ade20k containing only 0.07M captions

and LAION-400M having 413M. We report the results in table 3.11, ordering the rows

by the database size. Differently from the tables reported in the main results, the results

in table 3.11 are obtained on ImageNet. We first discuss the databases belonging to

the PMD superset, and then analyze the results obtained with Ade20K, OpenImages,

and LAION-400M. In the table, we also show the POS tag distribution (e.g., nouns,

adjectives, verbs) of each dataset. Moreover, we report a metric, the semantic similarity

to the closest caption in the dataset of each image (C.C. S-Sim) to check how close a

database is to the target one (i.e., ImageNet).

By comparing the nine databases of PMD, we can perceive a non-uniform variation

in performance across databases, with a remarkable gap between the top-5 (highlighted

in blue) and the rest. The performance of the fifth-performing (i.e., WIT) and the sixth

database (i.e., SBU Captions) differs by 12.8% on cluster accuracy, while the difference

between the best-performing (i.e., CC12M) and the fifth is 10.9%. This observation

motivates us to use the top-5 databases from PMD instead of the full superset to be

efficient. We expand the best database with the other top-5 to ensure better coverage

of class names in the textual descriptions.

With the additional databases, i.e., Ade20K, OpenImages, and LAION-400M, we

further notice that there is a correlation between the size of a database and its perfor-

mance. This was also noted in our results reported in the main manuscript. Ade20K,
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Method Semantic IoU (%) ↑
C101 DTD ESAT Airc. Flwr Food Pets SUN Cars UCF Avg.

C
L
IP

R
N

5
0

CLIP
WordNet 9.8 1.9 0.9 0.0 21.2 5.5 14.1 7.3 3.5 2.6 6.7

English Words 5.1 0.8 0.0 0.1 12.4 1.8 13.2 7.8 2.5 1.3 4.5

Caption Closest Caption 3.4 0.5 0.1 1.5 6.6 2.2 2.2 2.1 9.1 0.7 2.8

CaSED 31.1 2.9 0.08 2.8 29.7 15.1 27.6 15.0 13.4 5.2 14.3

CLIP upper bound 81.5 41.4 33.9 16.5 60.2 74.6 78.9 56.9 66.5 57.1 56.8

C
L
IP

V
iT

-L
/
1
4 CLIP

WordNet 15.0 3.0 1.3 0.5 31.3 7.8 14.7 9.0 4.8 3.8 9.1
English Words 8.0 2.0 0.0 1.1 16.4 2.0 17.2 8.1 2.7 1.8 5.9

Caption Closest Caption 4.5 0.8 1.3 1.9 5.9 3.1 3.0 2.3 11.4 1.0 3.5

CaSED 35.4 5.1 2.3 4.8 33.1 19.4 35.1 17.2 16.2 8.4 17.7

CLIP upper bound 86.0 52.2 51.5 28.6 75.7 89.9 88.0 66.6 84.5 71.3 69.4

Caption
BLIP-2 (ViT-L) 13.4 1.4 4.8 0.0 7.5 4.7 1.7 4.7 11.6 1.1 5.1
BLIP-2 (ViT-g) 16.8 1.8 4.1 0.1 13.9 7.9 2.9 5.7 24.7 1.9 8.0

VQA
BLIP-2 (ViT-L) 36.1 1.8 7.0 0.1 21.5 3.7 5.7 11.5 18.9 2.5 10.9
BLIP-2 (ViT-g) 41.5 2.4 7.5 2.0 38.0 8.6 10.2 13.8 33.2 2.8 16.0

Table 3.9: Semantic IoU on the ten datasets. Green is our method, gray shows the
upper bound. Bold represents best, underline indicates best considering also image
captioning and VQA models.

the smallest dataset, comprises only about 0.07M captions and obtains the lowest per-

formance among all metrics. As the size of databases increase, the performance gen-

erally improves. However, it is important to note that dataset size alone is not the

only requirement for good results. LAION-400M is of a much larger size than our split

of PMD, yet the performance with LAION-400M is worse, which we attributes to the

impact of much noisier retrieval from database of such scale. Instead, datasets such as

CC12M and Redcaps perform better than LAION-400M despite being approximately

40x smaller. This finding suggests that the quality of the databases could be of a higher

importance than its size.

Another observation pertains to the differences between captioning and visual ques-

tion answering (VQA) datasets (e.g., COCO, Localized Narratives, and Visual Genome)

w.r.t. image-text datasets collected from the web (e.g., CC12M, Redcaps, and LAION-

400M). In general, it appears that textual descriptions from captioning and VQA

datasets perform worse than datasets scraped from the web. This difference in per-

formance may be due to the type of description provided, as the former often describes

specific regions of the image, while the latter provides a general description of the image

as a whole. Since our prime objective is to understand the class name of the subject

in the image (whether it be a location, a pet, or a car model), captions describing

secondary objects can lead to sub-optimal results.

Interestingly, we found that the average performance on the 10 datasets of a chosen

textual database generally correlates with the accuracy on ImageNet and with the

closest caption semantic similarity (C.C. S-Sim in table 3.11). Examples are the subset
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Method Semantic Similarity (x100) ↑
C101 DTD ESAT Airc. Flwr Food Pets SUN Cars UCF Avg.

C
L
IP

R
N

5
0

CLIP
WordNet 43.2 29.0 18.5 21.6 46.7 44.6 50.3 42.8 26.4 40.0 36.3

English Words 36.0 29.5 14.9 20.0 38.1 34.2 40.7 35.4 18.3 32.4 29.9

Caption Closest Caption 37.2 22.8 14.2 26.8 38.9 41.2 32.6 37.4 44.3 32.4 32.8

CaSED 62.3 36.4 22.6 28.7 52.8 59.0 57.0 50.2 42.9 46.2 45.8

CLIP upper bound 88.1 62.4 52.8 53.9 72.0 83.7 85.8 73.9 81.0 73.9 72.7

C
L
IP

V
iT

-L
/
1
4 CLIP

WordNet 48.6 32.7 24.4 18.9 55.9 49.6 53.7 44.9 28.8 44.2 40.2
English Words 39.3 31.6 19.1 18.6 43.4 38.0 44.2 36.0 19.9 34.7 32.5

Caption Closest Caption 42.1 23.9 23.4 29.2 40.0 46.9 40.2 39.8 49.2 40.3 37.5

CaSED 65.7 40.0 32.0 30.3 55.5 64.5 62.5 52.5 47.4 54.1 50.4

CLIP upper bound 90.8 69.8 67.7 66.7 83.4 93.7 91.8 80.5 92.3 83.3 82.0

Caption
BLIP-2 (ViT-L) 57.8 31.4 39.9 24.4 36.1 44.6 29.0 45.3 46.4 38.0 39.3
BLIP-2 (ViT-g) 63.0 33.1 36.2 24.3 45.2 51.6 31.6 48.3 61.0 44.6 43.9

VQA
BLIP-2 (ViT-L) 70.5 34.9 29.7 29.1 48.8 42.0 40.0 50.6 52.4 48.6 44.7
BLIP-2 (ViT-g) 73.5 36.5 31.4 30.8 59.9 52.1 43.9 53.3 65.1 55.1 50.1

Table 3.10: Semantic similarity on the ten datasets. Green is ours, gray shows the
upper bound. Bold represents best, underline indicates best considering also image
captioning and VQA models.

of PMD and CC12M, achieving the best average results on the 10 datasets according to

all metrics, while being the best on the ImageNet validation set w.r.t. both the closest

caption semantic similarity and the ViC metrics. The ImageNet validation set can thus

be used as a proxy to pick the textual database in case of a lack of priors on the test

set.

For what concerns the POS tag distribution, it is hard to extract any pattern

that justifies the performance of different databases. For instance, CC3M is the only

database without an extreme imbalance for nouns (i.e., 57.9% compared to >96% for

the other in the top-5) while still achieving good performance. Moreover, while the

number of concepts depends on the size of the database, there is no clear correlation

between this value and the achieved scores. As an example, Localized Narratives has a

comparable amount of concepts w.r.t. CC3M but a gap of >20% in cluster accuracy, and

of 10 points in semantic similarity and IoU. Finally, it is worth noting that most of the

datasets have an average of 12.6 words per caption, while Visual Genome has an aver-

age of only 5.1 words per caption. This characteristic may explain why Visual Genome

behaves differently in terms of the database scaling rule of increasing performance with

the database size.

Prompt ensemble. We report the performance of prompt ensembling on all the

retrieval-based baselines, i.e., English Words, WordNet, and CaSED in table 3.12. The

results show consistent improvements across all baselines when using multiple tem-

plates. This outcome is consistent across the three metrics, except for one configura-

tion, i.e., cluster accuracy for English Words. On average, prompt ensemble improves
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Database Size CA S-Sim. S-IoU Nouns (%) Adjs (%) Verbs (%) Concepts C.C. S-Sim.

Ade20K 0.07M 11.0 31.8 1.7 82.7 10.6 6.7 3.1K 19.0
COCO 0.9M 13.8 35.6 2.6 86.1 9.5 4.4 14.6K 22.6

SBU Captions 1.0M 20.1 40.8 5.7 98.0 1.0 0.9 29.3K 26.9
OpenImages 1.4M 16.8 37.8 4.2 85.4 10.0 4.5 21.4K 24.8
Loc. Narr. 1.9M 15.7 37.1 4.1 86.9 9.8 3.2 30.9K 24.9

CC3M 2.8M 37.9 53.9 16.2 57.9 23.6 18.5 28.4K 35.2
WIT 4.8M 32.9 47.9 14.5 99.8 0.05 0.07 163.7K 30.0

Visual Genome 5.4M 14.6 35.2 3.8 75.1 15.6 9.2 21.1K 26.7
Redcaps 7.9M 41.1 54.7 19.6 98.6 0.7 0.6 50.5K 37.5
CC12M 10.3M 43.8 57.4 21.2 96.6 1.8 1.5 36.7K 38.7

YFCC100M* 29.9M 39.1 53.5 18.9 99.7 0.2 0.1 179.6K 37.8
Ours 54.8M 41.5 55.7 20.4 99.8 0.05 0.05 334.1K 38.7

LAION-400M 413.8M 37.7 52.7 18.7 99.4 0.5 0.1 1.68M 37.3

Table 3.11: Ablation on the databases on ImageNet. Green is our database, Blue
shows the top-5 databases of PMD, which we used to create Ours. We also evaluate
the semantic similarity of the closest caption to each image in the dataset (i.e., C.C. S-
Sim.). Bold represents best, while underline second best. YFCC100M* indicates we
use the subset of the dataset used in PMD.

Vocabulary Prompt ensemble CA S-Sim. S-IoU

WordNet
32.6 40.2 9.1

✓ 33.3 41.8 10.1

English Words
30.4 32.5 5.9

✓ 29.6 34.3 7.0
43.1 50.4 17.7

Ours
✓ 44.1 50.6 18.3

Table 3.12: Ablation on prompt ensembling. Results are averaged on the ten classifi-
cation datasets. Green is our configuration.

performance by +0.3% on cluster accuracy, +1.2 on semantic similarity, and +0.9 on

semantic IoU.

Computational cost

We analyze the computational efficiency of CaSED vs BLIP-2 and LLaVA 1.5 per-

forming VQA and captioning, and report their respective number of parameters and

inference time in table 3.13. Notably, the methods using external databases are consis-

tently faster than BLIP-2 and LLaVA. For instance, CaSED achieves a speed-up of 2x

with respect to both the largest captioning model and the largest VQA model, while also

achieving better performance. In a similar fashion, our method is approximately 3.0x

faster than LLaVA 1.5 for VQA and 3.5x for captioning. Overall, the fastest method is

Closest Caption, which exploits the external database to retrieve a single caption and

does not consider any candidate extraction pipeline. Conversely, our method retrieves

the ten most similar captions and post-processes them to extract class name, resulting

in a increase in inference time of approximately 2 times. Compared with the CLIP up-
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Method Num. Params. Inference time (ms) ↓

Caption

Closest Caption 0.43B 1390 ± 10
BLIP-2 (ViT-L) 3.46B 5710 ± 153
BLIP-2 (ViT-g) 4.37B 6870 ± 177
LLaVA 1.5 (7B) 7.49B 8260 ± 20

VQA
BLIP-2 (ViT-L) 3.46B 5670 ± 135
BLIP-2 (ViT-g) 4.37B 6650 ± 117
LLaVA 1.5 (7B) 7.49B 7040 ± 28

CaSED 0.43B 2630 ± 14
CaSED (LAION-400M) 0.43B 2640 ± 11

CLIP upper bound 0.43B 645 ± 77

Table 3.13: Computational cost of different methods. Green is our method, gray
shows the upper bound. Inference time is reported on batches of size 64, as the average
over multiple runs.

per bound, our method considers multiple additional steps, each adding extra inference

time. First, our method retrieves candidates from the external database to then extract

the class names. Second, we have to forward the class names through the text encoder

for each sample, while CLIP can forward them once and cache the features for later

reuse.

When using an external database, note that an increase in database size implies a

minimal variation in retrieval time. This is demonstrated by the computational cost

required by retrieving from the large LAION-400M [218] database. As the results show,

inference time is comparable between CaSED and CaSED (LAION-400M) despite the

latter being approximately 8 times larger.

3.1.5 Related work

Vision-Language Models. Leveraging large-scale datasets with image-text pairs [218,

217, 230], recent works train models by mapping the two modalities into a shared repre-

sentation space [110, 84, 61, 206, 107, 143, 74]. A notable example is CLIP [206] which,

using modality-specific encoders and a contrastive objective to align their output rep-

resentations, showed remarkable performance on zero-shot classification. Subsequent

works improved CLIP by e.g., connecting the two modalities via cross-modal atten-

tion [143], multi-object representation alignment [289], learning from weak-supervision [254]

or unaligned data [230].

Another line of works improved vision-language pre-training for complex vision-

language tasks, such as image captioning and visual question answering (VQA) [276,
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99, 142, 3]. In this context, BLIP [142] exploits web data and generated captions to

supervise pre-training of a multimodal architecture, outperforming existing VLMs on

both captioning and VQA. The current state-of-the-art method BLIP-2 [140] trains a

module connecting the two modalities on top of a frozen visual encoder and a frozen

large-language model, enabling instructed zero-shot image-to-text generation.

In this work, we challenge a fundamental assumption of zero-shot classification with

VLMs: the set of target classes is known a priori. We propose a new task, VIC, which

sidesteps this assumption, performing classification in a language-induced open-ended

space of semantic categories. We show that even BLIP-2 struggles in this scenario

while external multimodal databases provide valuable priors for inferring the semantic

category of an image. As a final note, VIC differs from open-vocabulary recognition

(e.g., [286, 82]) since the latter assumes that the list of target classes is known and

available to the model during inference.

Retrieval augmented models. In natural language processing, multiple works showed

the benefit of retrieving information from external databases, improving the perfor-

mance of large language models [88, 134, 17]. In computer vision, such a paradigm

has been used mostly to deal with the imbalanced distribution of classes. Examples

are [165, 166], addressing long-tail recognition by learning to retrieve training samples

[165] or image-text pairs from an external database [166]. Similarly, [245] retrieves im-

ages from a given dataset to learn fine-grained visual representations. More recently,

retrieval-augmentation has been extended to various types of sources for visual question

answering [100], as well as to condition the generative process in diffusion models [16],

or image captioning [208]. Our work is close in spirit to [166], as we exploit an external

database. However, [166] assumes a pre-defined set of classes (and data) available for

training a retrieval module, something we cannot have for the extremely large semantic

space of VIC. In CaSED, retrieval is leveraged to first create a set of candidate classes,

and to then perform the final class prediction. Moreover, we assume the database

to contain only captions, and not necessarily paired image-text data, thus being less

memory-demanding.

Finally, the performance of retrieval models is largely affected by the employed

database. In the context of VLMs, researchers collected multiple open datasets to

study vision-language pre-training. Two notable examples are LAION-5B [218], col-

lected by filtering Common Crawl [53] via CLIP, and the Public Multimodal Datasets

(PMD) [230], collecting image-text pairs from different public datasets, such as Con-

ceptual Captions [222, 26], YFCC100M [242], Wikipedia Image Text [235], and Red-

caps [62]. In our experiments, we use a subset of PMD as database and investigate how
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classification performance varies based on the size and quality of the database.

3.2 Semantic segmentation with Vision Language Mod-

els

3.2.1 The problem

Large-scale Vision Language Models (VLMs) [206, 276, 142] have revolutionized the

field of computer vision, connecting multimodal information in an unprecedented man-

ner. One peculiar aspect of these models is their zero-shot transfer capabilities: for

instance, CLIP [206] showed outstanding classification results in multiple datasets, even

if not being explicitly trained for the task at hand. This lead to extending VLMs to

other discriminative tasks, such as semantic segmentation [151, 264, 277] or object de-

tection [173, 127], where their multimodal nature allows to perform such tasks in an

“open-vocabulary” manner, i.e., where the (finite) set of categories can be dynamically

defined by the user.

In the previous chapter, we aimed to challenge the latter assumption and perform

classification tasks with VLMs without a set of target categories (i.e., the vocabulary)

pre-defined by the user (see fig. 3.1). This has many practical advantages as this

lack of priors often arises when working with autonomous agents in unconstrained

environments. At the same time, it inherits various challenges as (i) the search space

encompasses all possible existing semantic concepts, even very fine-grained ones that

are difficult to discriminate and possibly ambiguous; (ii) we need classification models

that do not rely on vocabulary-aware supervision, to avoid potential biases on the sub-

part of the vocabulary within the training data. We named this task Vocabulary-free

Image Classification (VIC).

Our approach exploits two core elements: multimodal representations from a con-

trastive VLM, i.e., CLIP [206], and the information included in large scale Vision Lan-

guage Databases (VLD), e.g., PMD [230]. For classification, given an image we retrieve

its closest captions in a VLD, encoding both input and captions via the CLIP en-

coders. We then parse these captions to obtain a set of candidate class names for the

input. We encode the candidates via the text encoder of CLIP, scoring them accord-

ing to their similarity with the visual input and the centroid of the retrieved captions,

performing multimodal matching. We named this approach Category Search from Ex-

ternal Databases (CaSED). On a variety of VIC benchmarks, CaSED achieves higher
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performance than computationally more expensive VLMs for VQA.

To further demonstrate the effectiveness of our proposed approach, in this chapter

we extend CaSED for the task of Vocabulary-free Semantic Segmentation (VSS). In

contrast to the limited nature of image-level classification, often overlooking objects

in the background, semantic segmentation aligns with the challenges of unconstrained

environments, containing unforeseen objects that cause ambiguities in defining a fixed

set of classes. In particular, when faced with the absence of predefined categories, the

segmentation task becomes more complex, prompting questions about the appropriate

granularity, e.g., whether to segment object parts or the entire object itself. Moreover,

segmentation poses new challenges for CaSED, given the tendency of Vision Language

Models to recognize foreground objects and ignore the background, and the object-

centric nature of internet-sourced captions.

In this context, we explore different strategies: the first is to use an off-the-shelf

segmenter to obtain an initial set of masks. CaSED can then assign a semantic label to

each mask independently. A second strategy is to do the opposite: CaSED can provide

estimates of the semantic categories that can then be processed by an open-vocabulary

segmentation model. Finally, we may avoid any external segmentation model and

only employ a single pre-trained VLM, without additional fine-tuning. Encoding non-

overlapping patches separately and classifying their content may seem a good strategy,

but we found that it leads to noisy results because a single patch cannot capture the

surrounding visual context. To address this issue, we first encode local information of

the image by dividing it into cells of different sizes and processing them via CLIP. These

multi-scale representations are then accumulated locally to obtain a more precise dense

visual representation. The latter undergoes the same CaSED processing, retrieving a

set of captions and candidate categories for each local representation. We then apply

multimodal scoring on each cell, obtaining the final, dense semantic prediction. We

name this approach DenseCaSED. Experiments show that DenseCaSED and CaSED

variants outperform various semantic segmentation models in multiple benchmarks,

without requiring any training procedure.

To summarize, the contributions of this work are:

• We extend the tasks of VIC to VSS, where the goal is to segment images without

any pre-defined set of target categories, operating directly on an unconstrained

semantic space. We define specific metrics for these tasks, capturing the seman-

tic between predictions and ground-truth labels, providing a reference for future

research.
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• We extend Category Search from External Databases, a training-free method for

VIC, for VSS, presenting three variants. While two of them couple CaSED with

pretrained segmentation models, the third, DenseCaSED directly exploits a VLM

and multi-scale image processing to obtain local visual representations, that are

used to retrieve and score candidates at a local level, providing a dense semantic

map of the input without any class priors or training.

• Our extensive evaluation on different benchmarks (i.e., PascalVOC-20 [66], PAS-

CAL Context-59 [185], and ADE20K-150 [305]) and different VLM-based models,

demonstrate the efficacy of CaSED and DenseCaSED for VSS, highlighting the

potential of VLM plus retrieval as a pipeline for semantic categorization tasks

with an unconstrained vocabulary.

3.2.2 The proposed setting

Preliminaries. Let us denote as X ⊂ R
N×3 the image space, where N is the number

of pixels. Moreover, we can define as C a set of class labels. These labels are semantic

entities in the much larger space of all possible semantic concepts S, i.e., C ⊂ S. A

segmenter, is a function f mapping pixels to semantic labels in C, with f : X → CN .

While f is usually trained on paired samples of images and labels, this approach is

costly and does not scale with the cardinality of C, as it may require expensive manual

annotation. VLMs [206, 106] removed the need for explicit annotations, measuring

similarities between image and text descriptions, i.e., fVLM : X × T → R, with T the

textual space. In this way, we can perform classification by:

f(x) = argmax
c∈C

fVLM(x, ϕ(c)) (3.8)

where ϕ(c) denotes a text concatenation, merging a static text template, or prompt,

with a class name. Segmentation is achieved in a similar manner, computing the sim-

ilarity between text and local image representations [151]. Note that this does not

require any training and the model can classify/segment images into new categories de-

fined at test time without retraining, performing zero-shot transfer. Nevertheless, this

approach assumes that the set of categories C is given a priori by a user. In the previous

chapter, we described Vocabulary-free Image Classification (VIC) to overcome this lim-

itation in classification. Here, we introduce its counterpart Vocabulary-free Semantic

Segmentation (VSS) for segmentation.

Task definition. The goal of the vocabulary-free settings is to either classify (VIC)
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or segment (VSS) an image x without any prior knowledge about C. Specifically, this

means operating directly on the vast semantic space S, which encompasses all semantic

concepts. For VIC, we aim to devise a function f : X → S that maps an image to a

semantic label within S. Similarly, for VSS, the target function is f : X → SN mapping

images to semantic maps. Note that, at test time, f relies solely on the input image x

and a broad repository of semantic concepts approximating S.

Challenges. Both VIC and VSS share the challenge of identifying which semantic

categories in the large set C are present in the input image [48]. In particular, VSS

is hard as C contains a lot of potential distractors, i.e., concepts related to the ones

in the image but not present. Examples are couch vs sofa, tv vs monitor, but also

different animal species of plants. Thus, addressing VSS requires models with fine-

grained recognition capabilities. On the other hand, a model may also segment two

regions using synonyms (e.g., lawn vs grass, road vs highway): these cases need to be

disambiguated to obtain coherent segmentation masks. This also relates to other issues,

such as the granularity of the segmentation masks (e.g., parts vs entire objects), or the

object-centric focus of VLMs and internet-sourced captions. The latter, tend to ignore

objects or elements in the background, making it hard to provide extremely fine-grained

segmentation masks.

In the next sections, we describe how we address these challenges by (i) constrain-

ing the output space via external captions; (ii) disambiguating semantic concepts via

multimodal matching, and (iii) propagating local features.

3.2.3 The proposed approach

In the following, we quickly review Category Search from External Databases (CaSED) [48],

for tackling VIC. The method leverages the power of large Vision Language Databasess

(VLDs) to find the best matching category within an unconstrained semantic space.

Then, we present how CaSED can be extended to semantic segmentation, either by

application on top of pretrained segmentation network or by modifying how CLIP pro-

cesses the input image (DenseCaSED).

Category Search from External Databases

CaSED is built on two modules: (i) candidate categories generation an (ii) multimodal

scoring of the list of candidates.

Candidate category generation. We initially narrow down the vast classification

space S to few probable candidate classes. Given an input x, we use the pre-trained

66



Chapter 3. Unsupervised inference

VLM fVLM and an external image captions database D to retrieve a subset Dx ⊂ D of

K closest captions to the input image as

Dx = top-k
d∈D

fVLM(x,d) = top-k
d∈D

⟨f v
VLM(x), f

t
VLM(d)⟩, (3.9)

where f v
VLM : X → Z and f t

VLM : T → Z are the visual and textual encoders of the VLM,

respectively, and Z is their shared embedding space. The operation ⟨·, ·⟩ computes the

cosine similarity between the two. Our approach can accommodate varying database

sizes and is not dependent on the specific form of D. We then extract a finite set of

candidate classes Cx from Dx using basic text parsing and filtering techniques.

Multimodal candidate scoring. We score each candidate in the set Cx using both

visual and textual semantic similarities via the VLM encoders to identify the best-

matching class for the input image. We denote svc as the visual score of each candidate

category c, computed as the similarity between the visual representation of the input

image and the textual representation of the candidate name:

svc = ⟨f
v
VLM(x), f

t
VLM(c)⟩. (3.10)

To mitigate the modality gap in the space Z, we introduce a unimodal text-to-text

scoring. Denoting the centroid d̄x of the retrieved captions, the text-based matching

score stc is:

d̄x =
1

K

∑

d∈Dx

f t
VLM(d), (3.11)

stc = ⟨d̄x, f
t
VLM(c)⟩. (3.12)

We obtain the final score sc for each candidate c by merging the two scores, as:

sc = α σ(svc) + (1− α) σ(stc) (3.13)

where σ(·) is the softmax operation on the two scores of each candidate class, and α

is a hyperparameter. The output category is fCaSED(x) = argmaxc∈Cx
sc. CaSED, is

training-free, uses a pre-trained and frozen VLM, and is flexible for various architectures

and databases.

CaSED for Vocabulary-free Semantic Segmentation

To extend CaSED for the task of semantic segmentation, we can follow three strategies.

The first is to exploit an available class-agnostic segmentation model [117], extract
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Figure 3.7: We extend CaSED to Semantic Segmentation following three strategies: (a)
a class-agnostic segmenter (SAM) segments all objects, then CaSED labels each mask
independently; (b) CaSED provides candidate categories for the image that are fed
as input to an open-vocabulary segmentation model (SAN); (c) DenseCaSED, where
we directly accumulate visual features from multi-scale patches, and perform CaSED
locally.

segmentation masks and then assigning them a label via CaSED, independently. The

second does the opposite: the initial set of candidates generated by CaSED is the

input to an open-vocabulary segmentation network [264]. While these strategies lead

to good results but they require the additional computational cost of using another

segmentation network. We thus propose a third approach which generates local visual

representations directly from patches of the input image. In the following, we describe

the three strategies.

Coupling CaSED with segmentation networks

Assigning semantics to class-agnostic masks with CaSED. Let us assume to

have a class-agnostic segmentation network fSEG that, given as input an image x maps

it to a set of k segmentation masks M = {m1, · · · ,mk}. Note that these masks have no

semantic attached, and the number of masks k may be input dependent [117]. From the

masks, we extract a set of image regions R = {r1, · · · , rk}, e.g., by cropping around the

relative mask. We can then attach a semantic to each region using CaSED, propagating

the prediction to the pixels of the relative mask. Given a pixel x ∈ x that assigned

to mask mi ∈ M by fSEG, its semantic label is simply fCaSED(ri). The rationale behind

this approach is that the semantic of a pixel is the one assigned by CaSED to an image

extracted from the mask the pixels belong to.

Candidates generation with CaSED for Open-Vocabulary Segmentation. The

main limitation of the previous approach is that extracting meaningful image regions

from masks may require solutions that exploit VLM priors on object localization (e.g.,

circle drawing [226]). To sidestep this problem, we can invert the pipeline by first

obtaining candidate class-names using CaSED and then segmenting the image using
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an open-vocabulary segmentation model, e.g., [263]. Specifically, an open-vocabulary

segmentation model takes as input an image and a set of possible labels Y ⊆ S and

maps them to a segmentation mask, assigning pixels to elements of Y , i.e., fOV−SEG :

X × Y → YN . As we will show experimentally in section 3.2.4, if we do not take into

account the challenges of VSS and set Y = S, we obtain poor segmentation results.

This is mainly due to the extremely large cardinality of S, requiring to distinguish local,

fine-grained differences of potentially similar semantic concepts.

To overcome these challenges, we follow the rationale behind CaSED, restricting

the search space by estimating a set of candidate classes. Thus, given an image x, we

define a set of candidates Cx by filtering a set of captions Dx, with the latter obtained

as in eq. (3.9). We then feed the set Cx as input to the open-vocabulary segmentation

network and obtain the relative segmentation mask as fOV−SEG(x, Cx).

DenseCaSED

The previous approaches rely on the presence of an additional (pretrained) semantic

segmentation model, and the assumption that the module is not biased toward partic-

ular input distributions. Here we propose a different strategy, directly exploiting the

available VLM.

The approach applies CaSED to local image representations, as done with the class-

agnostic strategy previously described. As we do not have access to masks, we need

to define local image regions that we can feed as input to the VLM. To obtain such

representations, We divide the image in multiple grids, where each grid has n2. For

simplicity, we choose n to be powers of 2, i.e., n ∈ {1, 2, 3}. We also replicate the grids

by shifting them vertically and/or horizontally by a stride equal to half the size of a grid

cell. This creates a hierarchy of patches where neighboring patches are likely to belong

to the same super patch and therefore their representation (loosely) depends on each

other. This helps in embedding contextual information in the aggregated pixel-level

representation.

Formally, let us denote the visual representation of a pixel i in x as li. Moreover,

let us denote as {g1
i , · · · , g

N
i } all patches that contain i. The local representation li,j is

then

li =
1

N

N∑

q=1

f v
VLM(g

q
i ). (3.14)

Note that we divide the aggregated value for each pixel by the number of times it was

forwarded within a cell. As these local representations are already encoded using a
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VLM, we can retrieve the most relevant set of captions to a cell from a VLD D using

the cosine similarity of the embeddings, as:

Dli = top-k
d∈D

⟨li, f
t
VLM(d)⟩, (3.15)

For each cell in g ∈ Gg, we follow the pipeline of CaSED, by (i) filtering Dl̂ to obtain

the corresponding set of candidates Cg; (ii) computing the visual score as in eq. (3.10)

but using l̂ as visual representation; (iii) compute the textual scoring as in eq. (3.12)

with Dl̂ as set of captions; (iv) merging the two scores to compute the final multimodal

one, as in eq. (3.13). The CaSED predictions on accumulated local visual features are

then propagated to the whole cell, producing the final segmentation mask. We name

this approach DenseCaSED.

Note that this approach is not only training-free but does not use any segmentation

network, relying only on a contrastive-based VLM. Moreover, accumulating local cells

representations across scales allows to model the context in which a cell appears while

enforcing a consistent vocabulary across neighboring cells. This latter aspect is impor-

tant in VSS, as modeling cells in isolation may lead to inconsistent choices of labels in

the large search space (e.g., “sofa” vs “couch”) leading to lower segmentation results.

3.2.4 Experimental results

Experimental protocol

Datasets. We experiment with three datasets: Pascal VOC [66] (VOC-20), PASCAL

Context-59 [185] (CTX-59), and ADE20K-150 [305] (ADE-150). As opposed to [263,

262, 152], we do not use COCO Stuff [22], as it is used for training and all the considered

baselines and methods are training-free.

Evaluation metrics. To address the openness of VSS, we extend two popular metrics

for open-vocabulary semantic segmentation, namely Jaccard Index (JI) and Recall (R).

We will refer to the metrics as Hard JI (HJI) and Hard Recall (HR). For their soft

variants, we replace the binary “hard” values (i.e., zero and one) with the semantic

similarity between predicted and ground-truth word. The Soft Jaccard Index (SJI),

directly accounts for this similarity at pixel-level. Formally, for a pixel p with label

y and prediction ĉ = f(p), the textual similarity is computed as ⟨g(ĉ), g(y)⟩, where

the function g : T → Y maps text to an embedding space Y . As in [48], we use

Sentence-BERT [209] as g. Similarly, Soft Recall (SR) expands the recall metric with

the semantic proximity of the predicted and ground-truth classes in the image.
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Furthermore, we introduce two variants of the JI, i.e., Nearest Jaccard Index (NJI)

and Overlap Jaccard Index (OJI) to account for cases where proposed words may not

perfectly align with the annotations due to linguistic ambiguities or to specificity of

the proposed segmentation masks, i.e., part vs whole cases (e.g., predicting “head” and

“shirt” on two parts of a “person”). We propose to map predicted names to ground-truth

ones, evaluating the traditional JI on the projected predicted mask. More formally,

given the predicted segmentation mask C and its ground-truth mask Y , we extract

the lists of predicted names LC ∈ C and the ground-truth names LY ∈ Y . We then

create a mapping M : LC → LY , so that each predicted word is mapped to one

ground-truth word. The criteria behind this mapping is the main difference between

NJI and OJI. In the former, we use textual similarity between predictions and the list

of annotated words. In the latter, we directly evaluate the co-occurrence of predictions

and annotations in the pixel space.

Baselines. We consider two groups of baseline methods for comparison. The first

exploits SAM [117] to first extract regions and then propose region-based candidate

names via retrieval or generation with, e.g., English Words or BLIP-2. The second uses

a open-vocabulary semantic segmentation model in the absence of the pre-defined list of

class names for the dataset, requiring the ad-hoc generation with traditional vocabulary-

free methods. In this context, we employ SAN [263] as it offers a minor variation from

the CLIP architecture, incorporating only an auxiliary network to address the task

on the pre-trained backbone. For both groups, we report results with the same set

of baselines of VIC, without the captioning baselines. We also report results when

CaSED is used for vocabulary generation. For all main experiments, we use CLIP with

the ViT-L/14 backbone.

Implementation details. We conduct our experiments on NVIDIA A6000 GPUs, us-

ing mixed-precision for efficiency. We use a subset of PMD [230] as our database, which

includes five of its largest datasets: Conceptual Captions (CC3M) [222], Conceptual

Captions 12M (CC12M) [26], Wikipedia Image Text (WIT) [235], Redcaps [62], and

the portion of YFCC100M* [242] curated for PMD. For retrieval, we embed the database

with the CLIP text encoder f t
VLM, using a fast indexing technique, i.e., FAISS [109]. The

hyperparameter α in eq. (3.13) and the number of retrieved captions K are the same

of CaSED. DenseCaSED introduces a single hyperparameter, i.e., the grid sizes to crop

the input image. We empirically set N = {2, 4, 8} to have a final dense pixel map of

16×16, for a total of 256 sub-regions for each input image. For computational efficiency,

we use FastSAM [299] in place of SAM for segmentation.
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Method VOC-20
Jaccard Index Recall

HJI NJI OJI SJI HR SR

S
A

M

English words 4.2 12.1 48.9 11.1 5.4 30.4
WordNet 4.9 14.5 48.2 12.5 6.1 35.9

BLIP-2 (ViT-L) 15.8 19.2 31.7 17.2 33.4 60.6
BLIP-2 (ViT-g) 15.1 17.5 27.2 16.4 33.1 61.7
LLaVA 1.5 (7B) 18.3 18.9 29.3 17.5 41.6 63.6

S
A

N English words 5.8 18.6 48.4 13.8 7.2 38.1
WordNet 7.2 19.3 46.4 15.7 8.7 45.3

SAM + CaSED 13.7 17.5 44.6 15.5 20.1 48.0
SAN + CaSED 26.9 30.2 53.2 20.8 34.2 61.8
DenseCaSED 20.5 20.3 32.2 18.5 31.4 61.8

Table 3.14: Semantic segmentation on PascalVOC-20. Green are our methods.

Quantitative results.

We report results on table 3.14, table 3.15, and table 3.16. Our experiments consis-

tently demonstrate that English Words and WordNet are sub-optimal for the task,

independently of whether a method first segment the image into regions of interest and

then classify (i.e., SAM-based methods), or first generates candidate names and then

segment (i.e., SAN-based methods). With SAM, the best approach exploits LLaVA

1.5 (7B) followed by BLIP-2 (both ViT-L and ViT-g), generally achieving comparable

results across the six metrics and three datasets, with, e.g., 12.7 and 12.3 on NJI, and

50.8 and 47.3 on SR, respectively. The strongest method consists of using SAN with

CaSED to generate a custom list of candidates for each image and then segment with

the open-vocabulary segmentation model. When compared with more naive approaches,

i.e., English Words or WordNet for retrieval, SAN with CaSED improves by, e.g., about

+12.9 on HJI and +17.0 on HR. SAN with CaSED and the best SAM-based approaches

generally performs comparably on recall metrics, whether hard or soft. Notably, Dense-

CaSED, despite not including any component pre-trained for semantic segmentation,

achieves and sometimes surpasses all the SAM-based approaches, even achieving the

highest scores on hard and soft recall, i.e., +0.9% and +1.4% against SAN with CaSED.

Due to the coarse nature of the segmentation mask, however, DenseCaSED falls behind

against methods trained for open-vocabulary semantic segmentation, while keeping an

edge against SAM-based methods. Specifically, it achieves −2.3 and −1.0 on HJI and

SJI against SAN with CaSED, but improves on average by +4.4 and +1.8 against SAM
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Method CTX-59
Jaccard Index Recall

HJI NJI OJI SJI HR SR

S
A

M

English words 1.0 6.4 40.2 8.9 2.5 27.0
WordNet 1.0 8.7 39.6 9.6 2.5 28.9

BLIP-2 (ViT-L) 7.0 10.5 28.4 12.1 16.1 42.7
BLIP-2 (ViT-g) 6.5 10.3 27.4 12.0 15.5 44.4
LLaVA 1.5 (7B) 9.1 12.0 29.7 12.9 21.4 48.3

S
A

N English words 1.2 8.0 34.9 10.3 2.7 30.7
WordNet 2.0 9.4 33.0 11.2 3.6 33.6

SAM + CaSED 7.5 11.0 38.2 11.5 11.2 39.4
SAN + CaSED 15.5 16.2 38.1 14.7 20.8 46.9
DenseCaSED 13.4 13.1 32.6 13.9 20.8 48.6

Table 3.15: Segmentation on PASCAL Context-59. Green highlights our methods.

with LLaVA (7B) or BLIP-2.

Qualitative results.

We report some qualitative results of CaSED for semantic segmentation, taking the best

models in each group: of SAM with LLaVA 1.5 (7B), SAN with WordNet as vocabulary,

and our localizer-free model for VSS, DenseCaSED. We report some output examples in

fig. 3.8, fig. 3.9, and fig. 3.10. From a segmentation perspective, it is notable how SAM

achieves the best segmentation masks, despite missing some more local objects, e.g., it

misses all the objects except the cat in the first example of fig. 3.9, or the horse in the

first example of fig. 3.10. Moreover, it sometimes misclassifies one object for another

(e.g., it considers the table as a “car” in the second example of fig. 3.10, or the aisle in

the airplane as “staircase” in the second example of fig. 3.8, or assigns the label “tree” to

the sky and the car in fig. 3.9). In some other cases, the most correct label for a region

is assigned to a near segmentation mask, for instance in the second examples in fig. 3.10

where it assigns “woman” to the hair and the wall behind the person, or “bottle” to the

arm holding the bottle in the same example. We highlight that, nevertheless, SAM +

LLaVA 1.5 (7B) is the model with the highest number of parameters overall, using two

large-scale foundation models to address VSS.

Differently from SAM, SAN tends to segment whole objects instead of parts, e.g.,

first and second example in fig. 3.8, where it divides the image into foreground and

background, or completely merge floor and ceiling of the airplane. Moreover, given

73



3.2. Semantic segmentation with Vision Language Models

Method ADE-150
Jaccard Index Recall

HJI NJI OJI SJI HR SR

S
A

M

English words 2.2 4.5 31.2 6.3 3.3 27.4
WordNet 2.3 6.3 30.9 6.4 3.5 27.45

BLIP-2 (ViT-L) 5.0 7.7 24.7 7.7 10.5 36.5
BLIP-2 (ViT-g) 4.9 8.2 23.9 7.7 10.9 37.8
LLaVA 1.5 (7B) 6.2 7.1 24.2 7.8 14.4 40.4

S
A

N English words 2.2 4.5 19.2 7.2 3.6 30.5
WordNet 2.8 5.1 19.1 7.5 4.8 32.9

SAM + CaSED 6.1 7.7 29.4 7.4 10.0 35.2
SAN + CaSED 7.2 7.5 20.8 8.7 11.3 40.9
DenseCaSED 8.6 9.1 24.1 8.8 16.8 43.6

Table 3.16: Semantic segmentation on ADE20K-150. Green are our methods.

the labels selected by SAN, it looks like the model tend to assign the most out-of-

context words compared with SAM with LLaVA 1.5 (7B) and DenseCaSED. As an

example, SAN assigns the word “Erin” to the person in the second example of fig. 3.10,

or “Cumberland Gap” to the landline in the second example in fig. 3.9. Other examples

include “pantile” or “westbound” assigned to the sky in the first example of fig. 3.8 and

in the second example of fig. 3.9. Some of these issues are fixed when using CaSED to

generate the vocabulary, as shown by the better quantitative results achieved in Tab.

4-6 by SAN + CaSED. Finally, compared to the SAM segmentation masks, the outputs

presents slightly more noise on the edges, where regions are not perfectly segmented

but are more approximate.

Compared to the previous approaches, our method shows more coarse segmentation

masks mainly due to the lack of any segmentation model to generate them. This is

noticeable in, e.g., the first example of fig. 3.8, where the chimney and the sky have no

clean separation, or in the second example of fig. 3.9, where the sky is not completely

segmented as a single object. Moreover, it tends to propose larger amount of regions,

e.g., first example of fig. 3.9, where the cat is separated into “cat”, “ear”, and “whisker”, or

in the second example of fig. 3.10, where the woman is segmented as “hair” and “shirt”.

Note, however, that DenseCaSED is the only method to correctly classify and segment

subtle details like the “cup” in the left part of the second example of fig. 3.10, or the

horse and grass in the first example of the same figure. Despite the coarse segmentation

masks, our model provides more contexualised labels, e.g., “plane”, “ceiling”, “airline”,
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“aisle”, and “aircraft” for the airplane aisle in the second example of fig. 3.8 (SAM and

SAN selects labels such as “chair”, “air travel”, and “hair”), or “cat”, “whisker”, and “ear”,

in the first example of fig. 3.9 (SAN selects “tabby”, “gitana”, “Freya”, and “soporific” as

labels).

To conclude, all methods show their peculiarities, with SAM presenting the cleanest

segmentation masks but sometimes undersegmenting objects, SAN having the most

efficient implementation but showing sub-optimal performance with vocabularies out-

of-distribution (i.e., outside of the common words used for semantic segmentation, as

also shown by its weakness against “distractor” words), and DenseCaSED recognising

also smaller objects but resulting in the most coarse segmentation masks. These results

confirm the challenges of VSS, and the need of developing methods tailored to this task.

3.2.5 Related work

Vision Language Models. The recent surge in models that map image-text pairs

into a shared representation space has been largely driven by the availability of large-

scale datasets [218, 217, 230]. These models [110, 84, 61, 206, 107, 143, 74] employ

modality-specific encoders and a contrastive objective to align the output representa-

tions of the two modalities. A prime example of this approach is CLIP [206], which has

demonstrated impressive results in zero-shot classification tasks. Further enhancements

to CLIP have been proposed, including the integration of cross-modal attention [143],

multi-object representation alignment [289], learning from weak-supervision [254], and

leveraging unaligned data [230]. A separate stream of research has focused on enhanc-

ing vision-language pre-training for more intricate vision-language tasks, such as image

captioning and visual question answering (VQA) [276, 99, 142, 3, 160]. Within this

domain, BLIP [142] uses web data and generated captions to guide the pre-training

of a multimodal architecture, surpassing existing VLMs in both captioning and VQA

tasks, and LLaVA [160] aligns and CLIP vision encoder and LLAMA large-language

model [244] to reason on visual inputs.

Here, we question a core premise of zero-shot classification with VLMs: the prior

knowledge of the target classes. We present VIC, that bypasses this assumption, per-

forming classification within an open-ended, language-induced space of semantic cat-

egories. In this setting, even advanced methods like BLIP-2 [140] struggle, whereas

caption databases offer valuable priors for deducing the semantic class of an image. It

is important to distinguish VIC from open-vocabulary recognition (e.g., [286, 82]), as

the latter still operates assuming that the list of target classes is known and accessible
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3.2. Semantic segmentation with Vision Language Models

(a) SAM + LLaVA 1.5 (7B)

(b) SAN + WordNet

(c) DenseCaSED

Figure 3.8: Qualitative results of Vocabulary-free Semantic Segmentation methods on
ADE20K-150. For visualisation purposes, we visualise only the top-6 most prominent
regions.
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(a) SAM + LLaVA 1.5 (7B)

(b) SAN + WordNet

(c) DenseCaSED

Figure 3.9: Qualitative results of Vocabulary-free Semantic Segmentation methods on
PASCAL Context-59. For visualisation purposes, we visualise only the top-6 most
prominent regions.
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(a) SAM + LLaVA 1.5 (7B)

(b) SAN + WordNet

(c) DenseCaSED

Figure 3.10: Qualitative results of Vocabulary-free Semantic Segmentation methods on
PascalVOC-20. For visualisation purposes, we visualise only the top-6 most prominent
regions.
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to the model during inference.

Retrieval augmented models. In the field of natural language processing, a number

of studies have demonstrated the advantages of retrieving information from external

databases to enhance the performance of large language models [88, 134, 17]. This ap-

proach has also found applications in computer vision, particularly in addressing the is-

sue of class imbalance. For instance, some works have focused on long-tail recognition by

learning to retrieve training samples [165] or image-text pairs from an external database

[166]. Another study, [245], retrieves images from a specific dataset to learn fine-grained

visual representations. More recently, the concept of retrieval-augmentation has been

expanded to various types of sources for visual question answering [100], as well as

to condition the generative process in diffusion models [16], and even image caption-

ing [208].

Our work shares similarities with [166] in that we also utilize an external database.

However, unlike [166] which assumes a pre-defined set of classes (and data) available

for training a retrieval module, our approach does not make this assumption due to the

vast semantic space of VIC. In our method, CaSED, we use retrieval to first generate

a set of candidate classes, and then to perform the final class prediction. Furthermore,

we assume the database to contain only captions, and not necessarily paired image-text

data, thus making our approach less memory-intensive.

Semantic segmentation. The earliest works tackling semantic segmentation with an

open vocabulary learns a joint embedding space between pixels and class names [257,

21, 35, 298]. After the surge in image-text models such as CLIP [206], the paradigm

shifted towards exploiting such web-scale pre-trained models as priors to tackle the

problem [82, 151, 264, 277]. All prior works on the task assume a fixed pre-defined list

of candidate names to address the task of semantic segmentation. Such simplification,

however, is unrealistic for real-world applications, where, e.g., a pre-defined list of class

names is restrictive and not exhaustive for most scenarios. Different from previous

approaches, we aim to tackle a more challenging setup where this list of class names is

unavailable and must be inferred from the input.

Recently, we formalized a similar task for image classification [48] and our objec-

tive is to expand such scenario to dense classification tasks. The most similar work to

our proposed task of Vocabulary-free Semantic Segmentation is zero-guidance segmen-

tation [210]. Differently from them, we formalize the Vocabulary-free Semantic Seg-

mentation, strengthening the evaluation protocol, proposing principled metrics for the

vocabulary-free scenario, and reusing traditional semantic segmentation benchmarks to

assess the performance of multiple baselines methods.
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3.3. Classification with Large Multimodal Models

3.3 Classification with Large Multimodal Models

3.3.1 The problem

Image classification aims to assign a label to an image. This widely studied task relies

on a key assumption: the categories are fixed and known in advance, a setting known

as the closed world. However, the latter is often restrictive in real-world applications

where new categories can emerge, requiring to expand the label set [13], recognize unseen

concepts [81], or both [14]. Despite its limitations, this assumption has historically been

useful, enabling supervised training and straightforward evaluation on labeled data.

With the rise of Large Multimodal Models (LMMs) [162, 141, 11] processing images and

text, this constraint is no longer necessary. Instead of choosing from a fixed list, LMMs

can answer open-ended prompts such as “What is the object in the image?”, recognizing

virtually any semantic concept. From this perspective, closed-world classification is an

artificial limitation that restricts a model’s expressive capabilities rather than reflecting

its true potential.

While some studies have explored classification with LMMs, they have either fo-

cused on the closed-world setting [163] or relied on limited metrics to assess perfor-

mance: checking whether the ground truth label appears in the model’s prediction [296].

However, this metric provides a limited view of classification performance. It fails to

account for alternative correct answers (e.g., sofa instead of couch), while also over-

looking real mistakes (e.g., confusing can with trash can). Evaluating models in the

open world presents additional challenges, as predictions may differ in granularity (e.g.,

dog vs pug), or conflict with annotation ambiguities (e.g., bedroom vs bed). These is-

sues highlight the need for a more comprehensive evaluation framework to assess the

open-world capabilities of LMMs.

In this work, we address this gap by formalizing the Open-World (OW) classification

task and introducing four complementary metrics: (i) text inclusion [296], evaluating

string matching, (ii) Llama inclusion which leverages Llama [86], to distinguish good

and bad responses, as in LLM-as-a-judge [302], (iii) semantic similarity [48] between

text embeddings of predictions and ground truth, and (iv) concept similarity, doing the

same at the level of sentence parts. Using these metrics, we evaluate 13 models across

10 benchmarks spanning different levels of granularity, from prototypical, coarse cate-

gories (e.g., Caltech101 [71]) to fine-grained (e.g., Flowers102 [189]), very fine-grained

(e.g., Stanford Cars [122]), and non-prototypical ones (e.g., DTD [46]). Our results

(aggregated in fig. 3.11) show that these models often predict semantically related con-
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Figure 3.11: We extensively test 13 Large Multimodal Models (LMMs) for Open-World
(OW) classification on 10 datasets using four evaluation metrics. We show that LMMs
outperform contrastive-based approaches in OW (CaSED [48], and CLIP [205] with
image-to-text retrieval) but still lag behind closed-world models with fixed categories
(CLIP [205], dashed line).
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cepts (even better than previous, contrastive-based alternatives [48]), demystifying the

skepticism against LMMs on OW classification. However, LMMs also make notable

errors, being far from closed-world baselines.

While the nature of the problem makes analyzing the severity of the mistakes hard,

we find that different behaviors on different metrics can pinpoint sources of errors. In

particular, mismatches in concept similarity and Llama inclusion uncover errors in the

granularity of the predictions (i.e., correct but generic) or very similar categories easy to

confuse (i.e., wrong but specific). We show how the former can be addressed via tailored

prompting, while the latter via implementing reasoning strategies. Finally, we further

analyze cases where the metrics identify a mistake and, using tagging models [101],

check if predictions are incorrect only due to the single-label nature of the datasets.

Contributions. To summarize, our contributions are:

• We formalize a comprehensive evaluation protocol for the task of Open-World

classification with LMMs, using 4 different metrics capturing both semantic and

text alignment of predictions with the ground truth.

• We perform the first, large-scale assessment of LMMs on this task, using 13 models

on 10 benchmarks, showing promising results yet multiple challenging cases.

• By combining the different metrics, we investigate the root of the models’ mis-

takes, identifying various issues (e.g., wrong granularity, fine-grained discrimina-

tion, labeling ambiguities) and showing how changes in the models (e.g., prompts,

reasoning) can reduce them.

• We use these results to draw conclusions on the source of errors that future re-

search should account for when using these models, releasing our evaluation suite

to encourage future research efforts on addressing them.

3.3.2 The proposed setting

In this section, we first formalize the setting of OW classification with LMMs, clarifying

its goal and terminology w.r.t. related works (section 3.3.4). We then discuss how to

evaluate performance in this setting, describing the different metrics and what they

capture (section 3.3.2). Last, we provide details on the datasets and models considered

in our analyses (section 3.3.2) before showing their results (section 3.3.2).
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Preliminaries

Classification with LMMs. Let us define an LMM as a function fLMM generating a

text output y in the space T given an image x in the space X and a text query q ∈ T ,

i.e., fLMM : X × T → T . To perform classification with LMMs, the query q contains a

prompt of the type “What type of object is in this image?” and we expect the output

y to be a semantic class Y ⊂ T . In the case of closed-world classification, we have a

predefined list C of classes and we modify q by specifying the set C (e.g., via a multi-

choice question). In OW we let the LMM predict naturally on its original output space

T , without any constraint. As a consequence, the model can pick from the set Y of all

possible semantic concepts, with C ⊂ Y and |C| ≪ |Y|.

Relationships with prior problem definitions. While we followed [296] and used

open-world to define this setting, the term can be ambiguous. The traditional definition

of OW recognition [14] refers to a different problem, where a model trained to recognize

C classes should do so whether an instance belongs to an unknown one u /∈ C and

learn to recognize u. Other works refer to this task as vocabulary-free classification [48]

due to the absence of a predefined vocabulary, open-ended recognition [278] due to

the lack of constraints, or avoided any specific terminology in the context of multi-label

recognition [280]. While these different definitions closely relate to each other, we follow

[296], clarifying that OW here refers only to the lack of constraints in the output space

of the LMMs.

Metrics

Evaluating open-world recognition with LMMs is challenging as, even if we have a

ground truth, we have no guarantee that the model will output the same name when

correct (e.g., sofa vs couch), especially as the model may produce an undesired wordy

output (e.g., the object in the image is a sofa). These potential variations require

specific evaluation criteria, accounting for different types of (mis)alignment between

the prediction and the ground truth. Below, we describe the four metrics we consider

for this task.

Text inclusion (TI). This metric, adopted in [296], refers to whether the ground truth

is contained in the model’s prediction. Specifically, let us define as y the ground truth

and as ŷ the model’s prediction. Text inclusion score is defined as:

TI(y, pr) =

{

1 if y ⊆ ŷ,

0 otherwise
(3.16)
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where, in this context, ⊆ refers to string inclusion. This metric assesses whether the

predictions strictly adhere to the ground truth label but over-penalizes whether the two

are semantically coherent (e.g., the prediction labrador would be considered wrong for

the label labrador dog).

Llama inclusion (LI). This metric evaluates whether the prediction aligns with the

ground truth label based on the internal knowledge of a Large Language Model (LLM).

Specifically, we employ Llama 3.2 3B [244] with the following prompt:

Llama inclusion instruction

You are a model that determines whether an answer is a good reply to a question

given also its target value.

This is the question: What type of object is in this image?

This is the answer: %s

This is the target value: %s

If the answer describes the target, reply positively. If the answer includes

the target value or a synonym of it, reply positively. If the target is generic but

it is related to the answer, reply positively. Reply only with “1” if yes, or “0” if

no.

The score is 0 or 1, depending on the LLM’s answer. This is similar to methods that

use LLM/LMM-as-a-judge [302, 27], but is specifically adapted to OW classification.

Semantic similarity (SS). Unlike previous metrics that assess alignment with the

ground truth in a binary manner, SS captures the degree of semantic similarity on a

continuous scale between 0 and 1. To achieve this, we employ a semantic similarity

metric. Following [48], we define similarity as ⟨gemb(ŷ), gemb(y)⟩, where gemb is a text

embedding function, and ⟨·, ·⟩ denotes cosine similarity. As in [48], we use Sentence-

BERT [209] for computing embeddings.

Concept similarity (CS). By considering the prediction as a whole, the semantic

similarity previously defined ignores whether parts of the sentence (e.g., elephant) are

closer to the ground truth (e.g., animal) than the sentence as a whole (e.g., a photo

of an elephant in the room). To address this, we consider CS as an additional metric,

defining it as:

max
p∈split(ŷ)

⟨gemb(p), gemb(y)⟩ (3.17)

where split is a sentence splitting procedure that, in our case, is implemented via
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Prototypical Non-prototypical

Model TI LI SS CS TI LI SS CS

Idefics2 [132] 8B 30.8 52.7 54.5 63.1 3.7 27.9 35.4 41.3
InstructBLIP [58] Vicuna 7B 29.7 56.3 56.8 64.0 6.0 27.1 37.0 42.0
InternVL2 [39, 38] 2B 36.9 69.9 46.9 70.4 10.2 45.2 31.6 53.4
InternVL2 [39, 38] 4B 36.3 68.5 46.5 70.8 10.1 42.1 30.8 53.1
InternVL2 [39, 38] 8B 40.6 74.4 48.2 74.0 11.0 46.2 31.9 53.9
LLaVA-1.5 [162] 7B 34.6 63.1 45.3 65.8 8.6 44.3 33.0 49.5
LLaVA-NeXT [135] (Mistral 7B) 41.7 73.9 45.9 74.3 11.3 46.8 31.2 54.4
LLaVA-NeXT [135] (Vicuna 7B) 39.5 72.8 46.2 73.2 10.6 45.9 31.1 54.2
LLaVA-OV [136] (Qwen2 0.5B) 34.4 64.4 54.0 67.3 7.3 37.0 32.8 47.0
LLaVA-OV [136] (Qwen2 7B) 30.8 53.2 56.1 62.0 7.2 28.1 31.6 43.8
Phi-3-Vision [2] 34.1 60.1 47.7 65.1 6.0 28.7 26.0 39.5
Qwen2VL [253] 2B 44.9 77.8 52.2 74.7 7.8 34.3 27.7 42.7
Qwen2VL [253] 7B 46.4 78.7 51.9 76.0 10.3 42.6 30.8 49.8

Open-world baselines

CaSED [48] 24.5 46.3 58.9 59.8 5.4 18.6 41.8 42.4
CLIP retrieval 28.6 42.9 40.2 60.6 7.5 24.6 28.1 43.4

Closed-world baselines

CLIP [205] 76.4 91.5 56.0 73.6
SigLIP [290] 81.8 90.5 61.7 76.1

Fine-grained Very Fine-grained

Model TI LI SS CS TI LI SS CS

Idefics2 [132] 8B 3.0 49.9 38.0 41.7 0.0 67.0 29.6 33.6
InstructBLIP [58] Vicuna 7B 10.4 48.8 35.6 47.2 0.0 61.0 30.0 34.3
InternVL2 [39, 38] 2B 14.9 47.0 31.6 50.7 0.7 32.9 33.1 43.9
InternVL2 [39, 38] 4B 16.2 44.4 32.0 52.0 1.7 36.8 33.8 44.2
InternVL2 [39, 38] 8B 22.3 46.7 34.8 56.7 2.3 32.5 36.0 49.4
LLaVA-1.5 [162] 7B 8.4 46.5 28.2 44.8 0.0 41.0 28.6 37.6
LLaVA-NeXT [135] (Mistral 7B) 26.8 43.7 35.3 60.1 1.4 47.2 34.2 46.9
LLaVA-NeXT [135] (Vicuna 7B) 16.9 44.5 32.2 53.2 1.3 42.2 34.5 46.1
LLaVA-OV [136] (Qwen2 0.5B) 6.0 42.7 38.5 43.3 0.6 65.6 30.5 37.1
LLaVA-OV [136] (Qwen2 7B) 6.4 40.4 39.0 43.8 0.0 76.7 31.9 32.4
Phi-3-Vision [2] 13.4 49.1 31.8 47.2 0.2 45.0 28.9 36.0
Qwen2VL [253] 2B 35.7 62.5 40.7 63.4 12.9 60.7 45.1 62.3
Qwen2VL [253] 7B 34.6 64.0 39.2 62.9 0.8 63.0 34.5 43.4

Open-world baselines

CaSED [48] 27.4 46.6 60.7 61.7 0.7 47.1 38.5 38.5
CLIP retrieval 32.4 45.4 42.9 65.4 7.0 18.1 39.7 56.1

Closed-world baselines

CLIP [205] 85.0 89.6 51.7 73.6
SigLIP [290] 92.6 95.1 69.2 89.1

Table 3.17: OW results averaged on the grouped datasets. TI stands for text inclusion,
LI for Llama inclusion, SS for semantic similarity, and CS for concept similarity. Higher
is better, bold indicates best.
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Dataset Images Classes

Caltech101 [71] (C101) 2,465 100
DTD [46] 1,692 47
EuroSAT [93] (ESAT) 8,100 10
FGVCAircraft [177] (FGVC) 3,333 100
Flowers102 [189] (FLWR) 2,463 102
Food101 [19] (FOOD) 30,300 101
OxfordPets [195] (PETS) 3,669 37
Stanford Cars [122] (CARS) 8,041 196
SUN397 [259] (S397) 19,850 397
UCF101 [234] (U101) 3,783 101

Table 3.18: Summary details of the datasets used in our analyses.

spaCy 6.

Dataset and models

Datasets. Following previous works [48, 228, 306], we analyze four different challenges:

coarse-grained (or prototypical), non-prototypical, fine-grained, and very fine-grained

classification. For the prototypical classification, we include standard benchmarks

such as Caltech101 [71] for objects and SUN397 [259] for places. The non-prototypical

set comprises datasets that either lack nouns or involve non-standard domains. This

includes DTD [46] (textures), UCF101 [234] (actions), and EuroSAT [93] (satellite

images). The fine-grained set consists of datasets where classes belong to a shared su-

perclass and/or are challenging to distinguish. These include Flowers102 [189] (flowers),

Food101 [19] (food), and OxfordPets [195] (animals). Finally, the very fine-grained

set comprises datasets where categories are not only within the same subclass but also

highly difficult to differentiate. This includes StanfordCars [122], where labels specify

car brands, models, and years of production, and FGVCAircraft [177], which catego-

rizes aircraft models. We report a summary table of these datasets in table 3.18; for all

these datasets, we used the same training and test splits used in previous works [48].

Models. We perform our evaluation considering 13 state-of-the-art LMMs of 8 types,

including Idefics2 [132], InstructBLIP [58], InternVL2 [39, 38], LLaVA-1.5 [162], LLaVA-

NeXT [136], LLaVa-OV [136], Phi-3-Vision [2], Qwen2VL [253]. We choose these

models as they are publicly available and widely adopted by the community. These

models encompass different design choices such as the vision encoder (e.g., CLIP [205],

6We use the model available at https://spacy.io/models/en#en_core_web_lg
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SigLIP [290], BLIP-2 [141]), language model (e.g., Mistral [108], Vicuna [42], Qwen2 [253]),

data types (e.g., instruction following, multilingual, textbook-based), and pre-training

strategies (e.g., single vs multi-stage). Unless otherwise stated, we query the model

with the same prompt of [296], i.e., “What type of object is in this image?”, letting the

models perform unconstrained generation. We report a summary of the models and

their differences in table 3.19.

References. As a reference, we consider baselines based on contrastive Vision Lan-

guage Models. Specifically, we report results using CLIP [205] and SigLIP [290] in the

closed-world setting, where the models can access the list of target class names. Addi-

tionally, we include two baselines that adapt CLIP to the OW setting by formulating

image classification as a retrieval task. The first retrieves the closest caption from a

predefined database, while the second, CaSED [48], leverages retrieved captions to gen-

erate a list of candidate classes for the final prediction. For both baselines, we use the

same retrieval database as in [48].

Are LMMs good at OW classification?

In this section, we analyze the performance of LMMs in an OW setting, with results

summarized in table 3.17 and extensively presented for each dataset and metric, i.e., text

inclusion in table 3.20, Llama inclusion in table 3.21, semantic similarity in table 3.22,

and concept similarity in table 3.23.

Prototypical classification. LMMs perform best on prototypical classes, with high

scores in inclusions and similarities. They consistently outperform CaSED and CLIP

retrieval on inclusion metrics and are generally comparable or superior on similarity

scores.

Non-prototypical classification. Performance drops significantly, with the highest

LI score at 46.8, nearly 15 points lower than closed-world CLIP. Predictions are also

less semantically indicative of the target class, with an average CS of 49.3, much lower

than the prototypical case (69.2).

Fine-grained classification. Greater variation is observed among different models,

ranging from 41.7 to 63.4 in concept similarity. In this group, LMM predictions are

slightly less accurate than those of CaSED and CLIP retrieval.

Very fine-grained classification. Many models achieve a TI of 0.0, except for

Qwen2VL 2B, which scores 12.9 due to the exceptional performance of FGVAircraft

(25.6 vs 4.6 for the second-best model). Most LMMs underperform CLIP retrieval in

CS, suggesting an issue due to granularity.

87



3.3. Classification with Large Multimodal Models

Model Vision Enc Language
Enc

Training Pre-training

Idefics2 [132] SOViT (SigLIP),
0.4B params; max
980x980.

Mistral 7B Interleaved web docs,
image-caption pairs
(LAION-COCO), OCR
data; fine-tuned on 50
curated datasets.

Joint dual encoder
training with Perceiver
pooling for vision-text
alignment.

InstructBLIP

[58]
ViT-g (BLIP-2),
1.1B params;
224x224.

Vicuna 7B 26 datasets transformed
into instruction-tuning
format: captioning,
VQA, image genera-
tion.

Two-stage pre-training:
Vision-language align-
ment via BLIP-2
and instruction-aware
Query Transformer for
task-specific feature
extraction.

InternVL2

[39]
InternViT (cus-
tom), 0.3B
params (or 6B for
larger models);
dynamic resolu-
tion, max 40 tiles
of 448×448.

Qwen2 0.5B
(for 1B and
2B versions),
or InternLM2
8B (for 8B
version).

Interleaved image-text,
multilingual OCR,
mathematical charts;
strict quality control.

Progressive training:
masked video modeling,
cross-modal contrastive
learning, and next-
token prediction with
spatiotemporal focus.

LLaVA-1.5

[162]
ViT-L (CLIP),
0.3B params;
336x336.

Vicuna 7B 158K multimodal
instruction-following
samples; pre-trained
on filtered CC dataset
(596K image-text
pairs).

Frozen vision encoder
during feature align-
ment stage; end-to-end
fine-tuning.

LLaVA-NeXT

[135]
ViT-L (CLIP),
0.3B params;
336x336,
672x672,
336x1344, and
1344x336.

Mistral 7B, or
Vicuna 7B

Diverse tasks, including
multi-image and video
understanding.

Builds on LLaVA with
extended ViT and
additional multimodal
datasets for improved
generalization.

LLaVA-OV

[136]
SOViT (SigLIP),
0.4B params; dy-
namic resolution
(AnyRes-9), max
2304x2304.

Qwen2 0.5B, or
Qwen2 7B

Single-image and video
scenarios with task
transfer capabilities;
diverse visual bench-
marks.

Pre-trained with bal-
anced visual token rep-
resentation across sce-
narios to enable task
transfer.

Phi-3-Vision

[2]
ViT-L (CLIP),
0.4B params; dy-
namic resolution,
max 1344x1344.

Phi-3 Mini
(3.8B params)

Synthetic data, fil-
tered public docs,
high-quality interleaved
text-image data, math-
/code examples.

Multi-stage training:
custom vision encoder
aligned with Phi-3
Mini language model
using interleaved and
fine-grained tasks.

Qwen2VL

[253]
ViT (custom),
0.6B params; dy-
namic resolution
(Naive Dynamic
Resolution), no
max.

Qwen2 1.5B, or
Qwen2 7B

Multilingual datasets:
MathVista, DocVQA,
RealWorldQA; supports
videos (20+ min) and
multilingual text in
images.

Pre-trained with dy-
namic resolution ViT
for flexible input sizes
and multilingual align-
ment strategies.

Table 3.19: Summary details of the models used in our analyses.
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Textual inclusion
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Idefics2 [132] 8B 52.0 1.7 1.6 0.0 0.8 8.2 0.1 0.0 9.6 7.9 8.2
InstructBLIP [58] Vicuna 7B 47.8 3.0 5.5 0.0 6.0 24.3 0.8 0.0 11.6 9.6 10.9
InternVL2 [39, 38] 2B 52.8 10.8 7.4 1.4 14.1 23.3 7.2 0.0 21.1 12.4 15.0
InternVL2 [39, 38] 4B 49.6 11.8 6.0 3.4 12.8 28.2 7.8 0.0 23.0 12.7 15.5
InternVL2 [39, 38] 8B 55.0 12.5 6.0 4.6 19.1 33.9 13.8 0.1 26.3 14.4 18.6
LLaVA-1.5 [162] 7B 51.6 6.0 11.7 0.1 6.7 17.6 1.1 0.0 17.6 8.2 12.1
LLaVA-NeXT [135] (Mistral 7B) 58.0 13.6 7.4 2.8 17.6 35.5 27.1 0.0 25.4 13.0 20.0
LLaVA-NeXT [135] (Vicuna 7B) 54.9 12.2 7.2 2.5 11.9 29.6 9.4 0.0 24.0 12.5 16.4
LLaVa-OV [136] (Qwen2 0.5B) 53.4 9.2 4.2 1.2 2.9 12.6 2.5 0.1 15.5 8.7 11.0
LLaVa-OV [136] (Qwen2 7B) 55.5 12.6 4.9 0.0 14.2 5.0 0.1 0.0 6.2 4.0 10.2
Phi-3-Vision [2] 53.4 10.9 0.8 0.4 12.0 21.6 6.5 0.1 14.7 6.5 12.7
Qwen2VL [253] 2B 60.8 12.1 0.4 25.6 42.9 48.5 15.7 0.1 29.0 10.8 24.6
Qwen2VL [253] 7B 63.2 15.7 2.7 1.4 42.3 49.3 12.1 0.1 29.5 12.5 22.9

Open-world baselines

CaSED [48] 35.5 5.1 3.0 1.4 28.1 19.4 34.6 0.0 13.5 8.1 14.9
CLIP retrieval 42.6 7.5 6.6 14.0 40.6 26.4 30.3 0.0 14.7 8.4 19.1

Closed-world baselines

CLIP [205] 87.1 52.6 42.7 27.2 76.9 89.9 88.1 76.2 65.6 72.7 67.9
SigLIP [290] 93.6 60.8 42.1 46.0 88.2 94.1 95.4 92.3 69.9 82.1 76.5

Table 3.20: Text inclusion on the ten datasets. Higher is better, bold indicates best.

Llama inclusion
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Idefics2 [132] 8B 72.9 24.6 19.0 64.4 54.6 58.7 36.3 69.6 32.5 40.1 47.3
InstructBLIP [58] Vicuna 7B 76.8 26.2 19.1 59.9 57.4 47.6 41.3 62.0 35.8 36.0 46.2
InternVL2 [39, 38] 2B 74.9 48.5 35.0 35.8 49.3 44.3 47.4 30.0 64.9 52.1 48.2
InternVL2 [39, 38] 4B 74.4 45.7 30.1 40.5 37.5 45.9 49.7 33.1 62.5 50.4 47.0
InternVL2 [39, 38] 8B 77.2 50.5 28.6 29.7 36.0 53.7 50.4 35.3 71.5 59.6 49.3
LLaVA-1.5 [162] 7B 74.5 39.4 45.0 44.5 46.3 47.7 45.5 37.5 51.6 48.5 48.1
LLaVA-NeXT [135] (Mistral 7B) 77.8 54.0 28.0 43.4 33.4 63.2 34.6 50.9 69.9 58.3 51.4
LLaVA-NeXT [135] (Vicuna 7B) 77.3 52.2 26.4 43.1 29.2 60.6 43.6 41.2 68.2 59.1 50.1
LLaVa-OV [136] (Qwen2 0.5B) 76.5 46.5 28.7 61.2 55.1 28.1 44.9 70.0 52.2 35.8 49.9
LLaVa-OV [136] (Qwen2 7B) 81.3 45.6 11.8 68.9 48.9 22.0 50.2 84.4 25.0 27.0 46.5
Phi-3-Vision [2] 75.7 45.3 6.0 51.0 53.2 45.1 49.1 39.0 44.5 34.7 44.4
Qwen2VL [253] 2B 82.9 54.6 3.1 65.0 67.0 71.1 49.3 56.3 72.6 45.2 56.7
Qwen2VL [253] 7B 84.3 60.8 18.1 58.8 71.0 75.0 46.0 67.2 73.0 48.8 60.3

Open-world baselines

CaSED [48] 57.7 16.7 7.3 30.7 46.0 35.1 58.7 63.5 34.9 31.7 38.2
CLIP retrieval 55.3 28.2 12.7 25.8 44.6 35.4 56.2 10.4 30.5 32.9 33.2

Closed-world baselines

CLIP [205] 87.1 52.6 42.7 27.2 76.9 89.9 88.1 76.2 65.6 72.7 67.9
SigLIP [290] 93.6 60.8 42.1 46.0 88.2 94.1 95.4 92.3 69.9 82.1 76.5

Table 3.21: Llama inclusion on the ten datasets. Higher is better, bold indicates best.
Note that the scores for CLIP closed-world equals the textual inclusion scores.
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Semantic similarity

Model C
10

1

D
T

D

E
S
A

T

F
G

V
C

F
L
W

R

F
O

O
D

P
E

T
S

C
A

R
S

S
39

7

U
19

1

Avg.

Idefics2 [132] 8B 64.9 34.6 27.5 27.6 38.6 44.4 30.8 31.6 44.2 44.0 38.8
InstructBLIP [58] Vicuna 7B 71.5 32.8 30.0 21.4 38.9 41.6 26.4 38.5 42.1 48.3 39.1
InternVL2 [39, 38] 2B 50.5 25.6 26.0 23.4 31.2 39.6 23.9 42.9 43.3 43.1 34.9
InternVL2 [39, 38] 4B 49.2 26.1 24.7 23.6 30.2 41.1 24.6 44.1 43.8 41.8 34.9
InternVL2 [39, 38] 8B 50.1 26.7 24.4 25.5 32.8 44.2 27.3 46.6 46.3 44.6 36.8
LLaVA-1.5 [162] 7B 49.0 24.2 34.2 19.0 25.8 37.2 21.5 38.2 41.7 40.7 33.1
LLaVA-NeXT [135] (Mistral 7B) 48.2 27.7 23.9 23.6 30.2 45.3 30.3 44.8 43.6 42.1 36.0
LLaVA-NeXT [135] (Vicuna 7B) 49.2 27.9 23.1 23.4 29.3 43.0 24.4 45.7 43.3 42.3 35.1
LLaVa-OV [136] (Qwen2 0.5B) 64.7 28.8 21.6 21.0 41.4 42.7 31.4 40.0 43.2 47.9 38.3
LLaVa-OV [136] (Qwen2 7B) 68.7 32.2 19.4 29.4 37.5 41.7 37.8 34.4 43.4 43.2 38.8
Phi-3-Vision [2] 53.6 28.5 12.3 18.8 30.9 40.1 24.3 39.0 41.8 37.3 32.7
Qwen2VL [253] 2B 56.4 27.0 13.5 32.8 43.7 50.6 27.8 57.4 47.9 42.7 40.0
Qwen2VL [253] 7B 55.8 28.5 20.7 20.6 41.8 50.6 25.1 48.5 48.1 43.2 38.3

Open-world baselines

CaSED [48] 65.3 39.9 32.2 30.0 55.6 64.1 62.4 47.1 52.4 53.4 50.2
CLIP retrieval 41.3 23.6 22.4 30.7 40.3 46.7 41.7 48.8 39.1 38.5 37.3

Closed-world baselines

CLIP [205] 90.8 69.9 67.7 66.7 83.4 93.7 91.8 80.5 92.2 83.3 82.0
SigLIP [290] 97.8 75.6 63.1 80.0 92.0 96.4 96.8 98.1 83.1 89.6 87.3

Table 3.22: Semantic similarity on ten datasets. Higher is better, bold indicates best.
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Idefics2 [132] 8B 76.3 38.5 30.9 29.7 41.5 48.4 35.3 37.5 49.9 54.6 44.3
InstructBLIP [58] Vicuna 7B 75.3 39.1 31.6 28.6 43.6 60.0 37.9 40.0 52.6 55.3 46.4
InternVL2 [39, 38] 2B 75.7 48.0 52.9 36.8 49.5 60.8 41.9 50.9 65.1 59.4 54.1
InternVL2 [39, 38] 4B 76.1 48.6 51.5 37.9 51.0 63.0 41.9 50.5 65.4 59.1 54.5
InternVL2 [39, 38] 8B 78.7 49.7 49.1 42.5 56.9 67.1 46.0 56.2 69.2 62.9 57.8
LLaVA-1.5 [162] 7B 72.1 41.3 51.6 29.0 41.6 56.8 35.9 46.2 59.4 55.5 48.9
LLaVA-NeXT [135] (Mistral 7B) 79.8 51.0 49.5 37.5 55.1 70.0 55.3 56.3 68.7 62.7 58.6
LLaVA-NeXT [135] (Vicuna 7B) 79.0 50.1 50.8 37.1 51.3 65.8 42.4 55.0 67.4 61.8 56.1
LLaVa-OV [136] (Qwen2 0.5B) 77.8 45.1 39.9 30.6 42.4 50.0 37.5 43.5 56.7 55.9 47.9
LLaVa-OV [136] (Qwen2 7B) 79.1 47.0 41.0 29.4 51.7 41.9 37.8 35.4 44.9 43.3 45.1
Phi-3-Vision [2] 74.1 44.0 25.3 29.1 43.0 58.3 40.3 42.9 56.1 49.1 46.2
Qwen2VL [253] 2B 79.4 47.3 24.2 56.0 67.9 75.7 46.7 68.6 70.0 56.6 59.2
Qwen2VL [253] 7B 81.3 50.4 39.8 30.8 68.8 76.9 43.1 56.0 70.6 59.1 57.7

Open-world baselines

CaSED [48] 65.9 39.8 32.2 29.9 55.6 66.5 62.9 47.1 53.7 55.1 50.9
CLIP retrieval 63.9 38.1 37.8 50.7 62.3 67.8 66.1 61.5 57.3 54.4 56.0

Closed-world baselines

CLIP [205] 90.8 69.9 67.7 66.7 83.4 93.7 91.8 80.5 92.2 83.3 82.0
SigLIP [290] 97.8 75.6 63.1 80.0 92.0 96.4 96.8 98.1 83.1 89.6 87.3

Table 3.23: Concept similarity on ten datasets. Higher is better, bold indicates best.

90



Chapter 3. Unsupervised inference

Overall trends. Across ten datasets, CLIP retrieval outperforms 9/13 models in TI,

but LMMs consistently achieve higher Llama inclusion scores. CaSED ranks highest

in semantic similarity due to its concise responses, while CLIP retrieval remains com-

petitive. These results confirm insights from previous works, such as the influence of

data exposure on coarse-grained categories [296, 163]. Additionally, stronger language

models (e.g., Mistral, Qwen) tend to yield better results than weaker counterparts (e.g.,

Vicuna). LMMs generally outperform contrastive models in OW classification, leading

in 11/16 metric/groups. However, top-performing models in one metric may struggle

in others–for example, Qwen2VL 7B excels in LI on very fine-grained datasets, while

InternVL2 8B and LLaVA-OV (Qwen2 7B) show different strengths in prototypical

classification: e.g., +21.2 LI of the first on the second but -7.9 SS.

While these results are promising, the gap with closed-world models is still large, i.e.,

CLIP [205], SigLIP [290]. To better understand OW predictions, in the next section,

we further explore what the proposed metrics metrics capture.

3.3.3 Experimental results

Interpreting model predictions through inclusion and similarity scores

To underscore the importance of jointly evaluating inclusion and similarity scores, we

present qualitative results demonstrating how their combined analysis offers deeper

insights into LMM failures. Figure 3.12 showcases qualitative results from various

datasets, displaying ground truth class labels alongside model predictions. For instance,

the case of Caprese salad illustrates this distinction: more descriptive predictions like

creamy sauce, which LI considers incorrect, receive a relatively higher CS score than

food, which is deemed correct by LI. This emphasizes that, despite creamy sauce being

semantically closer to the ground truth, the label is wrong according to Llama due to

its lack of alignment with the ground truth. Similar behavior is present in the other

examples.

To reinforce our previous point, fig. 3.13 illustrates the relationship between LI and

CS, highlighting the distinct contributions of these two metrics. Predictions in the

top-right quadrant correspond to concepts that are semantically close to the ground

truth and are also likely to be considered correct by LI (e.g., cellphone with predictions

such as mobile phone and Nokia). In contrast, the bottom-left quadrant represents

the opposite case. For instance, in the same plot, handheld device—while somewhat

related to cellphone and receiving a nonzero CS score–is still deemed incorrect by LI.

Similarly, in the Caesar salad example, the prediction food appears in the bottom-right

91



3.3. Classification with Large Multimodal Models

Figure 3.12: Per-image examples of model predictions. Bold indicates the ground
truth class names. For visualization purposes, we show only the predictions with the
highest/lowest concept similarity. Blue and red indicate positive and negative Llama
inclusion values.

quadrant, as it is correct but overly generic. Meanwhile, pasta salad, being more specific

yet incorrect, falls into the top-left quadrant.

Grouping model predictions

Following the intuition from above, we analyze the performance of LMMs defining

four different groups of predictions: correct and specific, correct but generic (e.g., dog

vs pug); wrong but specific, predicting classes semantically similar to the target (e.g.,

pug vs pomeranian); and wrong and generic, i.e., where the prediction is semantically

dissimilar from the target (e.g., sofa vs dalmatian). To define these groups, we split the
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Figure 3.13: Per-class examples of model predictions. Bold indicates the ground truth
class names. On the x-axis we report the average LI, and on the y-axis the average
CS. For visualization purposes, we show the most frequent concepts predicted for each
quadrant.
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Idefics2 8B
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(c) Fine-grained (d) Very fine-grained

Figure 3.14: Types of model predictions per dataset groups. We indicate
with blue correct and specific and correct but generic predictions, and with red
wrong but specific and wrong and generic mistakes.

model predictions into four sets by thresholding the LI and CS scores. We arbitrarily

set the CS threshold at 0.6 to distinguish between generic and specific responses and the

LI threshold at 0.5 to separate correct and wrong responses7. We visualize the ratios

for the predictions in fig. 3.14. Intuitively, a good LMM should have an high amount

of predictions as correct and specific. When not possible, however, having an equally

high correct but generic ratio is still better than having errors of any form.

In terms of optimal predictions, we see that the best-performing models vary accord-

ing to dataset groups. For prototypical classification, the models with the lowest error

are InternVL 8B, Qwen2VL 2B, and Qwen2VL 7B. For non-prototypical tasks, instead,

LLaVA 1.5 7B performs best, but InternVL 2B and InternVL 8B provide slightly more

precise predictions. For fine-grained, trends are similar to the prototypical groups but

with fewer correct and more generic responses. This is most evident for Idefics2 8B,

7Note that LI is either 0 or 1 on a per-sample basis, but it ranges between the two when considering
aggregated results, e.g., average per class.
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Dataset
Agreement

High (%) Medium (%) Low (%)

C101 71.4 15.8 12.8
S397 34.3 33.0 32.8
U101 33.8 26.8 39.5
FOOD 32.6 27.5 39.9
DTD 23.3 29.1 47.6
FLWR 13.9 25.5 60.6
ESAT 6.1 21.8 72.1
PETS 5.5 16.1 78.4
CARS 1.5 21.9 76.6
FGVC 0.1 4.0 96.0

Table 3.24: Agreement of LMMs correct predictions across datasets. Low indicates
that less than 30% of the models predicted a sample correctly, while high indicates that
more than 70% did.

which works fairly well on fine-grained classification but provides responses lacking

specificity. On very fine-grained, we perceive higher rates of wrong and generic, with

more generic predictions across all models. Notably, Qwen2VL models perform better

in the last two settings. On average, the models with the highest wrong predictions

are LLaVA-OV 7B and InstructBLIP Vicuna 7B. The model that is, on average, more

generic in its replies is Idefics2 8B.

Analyzing LMMs mistakes in OW

In the following, we further inspect the correct and wrong predictions of the differ-

ent models. Specifically, each section will analyze one of the four cases: correct and

specific (section 3.3.3), correct but generic (section 3.3.3), wrong but specific (sec-

tion 3.3.3), and wrong and generic (section 3.3.3).

Correct and specific While this section describes successful cases, from section 3.3.2

we know that models perform differently. Thus, here we investigate whether LMMs

share similar success cases.

Are correct predictions shared among models? To answer this question, we first

evaluate the percentage of samples that receive correct predictions by multiple models

across datasets. We report the results in table 3.24, splitting them according to low

(less than 30% of models), medium (30%-70%), and high agreement (above 70%). The

table shows that the models tend to agree on prototypical datasets (e.g., 71.4% of high
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41.8 34.9 33.1 31.0 38.4 31.4 33.3 40.5 40.1 38.8 27.6 29.1
41.8 44.6 42.8 42.1 47.6 43.8 45.3 41.2 31.2 48.6 39.5 42.1
34.9 44.6 57.6 57.3 47.0 51.7 53.3 41.5 27.0 47.1 45.6 48.3
33.1 42.8 57.6 59.0 45.7 53.0 53.6 39.6 26.2 46.1 47.1 49.8
31.0 42.1 57.3 59.0 45.2 57.7 57.1 38.9 24.2 44.7 52.9 55.5
38.4 47.6 47.0 45.7 45.2 47.7 50.5 40.9 29.0 46.9 39.0 41.6
31.4 43.8 51.7 53.0 57.7 47.7 63.9 38.7 24.4 44.9 54.2 57.3
33.3 45.3 53.3 53.6 57.1 50.5 63.9 40.7 25.8 46.6 51.3 54.7
40.5 41.2 41.5 39.6 38.9 40.9 38.7 40.7 37.0 39.7 34.6 36.4
40.1 31.2 27.0 26.2 24.2 29.0 24.4 25.8 37.0 30.1 21.1 22.4
38.8 48.6 47.1 46.1 44.7 46.9 44.9 46.6 39.7 30.1 41.0 43.0
27.6 39.5 45.6 47.1 52.9 39.0 54.2 51.3 34.6 21.1 41.0 66.7
29.1 42.1 48.3 49.8 55.5 41.6 57.3 54.7 36.4 22.4 43.0 66.7

Figure 3.15: Percentage of correct and specific predictions shared between models.
Higher values indicate higher agreement.
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Figure 3.16: Average gains per prediction type when asking models to be
more generic/specific (a, b), or via dataset-specific prompts (c). Blue in-
dicates correct and specific and correct but generic predictions, red indicates
wrong but specific and wrong and generic mistakes.
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agreement on C101) but they do not for very fine-grained ones (i.e., CARS and FGVC).

Overall, we found that only 5.6% of the samples are correctly predicted by all models

and there exist 6 labels out of almost 1200 that are never predicted correctly according

to the LI score: i.e., birman, bishop of llandaff, egyptian mau, prince of wales feather,

silverbush, and watercress, all belonging to fine-grained datasets. These results confirm

the ability of LMMs to capture generic concepts while struggling with very specific

ones. In fig. 3.14, we observe that when the granularity constraint is relaxed, most

models continue to predict the parent class with a remarkable level of accuracy, given

the nature of the task.

Which models agree the most with each other? We additionally check the pair-

wise agreement on the model predictions on the correct and specific group, showing the

results in fig. 3.15. Interestingly, models of the same family tend to share more predic-

tions, i.e., Qwen2VL 2B and Qwen2VL 7B share 66.7% correct and specific predictions,

InternVL2 4B and InternVL2 8B 59.0%. This also happens with different language mod-

els (e.g., LLaVA NeXT with Mistral and Vicuna share 63.9% of correct predictions),

and differences might arise within lower performing families (e.g., LLaVA-OV 0.5B and

7B agree only 37% of the time). While there is no clear pattern, the best-performing

families (e.g., LLaVA NeXT, InternVL2, Qwen2VL) tend to share more than half of the

correct predictions (e.g., InternVL2 8B and Qwen2VL 7B, 55.5%), suggesting that the

main drive for the agreement is model capabilities rather than design choices.

Which model provides the best responses? To analyze which model provides

the best responses, we compare their generations in pairs. Specifically, for each of the

ten datasets, we randomly sample 10’000 pairs of generations, and instruct a Llama 3.2

model to identify the best response in the pair, similarly to what is done in the Chatbot

Arena [43] but through automatic evaluation with LLM-as-a-judge [302]. We use the

following prompt to instruct Llama 3.2 to judge the pairs of predictions and decide for

a win:
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Average Elo ratings
Rank Model Rating

1 Qwen2VL [253] 2B 1037
2 Qwen2VL [253] 7B 1037
3 Phi-3-Vision [2] 1029
4 LLaVA-NeXT [135] (Mistral 7B) 1018
5 LLaVA-NeXT [135] (Vicuna 7B) 1015
6 LLaVa-OV [136] (Qwen2 7B) 1014
7 LLaVa-OV [136] (Qwen2 0.5B) 1007
8 InternVL2 [39, 38] 8B 1004
9 InternVL2 [39, 38] 4B 994
10 InternVL2 [39, 38] 2B 991
11 LLaVA-1.5 [162] 7B 984
12 InstructBLIP [58] Vicuna 7B 943
13 Idefics2 [132] 8B 924

Table 3.25: Elo ratings on the ten datasets. Higher scores indicate comparatively better
responses from the models.

Llama Elo ranking

You are a model that discriminates whether labels A or B better align with a

target value.

This is label A: %s

This is label B: %s

This is the target value: %s

Does A align better with the target value? Does B align better with the

target value? Reply only with “1” if A wins over B, or “0” if B wins over A.

We directly compare the quality of the outputs by evaluating the Elo score [64] of

these model responses and report the average on the ten datasets in table 3.25. Results

show that Qwen2VL models are the best at providing accurate predictions, similar to

the trend in table 3.17.

Correct but generic As different classification scenarios may require different levels

of granularity, we also check whether we can control the latter via prompting. We

investigate three types of requests: “Be generic.”, “Be specific.”, and domain-specific
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prompts, focusing on the fine-grained and very fine-grained datasets, alongside DTD. In

fig. 3.16, we report the average difference across datasets for each group of predictions

and type of prompt, reporting in the appendix A the metric variations on datasets and

models.

Be more generic. When queried for generic responses, we see a large shift from

correct and specific predictions to correct but generic, and, to a smaller degree, the

same happens for wrong ones. This highlights how models can provide good generic

responses (+9.1%) but the large decrease in correct and specific ones means they become

too generic.

Be more specific. In this case, all LMMs consistently get worse, equally increasing

wrong but specific and wrong and generic predictions. While a decrease (especially in

correct but generic) is expected, this hints that LMMs are stronger at providing more

generic replies than more specific ones.

Domain-specific. When tackling specific fine-grained scenarios, it is possible to tailor

a custom prompt, e.g., when classifying flowers, we can directly ask “What type of flower

is in this image?” instead of a generic object. Therefore, we explore whether informing

the LMM on the target fine-grained scenario may fix the specificity issue. We update

the prompt to use the terms “texture” (for DTD), “aircraft” (for FGVC), “flower” (for

FLWR), “food” (for FOOD), “pet” (for PETS), or “car” (for CARS). Overall, domain-

specific prompts positively influence the predictions, converting an average of 12.5%

of generic responses into specific ones. Notably, LLaVA-OV 0.5B gets +29% on the

correct and specific set, followed by Qwen2VL 7B with +15% (see appendix A). This

shows how, while LMMs struggle to provide specific predictions off-the-shelf, injecting

domain-specific OW performance.

Wrong but specific Here we analyze mistakes due to two objects being very similar

(e.g., euphonium vs trombone). As addressing this type of mistake requires reasoning

on fine-level details of the images, we explore whether test-time reasoning can improve

performance. Thus, we study the impact of introducing Chain-of-Thought (CoT) [255,

119] during inference.

Can CoT mitigate misclassification? We identify three simple techniques we can

apply without modifying the architecture of the models: zero-shot CoT [119] appending

the instruction “Think step by step.” to the input query, LlamaV-o1 prompt using

the multi-turn procedure of [241], and the LLaVA-CoT prompt [260] for reasoning in

procedures. For this study, we focus on the InternVL2 and the Qwen2VL families,

showing their average gains in fig. 3.18. Additional results are available in appendix A.
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(a) Default prompt (b) Ask for generic

Idefics2 8B
InstructBLIP V.7B
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Qwen2VL 7B

(c) Ask for specific (d) Dataset prompts

Figure 3.17: Types of model predictions when using the generic and specific
prompts and the dataset-specific prompts. Blue indicates correct and specific
and correct but generic predictions, red indicates wrong but specific and
wrong and generic mistakes.
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Figure 3.18: Average gains per prediction type when including chain-of-
thought reasoning (a, b, c), or when with reasoning models (d). Blue in-
dicates correct and specific and correct but generic predictions, red indicates
wrong but specific and wrong and generic mistakes.

Notably, test-time reasoning helps the models in making correct and specific responses.

Performance-wise, Qwen2VL shows the highest gains, achieving up to +13% in correct

and specific responses. While test-time reasoning enhances the OW of LMMs, we

observe that the multi-turn prompt tends to steer the model either toward semantically

correct predictions or completely divergent ones (+1.7 on wrong and generic). On the

other hand, simply instructing LMMs to think with zero-shot CoT or providing a longer

prompt (LLaVA-CoT ), consistently increases their accuracy.

Do models tailored for reasoning excel in OW? As we saw positive gains from

using test-time reasoning, below we further explore the capabilities of more advanced

approaches. Specifically, both InternVL2 and Qwen2-VL have two improved versions

tailored for reasoning: InternVL2.5 [36] and Qwen2.5VL [12]. In the following, we

check whether these variants outperform their predecessors, less tailored to reasoning.

We show the average relative gains in fig. 3.18 (d).

By directly replacing the base models with their reasoning counterparts, we get

mixed results, i.e., we see a large increase in correct prediction (+6.6% on average), but

also in misclassification with semantically close concepts (+3.7%), the error we wanted

to address. This shows that test-time reasoning might be more effective than off-the-self
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Figure 3.19: Percentage of model predictions considered wrong in the single-label setting
but correct in multi-label.

reasoning models at addressing such nuanced cases.

Wrong and generic In this category, predictions are not only wrong according to

inclusion metrics but also based on semantic ones. While some of the mistakes are due to

the lack of fine-grained understanding of the models (see section 3.3.3), we investigate to

which extent LMMs are correct even within wrong predictions. Specifically, we explore

cases where models simply focus on the wrong object in the image.

Do LMMs focus on the wrong object? To investigate this, we annotate images

with multiple labels using RAM++ [101], a state-of-the-art model for tagging images

with a list of concepts. Then, we compare LMM predictions to the list of tags, looking

for cases with an extremely high CS (above 0.95 with any of the tags in the image). If

this is the case, we assume the prediction is relevant for the image, despite its differences

with the true label.

Figure 3.19 shows the percentage of wrong predictions that match a tag. As shown

in the table, this percentage is high, ranging between 30% and 60% of the wrong

predictions. Notably, this is high also for models with lower overall performance in

table 3.17, such as Idefics2 and InstructBLIP.

Predicting more concepts. The previous experiment suggested LMMs often fail to

predict the class names because they focus on the wrong part of the image. However,

when prompted to provide multiple candidates, do LMMs get the correct prediction?

To investigate this, we ask the model to (i) list the objects in the image; (ii) caption it,

or (iii) describe its content. We report the relative gain per model in table A.7. The
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Figure 3.20: Types of model predictions when using multi-label prompts. Blue
indicates correct and specific and correct but generic predictions, red indicates
wrong but specific and wrong and generic mistakes.
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results show that providing outputs that focus on multiple labels on average improves

the concept-based similarity, with the only exception of the caption case. Text inclusion

improves consistently, showing that predictions become correct even according to this

strict metric. Overall, these results highlight how LMM mistakes can be ascribed by

mismatches between the label and the focus of the annotator, with the models often

focusing on grounded image content even in case of mistakes.

3.3.4 Related work

Large Multimodal Models. While early large Vision Language Models aligned vi-

sual and text representation in a shared embedding space [205, 290], there has been an

increasing effort in developing generative multimodal models [3, 141, 308, 229]. These

models process an input image and text generating either a text [141, 162] or a multi-

modal [118, 301] output. While these models share common components (e.g., visual

and text encoders, text decoders) they differ in the specific strategies for modality align-

ment (e.g., MLP projector [162], Q-former [141]), pretraining (e.g., autoregressive [162],

alignment [141]), fine-tuning (e.g., supervised, instruction tuning) but also data source

(e.g., web data [132], textbook-style [2]) and structure (e.g., captioning [58], interleaved

image-text [132]). In this work, we do not aim to introduce a new LMM or novel

methodologies for building LMMs. Instead, we focus on evaluating how these models

perform in OW classification, testing 13 different models belonging to 8 different fami-

lies [132, 39, 58, 162, 135, 136, 2, 11], covering multiple architectural, data, and design

choices.

Classification with LMMs. Multiple works designed benchmarks to test the general

capabilities [137, 164, 144], or shortcomings [97, 283, 150, 307] of LMMs. The most

closely related works to ours are [280, 296, 163], investigating their classification per-

formance. Yue et al. [280] developed an approach exploiting the next token prediction

probability of an LMM, reporting results on multi-label recognition. Zhang et al. [296]

tested multiple LMMs on closed-world and acrshortow settings, showing how data in-

fluences their performance and that generative LMMs underperform their contrastive

counterpart. This latter finding is challenged by Liu et al. [163], who extended the

analyses of [296] to multiple datasets and more recent models. However, [163] focused

on closed-world classification, while [296] limited the analyses on OW to 4 datasets and

a single metric (i.e., text inclusion). In this work, we expand existing analyses in OW

classification with LMMs, providing the largest study up-to-date in terms of datasets

(10) and models (13). We also analyze the performance of LMMs according to four

104



Chapter 3. Unsupervised inference

different metrics, capturing complementary aspects. Moreover, we use these metrics to

analyze LMM mistakes in this scenario.

Analyzing model failures. There has been a growing interest in studying what type

of mistakes models make. For instance, works on failure modes detection studied how to

identify slices of data on which models underperform [67, 232, 275] and, through the use

of LMMs, these slices can also be interpreted via natural language [116, 63, 54]. Other

works examined the models’ mistakes on specific datasets, to understand what prevents

them from achieving perfect performance and to provide guidelines for future works.

This has been the case for ImageNet [212], where previous studies discovered problems

linked to spurious correlations [182, 231], fine-grained discrimination [249, 197], but also

labeling itself [15]. Our work is similar to this latter trend, as we want to investigate

what type of mistakes LMMs make when classifying images in the OW. We aim for

our findings to serve as a foundation for future research focused on improving the

performance of LMMs in this challenging task.
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Unsupervised evaluation

This chapter investigates the emerging paradigm of unsupervised evaluation, where

the goal is to assess model performance without relying on ground-truth annotations.

While traditional evaluation practices rely on labeled benchmarks and pre-defined met-

rics, the growing scale and generality of models—particularly Large Multimodal Models

(LMMs)—calls for more flexible and autonomous forms of evaluation. In this context,

we introduce APEx, a framework designed to automate the benchmarking process by

leveraging Large Language Models (LLMs) to plan, execute, and interpret model eval-

uations. By removing the need for manual labels and fixed evaluation pipelines, APEx

explores a new direction for assessing complex models in open-ended, dynamic settings.

4.1 Benchmarking of Large Multimodal Models

4.1.1 The problem

The more powerful machine learning models become, the greater the community’s inter-

est in testing their capabilities and limitations. Large Multimodal Models (LMMs)[140,

131] have been investigated by several studies with extensive analysis of their strengths

and weaknesses [246, 282, 98]. Recent works [30, 300] typically adhere to a common

workflow: (i) selecting models for testing, (ii) devising specialized benchmarks tailored

to address specific research questions (which may entail data collection and annota-

tion), and (iii) evaluating the models on these benchmarks, analyzing the results, and

drawing conclusions.

Let us examine a simple example. Consider the question: ”Do LMMs understand

colors?” Answering this question requires testing one or multiple models on color recog-

nition tasks. To perform this experimental evaluation, various considerations can arise.
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How many colors should be included in the test? How complex should the color palette

be? If a model shows proficiency with a specific set of colors, should we conclude the test

or continue with further examination? In other words, performing such experimental

validation requires the researchers to perform a great deal of manual work: designing

the benchmark, testing the models, analyzing the results, and determining whether the

depth of the analyses is sufficient to draw conclusions. This process is not only tedious

but also complex, particularly in designing benchmarks, as it requires significant do-

main expertise. Additionally, data collection and curation can be notoriously expensive,

and the protocol design and result analyses can be bound to subjectivity. These con-

siderations lead us to investigate a framework capable of autonomously designing and

executing a wide range of experiments aimed at evaluating the capabilities of existing

LMMs.

We propose to address this question following the principles of programming visual

tools via Large Language Models (LLMs) [244]. Our framework, named Automatic

Programming of Experiments (APEx), redacts a scientific report to answer any user-

specified inquiry by first instantiating a structured empty report and then iteratively

improving it through a series of experiments. Specifically, an LLM processes the user

request and: (i) generates a suitable benchmark via image retrieval, generation, or aug-

mentation; (ii) deploys models to test; (iii) conducts the experiment; (iv) collects and

analyzes the results. The findings are incorporated into the report, which is then fed

back to the LLM to determine whether the information is sufficient to answer the initial

inquiry. If not, APEx creates a new benchmark and runs more experiments. This itera-

tive process continues until the LLM judges the report comprehensive enough to address

the user’s question. We evaluate APEx with a wide range of queries to demonstrate its

flexibility in designing benchmarks and automatically conducting experiments, reaching

conclusions that are valid and insightful. To demonstrate that APEx actually produces

reliable reports, we show that it can successfully lead to the core findings of existing

manually engineered benchmark studies [246]. Moreover, APEx can flexibly handle

queries of various granularity, allowing users to thoroughly explore the strengths and

weaknesses of existing LMMs. Finally, the modularity of APEx enables easy inclusion

of new tools and capabilities in the future, widening its application scope.

To summarize, this work makes the following contributions:

• We introduce APEx, the first automated benchmark framework to test various

capabilities of LMMs at user request;

• APEx automates benchmark design, experiments execution, and results analysis.
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Its modular design makes it extensible to incorporate other tools and functional-

ities;

• We show that APEx outputs valid and comprehensive reports, being able to

reproduce findings of previous studies.

• APEx facilitates the discovery of novel strengths and weaknesses of existing LMMs

by addressing arbitrary queries at different granularity.

4.1.2 The proposed approach

In this section, we present our APEx framework that automatically conducts experi-

ments on different LMMs to answer a given user inquiry. We refer to query as the text

prompt in a question format that contains a hypothesis the user seeks to test. The goal

of APEx is to provide an answer a in natural language that addresses the user query

through experimental evidence.

APEx is a modular system containing multiple components supported by a set of

tools, as shown in fig. 4.1. At its core, there is the orchestrator module, enabled by

an LLM that reasons over the available tool-set to define experiments and analyze re-

sults. The generator module is equipped with an API (tools) that can perform image

retrieval, generation, and transformation to prepare the data for executing benchmark

experiments. The library module contains a list of pre-trained LMMs, and finally, the

engine module conducts the experiment with the compute resource, possibly a GPU.

Note that the modular structure of APEx is independent of the particular choices of

each sub-module. Thus, its capabilities can be extended as more powerful LMMs,

LLMs, generators, and tools become available. For example, given a user query (e.g.,

“Is BLIP-2 robust to left rotations?”), APEx selects the appropriate tools by compiling

an experiment configuration, runs the experiment, and analyzes the results to draw

conclusions. The experiments are conducted progressively and the evidence is consoli-

dated into a report that holds the status of the experimental campaign. The automatic

benchmarking session terminates when the produced results are sufficiently conclusive

to answer the initial query. In the following, we detail the components of APEx.

Initialization

Given a query, APEx is initialized providing specific definitions for the library of testable

models, for the benchmark generator tools, and for the LLM used in the orchestrator.
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Generate and run the experiment

Discuss the current state of the report

Can models 
identify 

graffiti-styled 
images?

user query
Instantiate a report from the query:

Design an experiment to test the report:

query:Can models identify graffiti-styled images?
models_to_evaluate: blip2, idefics, llava
past_experiments: {}
findings:{}

question:Is the image graffiti-styled?
answers: {Yes, No}
selection_tools:{

Text2ImageGeneration(graffiti},
Text2ImageRetrieval(random)

}
transformation_tools: {Identity, Identity}

Discuss the results of the experiment

Initial report

Experiment 1

results:{
blip2: {average_accuracy: 0.542, ... },
idefics: {average_accuracy: 0.5, ...},
llava: {average_accuracy": 1.0, ...}

}

Results 1

query:Can models identify graffiti-styled images?
models_to_evaluate: blip2, idefics, llava
past_experiments: {[experiment 1] + [results 1]}
findings:{Blip2 achieves an average accuracy of 
[...]. These results indicate varying performance 
across models, with 'llava-1.5-7b' demonstrating 
the strongest capability to distinguish 
graffiti-styled visuals.}

Report after experiment 1

results: [results 1]
has_sufficient_findings: FALSE

Report discussion 1

Discuss the current state of the report

Design an experiment to test the report:

question: What type of graffiti style is depicted 
in the image?
answers: {Calligraffiti, Stencil Graffiti}
selection_tools:{

Text2ImageRetrievl(calligraffiti},
Text2ImageRetrieval(stencil graffiti)

}
transformation_tools: {Identity, Identity}

Discuss the results of the experiment

Experiment 2

results:{
blip2: {average_accuracy: 0.96, ... },
idefics: {average_accuracy: 0.5, ...},
llava: {average_accuracy": 0.5, ...}

}

Results 2

query:Can models identify graffiti-styled images?
models_to_evaluate: blip2, idefics, llava
past_experiments: {[experiment 1] + [results 1], 
[experiment 2] + [results 2]}
findings:{The results suggest that BLIP2 has a 
strong capacity to recognize specific graffiti 
styles, showcasing its potential for granular 
visual analysis. On the other hand, IDEFICS and 
LLaVA lag behind in this aspect, highlighting the 
need for further improvement in their ability to 
distinguish between such nuanced visual 
characteristics.}

Report after experiment 2

Draw conclusions

results: AVERAGE(results 1, results 2)
has_sufficient_findings: TRUE

Report discussion 2

The objective of the evaluation was to assess the proficiency of various multi-modal language models in recognizing graffiti-styled images, including 
their capability to distinguish between different graffiti styles [...]. The evaluation demonstrated that LLaVA exhibited the strongest proficiency in 
recognizing graffiti-styled images, while BLIP2 showed a notable capacity to identify specific graffiti styles. In contrast, IDEFICS displayed 
limitations in both aspects of visual recognition. The interpretation of the evaluation findings underscores the varying degrees of  accuracy across 
multi-modal language models when it comes to recognizing graffiti-styled visuals. 

Output

APEx
components 

engine

library of models

Selection
- Text2ImageGeneration
- Text2ImageRetrieval

Transformation
-   Identity
-   AddGaussianNoise

  -       Rotate
... 

APEx execution

orchestrator 

generator

API of tools

- BLIP-2
- IDEFICS
- LLaVA

... 

Generate and run the experiment

Figure 4.1: Our automatic benchmarking tool has four components: an orchestrator
for reasoning, an engine for function execution, a benchmark generator containing
image selection and manipulation tools, and a library of LMMs. Given a user query ,
the orchestrator instantiates a report containing the query and the LMMs to be tested.
Then orchestrator receives the report and specifies a first experiment to be executed.
The relative benchmark is generated and executed by the engine, with the results
collected, discussed by the orchestrator and added to the report. The orchestrator
repeats the experimentation loop until it is deemed sufficient to answer the query. In
that case, the orchestrator summarizes the report, returning its findings.
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When receiving an input query query from the user, the first step of APEx is to

instantiate an empty report as a JSON formatted document. The report will contain

a snapshot of the request, the performed experiments, and their results. In practice, it

serves as a read-write buffer for the orchestrator, driving the decisions regarding what to

test and when to halt. We initialize the report by feeding the query to the orchestrator,

i.e., report = orchestrator ([promptS, promptI , query]), with [·] being the concatena-

tion operation, promptI being the specific initialization prompt, and promptS the sys-

tem prompt containing the task specification, the models’ library, and the benchmark

generator tools. Both library and the generator are specified with their documentation

in the form of docstrings. Note that we do not use in-context learning [20] (i.e., pro-

viding few program demonstrations as in [87, 238]), but directly use the docstrings as

input. This removes the need for providing good quality demonstrations, being scalable

w.r.t. the number of tools [201].

The initialized report contains only the specific query and the set of LMMs to test

(i.e., “models_to_evaluate” in fig. 4.1). These models will be the ones used in the

following iterative experimentation. We may target all models for generic queries (e.g.,

“Can models...?”) or specific models for more detailed ones (e.g., BLIP-2 if the query

is “Can BLIP-2...?”).

Iterative experimentation

The core of APEx is the experimentation loop. In this loop, the orchestrator takes as

input the query, the history of experiments and results (i.e., the report), and formulates

new experiments if needed. In particular, it considers the question that should be an-

swered with the current experimental results and then generates a suitable benchmark,

testing the selected models on it. Specifically, we define the experiment by feeding the

LLM with the report and the user query, i.e.,

experiment = orchestrator ([promptS, promptE, report]) ,

with promptE being the specific prompt. The experiment contains two parts: the goal

definition and the benchmark dataset generation. In the following, we describe each

part in detail as well as the experiment execution.

Goal definition. This part defines the goal of the experiment. It is composed

of two elements: a question we want the LMM to answer (e.g., “Is the image blue?”,

not to be confused with the query) and the set of possible answer choices (e.g., “{yes,

no}”). Note that all experiments are structured in a VQA format, where the LMM
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receives the question and the input image x. We measure the performance using answer

ranking [158] for evaluating LMMs with multiple-choice questions (i.e., computing the

likelihood that the model generates a specific answer among the list). We allow the

LMMs to abstain from answering by adding Unknown as an option for the answer.

Benchmark dataset generation. Given an experiment, APEx can generate a

dataset D for testing. Specifically, D should be formed with triplets

D = {(xi, question, choicei)}
N
i=1,

where N is the size of D, choicei is the ground-truth answer for the given pair xi,

question. Within experiment we have the specific toolsE needed to generate the dataset.

Since the ground-truth label is a function of the tools used, we associate a set of

selection and transformation tools to each answer in choice. This is a consequence of

the structured JSON output, allowing for easy matching between the elements of each

field. Note that the current set of toolsE comprises both image collection and generation

instructions (e.g., retrieval from existing datasets [212], Stable Diffusion [211]) and the

transformations to be applied (e.g., rotation, flip). Note that the transformations are

represented by Python code that the model can directly execute by outputting an

interpretable function call, e.g., src.tools.transform.OverlayColor([255, 0, 0]). When

the engine produces the dataset, we evaluate these calls to augment or generate the

data.

Experiment execution. After the benchmark generation, all the components

needed to perform the experiments are available. Specifically, the engine tests each

of the LMMs models on D, evaluating their performance. The output of this engine

execution is a new set of resultsE.

Reporting and conclusion

After each experimental loop, we obtain a new result set of resultsE. APEx expands the

results and asks the orchestrator to discuss them, obtaining the findings findingsE =

orchestrator ([promptF , experiment, results]), where promptF is the specific prompt for

extracting the findings. The findings, in natural language, help the orchestrator in

performing reasoning and draw conclusions beyond the quantitative metrics in resultsE.

Both the results and the findings are appended at the end of the current report,

updating its status i.e., report← [report, resultsE, findingsE]. The updated report con-

tains all the evidence collected so far to answer the user query. orchestrator then judges

whether the updated report is sufficient to answer the user query, filling a boolean vari-
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able sufficiency = orchestrator ([promptB, report]), with promptB being the prompt for

obtaining the boolean value. In case the orchestrator deems the report not sufficient to

answer the query, the report is fed back to the orchestrator to continue the experimental

loop, enriching the report with the results of a new experiment.

Once the orchestrator deems the report sufficient to answer the query, APEx will use

the orchestrator to analyze the report and draw the final conclusions of the experiment,

i.e., conclusions = orchestrator ([promptC , report]), with promptC the specific prompt.

Note that conclusions can be customized based on the particular user needs, e.g., they

can be succinct, reporting only the answer to the query, or expanded with a summary

of the experiments, their results, and possible directions. Once conclusions are drawn,

APEx provides them as output to the user.

To demonstrate the final artifacts of the execution of APEx, we provide two examples

of qualitative results. In particular in fig. 4.2 we show the intermediate reports and the

output generated with our approach.

Implementation details

Orchestrator. The core component of APEx is the orchestrator, implemented as an

LLM. We used gpt-3.5-turbo [190] for its efficiency and widespread use. To instruct the

model to produce structured outputs, we use function calling1, meaning the LLM

outputs adhere to the structured JSON format rather than being unrestricted text,

ensuring easy mapping of the model outputs to functions/tools available in APEx. In

cases where the orchestrator’s output is invalid, e.g., it lacks JSON fields, or it requests

non-available tools, APEx informs the orchestrator of the exception message (within the

prompt), using this information as prior to self-heal the previous output. In the case of

complex healing (e.g., multiple sequential failures), a new experiment is designed from

scratch. To avoid infinite loops, we set the maximum number of self-healing retries to

3 before regenerating the experiment from scratch. Moreover, in all of our evaluations,

we limit the maximum number of experiments the orchestrator can design to 5.

Benchmark generation. As stated in section 4.1.2 the data benchmark genera-

tion step in APEx comprises both image generation tools and tools for retrieval. For

generation, we use Stable Diffusion XL Turbo [199] for its efficiency. For retrieval, we

use the ImageNet dataset [212] due to the large number of classes. In both cases, in

APEx, it is possible to define an image type (e.g., photo, oil painting) and a class name

(e.g., Siamese cat, sofa). The prompts corresponding to the two available tools are Text-

1https://platform.openai.com/docs/guides/function-calling
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Example 1: “Can models identify low-contrast images?”

Example 2: “Can models identify defocus blur in images?”

Figure 4.2: Examples of intermediate reports and final output generated with APEx
in the case of two different queries. APEx progressively expands the reports as new
experiments are conducted and new results are collected.
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ToImageGeneration and TextToImageRetrieval, passed to APEx in form of docstrings

(see, e.g., fig. 4.1, Experiment box). To perform experiments with broader categories,

APEx uses the metaclasses from ImageNet-X [102], clustering the 1000 classes into 17

groups (e.g., plants, fruits). When retrieval is impossible, e.g., the requested class is

not available in the dataset, APEx automatically resorts to generation. We also use

the special keyword random to denote sampling a semantic class in the dataset. This

is used whenever the experiment does not require any specific class, and all of them

can be considered for the benchmark. Regarding the transformation tools, i.e., tools

to manipulate the input samples for visual variations, we follow the design as in [246].

These transformations can be roughly split into geometric, pixel, semantic, and style

transforms. Additional details are provided in the Appendix.

LMMs evaluation. While in principle APEx supports a large variety of LMMs,

in our implementation we demonstrate its capabilities using three widely used auto-

regressively trained VLMs (referred as LMMs in [246]): BLIP-2 [140], IDEFICS [131],

and LLaVA [139]. All the models are downloaded from HuggingFace2 and are ex-

tended to support answer ranking. We focus on small models, using blip2-opt-2.7b,

idefics-9b-instruct, and llava-1.5-7b. We quantize all the models to 8 bits and

use a single NVIDIA RTX A4000 for the experiments. About the quantitative metrics

in resultsE, we evaluate the methods with average accuracy and class-wise accuracy. In

cases when the models abstain from answering, we compute the abstention rate. The

quantitative metrics are reported in a key-value format organized by evaluated models

(see fig. 4.1, Results box).

List of tools. The list of transforms implemented in APEx are Add Gaussian

Noise, Add JPEG Compression, Apply CutMix, Apply MixUp, Change Brightness,

Change Contrast, Crop Random Shuffle And Recompose, Defocus Blur Image, Edit

Image Style, Edit Image Weather, Flip Image, Identity, Overlay Color, Paste

Generated Object At Random Position, Paste Geometric Shape At Random Position,

Paste Text At Random Position, Rotate Image, and Zoom At Random Position.

We report the full docstrings of all the tools in appendix C. We devise the trans-

formation tools to produce data types defined in [246]. All data types are covered, but

not all are explicitly defined with a tool (e.g., we do not design specific tools for style

transfer to cartoons, but provide a generic tool for style editing).

2https://huggingface.co
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4.1.3 Experimental results

Our tool generates free-form text output, summarizing findings related to the input

query. An illustrative example of qualitative results obtained using APEx is depicted

in fig. 4.1. In addition, we quantitatively evaluate our framework as described below.

As an important feature is the possibility to reproduce conclusions obtained by man-

ually designed benchmark, we first demonstrate that APEx can reproduce the core

conclusions of [246] regarding LMMs on data type identification, i.e., on recognizing

image alterations (e.g., Can models identify vertical flip/Gaussian noise/cartoon-styled

images? ). Second, we showcase the flexibility of APEx in handling queries of different

nature and with different granularity. In particular, we present the analyses of APEx for

identifying groups of transformations, for classifying semantic groups (e.g., dog breeds,

plants, fruits) and recognition with the presence/absence of data type groups (e.g., “Can

models recognize domestic animals with style-type transformations?”).

Finding reproducibility analysis: data type identification

We compare the conclusions obtained by APEx to the ones obtained by the manually-

designed benchmark presented in [246]. Specifically, the authors created and curated

two datasets (natural and synthetic) of images featuring a single animal, spanning 27

data-type transformations covering 4 broad categories: geometric (e.g., left-rotation),

pixel (e.g., applying Gaussian noise), style (e.g., creating a cartoon-version), and se-

mantic (e.g., replacing a single animal with multiple animals). They considered both

contrastively-trained VLMs, e.g., CLIP [204]), and auto-regressively trained VLMs, e.g.,

LLaVA (referred to as LMMs), and asks them to identify the transformation applied

on the image. For fairness with contrastive ones, they evaluate auto-regressive VLMs

using answer ranking [59, 158]. Their key finding is that VLMs excel in recognizing

semantic content but fail to acquire an understanding of visual data-types.

To be comparable with [246], we prompt APEx with each user query per data

type and let APEx deploy the models, define the experiments, generate the data, test

models, and analyze results. The prompt template for formulating the query follows

the template: “Can models identify {data_type} in images?”. For some special cases,

we rephrased the query to reduce ambiguities (e.g., we replace “Can models identify

multi-different in images?” with “Can models identify if multiple objects of different

classes are in the image?”. We report all the used prompts in appendix C.

The evaluation protocol of [246] covers all the data types together, while we test

each data type independently. As our performance metrics (average accuracy) have
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Figure 4.3: Summary of the normalized results (vertical axis) achieved by the models
across the 27 data type identification tasks, in comparison to those obtained in [246].
The values equal the min-max normalized performance across the set of experiments
designed by APEx.

higher numerical values, we report the normalized metrics in fig. 4.3, where the data

types at the horizontal axis are listed in an ascending order based on the results in [246].

Despite their differences in numerical values per data type, the analysis of APEx

leads to a similar trend drawn from the manually designed and curated benchmark, es-

pecially when we organize the analyses by data type groups, i.e., geometric, pixel, style,

and semantic [246] (as shown in table 4.1). For example, both APEx and [246] identify

that LMMs perform better when recognizing tattoos and embroidery rather than lower-

level transformations (e.g., low/high contrast, jpeg). More importantly, we reach the

same conclusion that LMMs are generally better in style/semantic than pixel/geometric

understanding. We report the complete list of experiments APEx generated for each

of the 27 data types, regarding the generated questions, the answers, and the tools, in

appendix B.

Flexibility analyses

Coarse query handling. We further evaluate APEx in handling query of a coarse

granularity. Instead of focusing on specific data type, we form the query using the

group of transformations as in [246]: geometric, pixel, semantic and style. We form

general queries: “Can models identify {transformation_group} transformations?”

This study introduces multiple challenges. First, APEx has to reason on a higher

level, identifying which subset of tools is relevant to answer the query, e.g., for the

geometric family, it should focus on geometric transformations. Second, it must test
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APEx
[246]

Rank Avg. types Groups

1 Style Style Style
2 Semantic Semantic Semantic
3 Pixel Pixel Pixel
4 Geometric Geometric Geometric

Table 4.1: Ranking of data type group recognition performance from the best (top) to
worst (bottom). APEx achieves the same ranking of [246] both when testing each data
type independently and aggregating metrics by their group (Avg. types), and when
directly querying for the group understanding (Groups).

models on multiple axes, devising experiments that regard not only the presence/ab-

sence of a data type but also the exact identification against alternatives of the same

group, in a hierarchical fashion. Similarly to the findings in section 4.1.3, results in

table 4.1 confirm the findings of [246] and those in section 4.1.3 where, despite differ-

ent numbers in absolute terms, the trend is preserved. The table shows that APEx,

just like in [246], geometric transformations (0.5 accuracy for APEx, 0.1 informedness

for [246]) are harder to recognize w.r.t. style manipulations (0.78 accuracy for APEx,

0.46 informedness for [246]). Table B.2 in appendix B, reports the quantitative anal-

yses obtained via APEx and the type of experiments conducted. Interestingly, APEx

tends to experiment with multiple data types in a category (e.g., compression, noise,

gray-scale for pixel-level ones). When the objective is less clear (e.g., style-type), APEx

explores various comparisons with different levels of granularity, e.g., from varying both

semantic and style (dog oil paintings vs bird pastel) to fixing the former and varying

the latter (baroque structure vs art deco structure).

Data classes recognition. To further assess the potential of APEx, we challenge it on

fine-grained recognition experiments, requiring precise semantic modeling. Specifically,

we ask APEx to assess LMMs’ performance on nine semantic groups of classes, i.e.,

dog breeds, bird types, vehicles, furniture, building types, fruits, household objects,

domestic animals, and plants.3 An example query is “Can models recognize dog breeds?”.

Figure 4.4 shows the average class-wise accuracy of the different models of each

group. The experiments show that BLIP-2 generally outperforms the other models, in

particular on vehicles, buildings, and household objects. For animals, the performance

varies on the species, with LLaVA being the best on birds and dogs, while BLIP-2

outperforming it on the coarser domestic category. We can also observe interesting

3We select these groups from the 17 of ImageNet-X [102], removing too generic ones (e.g., other,
commodity) and merging similar concepts (e.g., vehicle and wheeled vehicle).
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Figure 4.4: Data classes recognition accuracy averaged over experiments of APEx for
BLIP-2 , IDEFICS , and LLaVA on the nine recognition tasks.

phenomenon. For instance, for birds, no model can distinguish blue jay from cardi-

nal, and goldfinch from canary. The only model that can distinguish cathedrals from

skyscrapers is BLIP-2, achieving 0.88 accuracy. On the other hand, it cannot separate

churches from museums, achieving 0.56, with the others achieving perfect scores. When

asking about fruit colors (i.e., showing apples and bananas and asking whether they

are red or yellow), LLaVA achieves random chance performance, while BLIP-2 reaches

perfect score. In addition, we report the automatically generated quantitative results,

in table B.3 in appendix B. The table shows that APEx designs interesting types of ex-

periments, comparing classes with extremely close similarity (e.g., husky vs malamute),

sometimes going from coarse comparisons to finer ones (e.g., for domestic animals, first

cat vs dog, then Persian vs Siamese), and even asking for attributes (in buildings, red

vs blue).

Since APEx can process arbitrary queries, even those combining multiple requests,

we perform a final experiment by testing LMMs, combining semantics with data types.

Specifically, we consider the 9 semantic groups and the 4 data-types groups of the pre-

vious experiment and combine them, i.e., forming queries of the type: “Can models

recognize [class] under [data type]?”. We report the results in table 4.2. Overall, we see

a similar trend of table 4.1, with performance improving as we move from geometric to
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Table 4.2: Summary of the average accuracy achieved by BLIP-2 , IDEFICS , and
LLaVA across the nine recognition tasks when adding different data type transforma-
tions. Accuracy is averaged across the set of experiments designed by APEx.

style transformations. Also, similarly to fig. 4.4, BLIP-2 tends to achieve better results

on objects (e.g., vehicles) while LLaVA is better with animals (e.g., dogs). Interest-

ingly, we see different trends based on the data types, with the best performing model

often changing across transformations, e.g., fruits have IDEFICS as best for geometric-

and semantic-type data, while LLaVA for pixel-type and BLIP-2 for style-type. These

patterns are easier to spot with APEx, thanks to its possibility to test various configu-

rations without manual effort.

4.1.4 Related work

Our work is related to previous research on modular machine learning and studies that

investigate the capabilities of LMMs. Below, we review the most relevant works.
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Visual programming. Composing atomic operations to realize complex functions

is a popular approach in Visual Question Answering (VQA) [5]. In this context, mod-

ular neural networks [4, 236] decompose questions (e.g., “How many dogs are in the

image?”) into sub-tasks (e.g., detecting, counting) that can solve the whole query when

their execution is chained (e.g., counting after detection). This paradigm has recently

evolved with the enhanced reasoning capabilities of LLMs [190]. Specifically, in Natu-

ral Language Processing, emerged frameworks augment LLMs with the ability to use

external tools [216, 194, 201]. This is usually achieved by specifying the set of tools

within the prompt (e.g., as APIs) and providing examples of use cases, performing in-

context learning [20]. For vision, VisProg [87] and ViperGPT [238] proposed to use

the same paradigm to solve various computer vision tasks. Specifically, they leverage

the LLMs to generate programs executed by a suite of pre-trained vision models. Note

that the LLM acts as the parser and sub-task decomposer in [4]. Subsequent works fo-

cused on two main directions. The first is to improve the visual programming pipeline

by, e.g., expanding the set of available tools [223], adding verification steps [172], or

self-training [114]. The second direction focuses on applying them for specific tasks,

e.g., animal behavior understanding [274], open-vocabulary 3D grounding [279], and

text-to-image generation [44]. Concurrently, [221] used a set of tools to automatically

interpret neurons of deep networks.

APEx builds on previous works tackling visual tasks via LLM-based program gen-

eration [87, 238]. However, in contrast to previous studies, we propose a paradigm shift

introducing a novel framework for generating programs for rigorously testing LMMs,

rather than solving specific tasks.

Analyzing vision language models. Several previous studies investigated the ca-

pabilities and shortcomings of Vision Language Models (VLMs). For instance, [243, 175]

studied VLMs on fine-grained differences in textual inputs, showing issues for capturing

changes in relationships, objects, and attributes. In [282] the authors further analyzed

the impact of words and patch orders, showing that VLMs act as bag-of-words if fine-

grained relationships are not considered when forming training batches. Other works

studied VLMs biases concepts seen in the training set. Examples are [240] that shows

biases in how VLMs associate attributes to objects, [80] that studies shape vs texture

bias, and [247, 68, 178] that show how frequency of concepts impact zero-shot general-

ization. Other works focused on testing VLMs for specific tasks such as time/location

reasoning [292], egocentric vision [40], information retrieval [34], spatial reasoning [111],

or general multimodal understanding [28, 225]. Similarly, studies explored the robust-

ness of VLMs to distribution-shifts [202], corruptions [30], adversarial attacks [300],
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and missing modalities [174]. It is important to note that most of these works required

designing specific benchmarks and it is not uncommon that follow-up works identify

and fix benchmark issues of previous work [98].

Differently from these works, we do not focus on a single analysis but provide a

general tool for automatically creating benchmarks and inspecting what VLMs (or

LMMs), can do. As our software is publicly available, researchers and AI professionals

can not only use it for LMMs testing but also contribute to APEx, adding modules for

expanding its capabilities.
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Conclusion

This thesis investigated how supervision can be reduced or removed across three core

stages of the deep learning pipeline: training, inference, and evaluation. Motivated

by the limitations of traditional supervised approaches, i.e., their dependence on large

volumes of labeled data, we proposed solutions that explore unsupervised alternatives

across various tasks.

In the context of training, we focused on unsupervised fine-tuning, particularly

under the Source-Free Unsupervised Domain Adaptation setting. We proposed a self-

supervised clustering-based method for Facial Expression Recognition that integrates

task knowledge through a robust pseudo-labeling strategy, and a vision-language–guided

distillation approach for adapting for video-based Action Recognition. These methods

demonstrate that unsupervised fine-tuning can rival traditional supervised or source-

dependent adaptation methods, enabling model transfer to new domains with minimal

supervision.

In the inference stage, we examined how modern Vision Language Models and Large

Multimodal Model can be adapted to perform classification and semantic segmentation

tasks without relying on a predefined set of categories. We formalized the Vocabulary-

free Image Classification task and proposed a solution based on external vision-language

databases, enabling training-free classification in an open-world setting. We extended

this framework to Vocabulary-free Semantic Segmentation by enabling pixel-level la-

beling without predefined vocabularies. Additionally, we evaluated Large Multimodal

Models in Open-World classification tasks driven by natural language queries, intro-

ducing metrics and analyses to understand their performance under unsupervised con-

ditions.

Lastly, in the evaluation stage, we introduced APEx, a framework for unsupervised
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benchmarking of Large Multimodal Models. APEx automates the design, execution,

and reporting of evaluation experiments based on natural language prompts, eliminating

the need for ground-truth annotations. By leveraging the capabilities of Large Language

Models and modular tools, APEx redefines evaluation as a dynamic and flexible process,

opening new directions for scalable model assessment.

Across all three stages, this thesis highlights how reducing supervision can lead to

more adaptive, efficient, and scalable learning systems. The proposed methods and

settings challenge traditional assumptions about the necessity of labeled data and help

lay the groundwork for future research in label-efficient and autonomous artificial in-

telligence.

5.1 Future directions

While this thesis advances the understanding and practical implementation of unsuper-

vised methods across training, inference, and evaluation, several open challenges and

directions remain for future research.

For unsupervised training, one key challenge is improving the robustness and gen-

erality of fine-tuning methods using pseudo-labeling and self-supervised adaptation,

particularly in highly dynamic or low-resource domains. Future work could explore

tighter integration between vision-language priors and self-supervised signals, leverag-

ing the complementary strengths. Additionally, there is room to investigate adaptive

fine-tuning strategies that generalize across multiple target domains or scenarios with-

out supervision, as current approaches often remain tailored to specific applications.

Extending these methods to operate in more open, domain-agnostic settings would

improve their robustness and applicability. Furthermore, adapting these strategies to

work incrementally or in real-time, e.g., through continual learning or test-time adap-

tation, could enable models to adjust dynamically to novel conditions without explicit

retraining.

For unsupervised inference, a promising direction involves addressing the limitations

of retrieval-based approaches in Vocabulary-free Image Classification and Vocabulary-

free Semantic Segmentation, i.e., those tackled by CaSED and its extensions. These

methods are sensitive to the quality and content of the external database, as well as

to issues of semantic granularity and label inconsistency. Future work could explore

dynamically adapting the retrieval space to the input instance, incorporating domain-

specific information or user intent, and developing more robust mechanisms for main-

taining consistency across predictions.
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Beyond retrieval-based methods, future research on unsupervised inference with

Large Multimodal Models presents another rich area of exploration. These models

offer flexible, natural language–driven interaction, but their performance in Open-World

classification settings remains limited by ambiguity in prompt interpretation and lack

of control over semantic specificity. Future directions could focus on designing better

prompting strategies, integrating memory or self-consistency modules, and developing

evaluation-aware inference protocols that can adapt responses based on context and

task intent.

In unsupervised evaluation, the increasing use of Large Language Models for exper-

iment design opens new possibilities and challenges. While APEx shows the feasibility

of automatic benchmarking, it is still limited by the reasoning capabilities of current

language models. Future work may focus on improving the fidelity and reliability of

automated evaluation by combining LLMs with structured knowledge bases or verifi-

cation modules. A notable limitation of APEx lies in the lack of control over the data

generation and task formulation processes, which can lead to inconsistencies, ambigu-

ous tasks, or low-quality experiment designs. Incorporating interactive elements, e.g.,

human-in-the-loop validation or feedback, could improve the relevance and trustwor-

thiness of the evaluation. Moreover, expanding the tools and extending benchmarking

beyond vision-language tasks could push toward more comprehensive and interpretable

evaluations.

Reducing supervision across the entire learning pipeline, i.e., spanning training, in-

ference, and evaluation, presents a compelling path toward more scalable and adaptable

machine learning systems. This thesis has shown that it is possible to relax the reliance

on labeled data while preserving performance and flexibility across a wide range of tasks

and settings. As we move forward, the challenge will be to deepen these approaches and

broaden their applicability, while ensuring that models remain reliable, interpretable,

and aligned with human goals. Ultimately, striking this balance will be key to enabling

more autonomous and robust artificial intelligence.
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Appendix A

Extended results of classification with

Large Multimodal Models

Below, we report the extended results of the analyses we conducted for open-world image

classification. In table A.1 we show the variation in correct and wrong predictions for

each model when using more generic/specific prompts and domain-specific information.

We additionally report the variation in text inclusion, Llama inclusion, and concept

similarity for each model and dataset in table A.2 and table A.3. For the chain-of-

thought experiments, we provide the variations on the correct and wrong predictions in

table A.4, and the per-dataset and model variations in table A.5. We also provide the

variations for the list, caption, and describe experiments in table A.6 and in table A.7.

Finally, we report the complete results table for the reasoning models tested on the ten

classification datasets in table A.8.
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Correct Wrong
Model Specific Generic Specific Generic

Be generic
Idefics2 [132] 8B -5.9 +11.3 -1.4 -4.0
InstructBLIP [58] Vicuna 7B -9.9 +2.2 +0.5 +7.3
InternVL2 [39, 38] 2B -5.3 +4.8 -1.2 +1.7
InternVL2 [39, 38] 4B -9.3 +14.5 -3.9 -1.4
InternVL2 [39, 38] 8B -20.6 +21.9 -5.5 +4.2
LLaVA-1.5 [162] 7B -20.0 +3.8 -3.9 +20.0
LLaVA-NeXT [135] (Mistral 7B) -8.0 +11.8 -3.2 -0.5
LLaVA-NeXT [135] (Vicuna 7B) -17.8 +22.2 -4.2 -0.2
LLaVa-OV [136] (Qwen2 0.5B) -7.1 -2.8 -0.8 +10.7
LLaVa-OV [136] (Qwen2 7B) -2.9 +2.9 +0.6 -0.5
Phi-3-Vision [2] -11.9 +6.2 +0.1 +5.6
Qwen2VL [253] 2B -10.5 +0.6 +0.3 +9.6
Qwen2VL [253] 7B -36.4 +19.5 +1.4 +15.5

Be specific
Idefics2 [132] 8B -3.2 -3.3 +0.7 +5.8
InstructBLIP [58] Vicuna 7B +2.1 -6.7 +0.6 +4.0
InternVL2 [39, 38] 2B -2.4 +0.2 +0.7 +1.5
InternVL2 [39, 38] 4B -1.1 -5.4 +1.8 +4.7
InternVL2 [39, 38] 8B -2.3 -3.5 +3.0 +2.8
LLaVA-1.5 [162] 7B -2.9 -7.0 +0.8 +9.1
LLaVA-NeXT [135] (Mistral 7B) -2.3 -3.4 +2.6 +3.1
LLaVA-NeXT [135] (Vicuna 7B) -4.5 -1.7 +2.0 +4.2
LLaVa-OV [136] (Qwen2 0.5B) -4.5 -1.8 -1.4 +7.7
LLaVa-OV [136] (Qwen2 7B) +2.1 -5.6 +1.9 +1.6
Phi-3-Vision [2] +0.4 -3.6 +2.3 +0.9
Qwen2VL [253] 2B +2.7 -3.8 +3.7 -2.7
Qwen2VL [253] 7B -14.4 +0.8 +1.4 +12.1

Dataset-specific
Idefics2 [132] 8B +14.9 -32.5 +7.0 +10.6
InstructBLIP [58] Vicuna 7B +9.1 -10.7 +5.6 -4.0
InternVL2 [39, 38] 2B +2.6 -3.9 +1.7 -0.4
InternVL2 [39, 38] 4B +2.2 -5.5 +2.6 +0.7
InternVL2 [39, 38] 8B -0.1 -3.6 +2.5 +1.2
LLaVA-1.5 [162] 7B +5.6 -7.0 +3.6 -2.2
LLaVA-NeXT [135] (Mistral 7B) +0.3 -7.1 +4.6 +2.2
LLaVA-NeXT [135] (Vicuna 7B) +3.4 -8.6 +4.3 +1.0
LLaVa-OV [136] (Qwen2 0.5B) +29.2 -8.9 +1.6 -21.9
LLaVa-OV [136] (Qwen2 7B) +13.6 -14.8 +8.7 -7.5
Phi-3-Vision [2] +5.5 -7.6 +2.6 -0.5
Qwen2VL [253] 2B +13.6 -5.8 +1.1 -8.8
Qwen2VL [253] 7B +15.0 -10.1 +2.1 -7.0

Table A.1: Gains on the types of model prediction when instructing the models to
be more generic/specific, and when using dataset-specific prompts techniques on six
datasets, i.e., DTD, FGVCAircraft, Flowers102, Food101, OxfordPets, StanfordCars.
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DTD FGVCAircraft Flowers102
Model TI LI CS TI LI CS TI LI CS

Be generic
Idefics2 [132] 8B -7.0 -9.7 -8.5 -2.4 +27.2 -2.4 -25.7 +8.9 -13.3
InstructBLIP [58] Vicuna 7B -10.6 -20.7 -9.3 -0.7 -9.1 -4.4 -29.6 +2.5 -19.0
InternVL2 [39, 38] 2B -3.0 +3.8 -3.9 -2.5 +43.5 -15.8 -6.1 +31.8 -11.4
InternVL2 [39, 38] 4B -6.3 -4.7 -3.9 -7.2 +63.2 -20.1 -13.7 +35.8 -15.2
InternVL2 [39, 38] 8B -12.4 -16.1 -10.8 -7.3 +44.3 -21.3 -20.1 +37.7 -17.9
LLaVA-1.5 [162] 7B -4.4 -21.7 -7.0 -0.2 +23.1 -0.3 -10.5 +27.0 -2.2
LLaVA-NeXT [135] (Mistral 7B) -4.5 -6.0 -3.5 -5.9 +27.6 -17.7 -13.4 +25.5 -13.1
LLaVA-NeXT [135] (Vicuna 7B) -3.1 -9.7 -5.6 -5.3 +59.6 -17.3 -12.8 +37.2 -12.3
LLaVa-OV [136] (Qwen2 0.5B) -10.1 -20.4 -6.9 -8.7 +5.3 -18.2 -15.9 +18.2 -16.3
LLaVa-OV [136] (Qwen2 7B) -39.1 -32.8 -26.1 -2.4 +4.8 -7.7 -29.8 +4.9 -21.4
Phi-3-Vision [2] -5.7 -0.1 +0.5 -1.8 +8.1 -5.0 -28.0 -2.1 -13.5
Qwen2VL [253] 2B -8.0 -13.4 -8.9 -35.5 -1.4 -36.6 -16.3 +1.7 -17.8
Qwen2VL [253] 7B -11.1 -17.6 -10.5 -39.6 -9.9 -43.6 -55.7 -20.8 -40.0

Be specific
Idefics2 [132] 8B -1.0 -4.2 -1.7 +0.0 -3.5 -0.2 +0.2 -2.3 +0.0
InstructBLIP [58] Vicuna 7B +1.9 +13.9 +0.1 +0.0 -12.4 -1.8 +5.5 +5.6 +1.8
InternVL2 [39, 38] 2B -0.5 -4.5 -0.7 -0.8 +5.9 -3.6 -2.2 +8.1 -1.8
InternVL2 [39, 38] 4B -0.8 -0.1 -1.1 +1.2 -11.1 +2.7 +0.9 -3.5 -1.3
InternVL2 [39, 38] 8B +1.5 +0.0 +0.2 +0.1 -6.2 +1.5 -0.5 -4.5 +0.2
LLaVA-1.5 [162] 7B +0.5 +0.3 -0.7 +0.0 -4.1 -0.6 +0.6 -4.1 -0.6
LLaVA-NeXT [135] (Mistral 7B) +0.7 -2.0 +0.2 +1.1 -12.6 +2.5 +0.2 -3.0 -0.2
LLaVA-NeXT [135] (Vicuna 7B) -0.8 -3.1 -1.0 -0.6 -5.8 -3.5 -3.0 +16.9 -4.0
LLaVa-OV [136] (Qwen2 0.5B) -1.3 -10.0 -3.6 -1.2 -6.3 -1.4 +4.2 +7.2 +3.0
LLaVa-OV [136] (Qwen2 7B) +1.1 +5.5 +1.5 +0.0 -3.9 +0.0 +2.6 +0.7 +1.4
Phi-3-Vision [2] +0.7 +3.6 +0.4 +0.3 +6.2 +0.3 +5.2 +0.3 +4.1
Qwen2VL [253] 2B +4.0 +4.1 +3.1 +6.4 -5.7 +9.1 +4.1 -3.2 +4.6
Qwen2VL [253] 7B -2.8 -8.1 -4.1 -1.0 +0.8 -1.0 -21.9 -15.0 -16.3

Food101 OxfordPets StanfordCars
Model TI LI CS TI LI CS TI LI CS

Be generic
Idefics2 [132] 8B -19.8 +30.5 -20.7 -0.5 -15.5 -4.2 +0.0 +8.2 -19.1
InstructBLIP [58] Vicuna 7B -15.7 -13.9 -13.3 -13.6 -20.5 -8.4 +0.0 +10.2 -24.5
InternVL2 [39, 38] 2B -4.5 -11.5 -6.2 -14.8 -8.2 -9.1 +0.0 +13.9 -8.2
InternVL2 [39, 38] 4B -13.3 -11.6 -10.4 -10.0 -3.6 -7.1 -0.0 +51.4 -14.1
InternVL2 [39, 38] 8B -21.3 -18.0 -17.9 -15.0 -3.0 -9.6 -0.0 +65.6 -18.3
LLaVA-1.5 [162] 7B -23.0 -41.7 -27.2 -5.0 -20.7 -4.1 +0.0 +45.3 -19.9
LLaVA-NeXT [135] (Mistral 7B) -8.5 -0.4 -5.2 -19.6 -12.3 -14.2 -0.0 +43.2 -21.7
LLaVA-NeXT [135] (Vicuna 7B) -19.0 -10.2 -16.2 -23.9 -0.7 -19.2 +0.0 +50.1 -24.5
LLaVa-OV [136] (Qwen2 0.5B) -30.2 -51.5 -26.5 -25.6 -29.4 -20.3 -0.1 +3.4 -27.6
LLaVa-OV [136] (Qwen2 7B) -11.2 -2.3 -15.0 -0.0 -0.7 -0.3 +0.0 +4.8 -24.4
Phi-3-Vision [2] -14.7 -17.8 -11.8 -16.9 -30.2 -9.9 +0.0 +39.4 -15.9
Qwen2VL [253] 2B -18.4 -22.5 -13.5 -41.6 -22.8 -26.9 -0.0 -18.4 -6.3
Qwen2VL [253] 7B -41.5 -31.4 -30.2 -15.4 -11.1 -10.0 +0.0 -4.3 -34.4

Be specific
Idefics2 [132] 8B -2.2 -5.6 -2.3 -0.1 -5.4 -1.5 +0.0 +5.4 -1.8
InstructBLIP [58] Vicuna 7B -0.2 +2.9 -0.3 -0.1 -4.7 -0.9 +0.0 -22.3 +7.1
InternVL2 [39, 38] 2B +0.1 -3.4 -0.5 -2.4 -1.8 -1.2 -0.0 +1.2 -2.6
InternVL2 [39, 38] 4B +0.1 -3.3 -1.3 +7.6 -4.9 +3.6 -0.0 -15.1 +2.1
InternVL2 [39, 38] 8B -0.2 -3.2 -0.5 +2.0 -7.1 +1.4 +0.0 -13.4 +1.6
LLaVA-1.5 [162] 7B -0.3 -8.1 -2.2 +0.3 +0.9 -0.8 +0.0 -11.7 -0.4
LLaVA-NeXT [135] (Mistral 7B) -0.5 -2.6 -0.4 -0.9 -1.8 -0.5 +0.0 -18.1 +0.3
LLaVA-NeXT [135] (Vicuna 7B) -1.5 -5.8 -1.6 -3.4 -2.7 -3.0 -0.0 -14.5 -1.6
LLaVa-OV [136] (Qwen2 0.5B) -3.6 -6.0 -4.5 +0.5 -1.2 +0.8 -0.1 -2.4 -7.2
LLaVa-OV [136] (Qwen2 7B) +2.6 -0.8 +3.2 +0.3 -4.8 +0.3 +0.0 -5.5 +2.9
Phi-3-Vision [2] +3.4 -0.9 +1.0 +2.4 -1.6 +1.4 -0.1 -2.5 +1.6
Qwen2VL [253] 2B +2.9 +1.3 +1.9 +13.4 +5.5 +7.8 +0.1 -3.4 +4.5
Qwen2VL [253] 7B -11.2 -17.8 -8.7 -9.1 -3.9 -4.7 +0.0 -0.3 -5.5

Table A.2: Relative performance variation with the generic/specific prompts on six
datasets. TI stands for text inclusion, LI for Llama inclusion, and CS for concept
similarity.
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DTD FGVCAircraft Flowers102
Model TI LI CS TI LI CS TI LI CS

Idefics2 [132] 8B +6.0 +3.2 +6.8 +2.4 -37.3 +2.2 +24.9 -10.2 +12.9
InstructBLIP [58] Vicuna 7B +9.0 +11.2 +6.1 +0.7 -0.3 +4.1 +26.6 -11.1 +17.9
InternVL2 [39, 38] 2B +2.3 -5.9 +0.6 +1.5 -20.9 +7.6 +2.2 -24.6 +7.1
InternVL2 [39, 38] 4B +3.8 +0.9 +1.3 +3.8 -25.3 +10.2 +5.8 -12.0 +5.6
InternVL2 [39, 38] 8B +6.5 +1.5 +1.5 +2.6 -13.9 +8.4 +1.9 -9.4 +2.4
LLaVA-1.5 [162] 7B +0.4 -0.6 +0.7 +0.1 -8.4 +0.7 +3.8 -18.7 +1.6
LLaVA-NeXT [135] (Mistral 7B) +3.7 +1.1 +1.4 +3.4 -29.4 +10.0 +2.4 -5.5 +3.4
LLaVA-NeXT [135] (Vicuna 7B) +0.4 -3.7 +0.8 +2.9 -27.0 +10.2 +1.0 -11.1 +2.0
LLaVa-OV [136] (Qwen2 0.5B) +8.2 +8.7 +3.9 +7.5 -18.5 +16.9 +16.8 -17.1 +16.7
LLaVa-OV [136] (Qwen2 7B) +36.4 +22.8 +23.9 +2.4 -5.4 +7.7 +16.0 -7.1 +10.7
Phi-3-Vision [2] +6.0 -4.5 -1.8 +1.4 -8.4 +5.0 +19.7 -6.5 +12.2
Qwen2VL [253] 2B +7.5 +7.2 +5.5 +21.8 +0.7 +19.4 +10.2 -1.3 +11.1
Qwen2VL [253] 7B +7.9 +3.1 +4.4 +38.2 +16.1 +42.2 +13.6 -1.8 +11.8

Food101 OxfordPets StanfordCars
Model TI LI CS TI LI CS TI LI CS

Idefics2 [132] 8B +15.3 -19.6 +15.0 +0.4 +9.9 +3.2 +0.0 -2.1 +16.8
InstructBLIP [58] Vicuna 7B +6.4 +1.5 +5.7 +12.8 +16.6 +7.9 +0.0 -7.4 +19.9
InternVL2 [39, 38] 2B +0.8 +5.4 +1.8 +9.8 +5.9 +6.5 -0.0 -8.4 +3.1
InternVL2 [39, 38] 4B +3.0 +4.1 +2.2 +4.7 +3.6 +3.8 +0.0 -18.5 +4.9
InternVL2 [39, 38] 8B +2.0 +0.5 +1.5 +2.0 +3.8 +2.0 -0.1 -14.9 +0.8
LLaVA-1.5 [162] 7B +7.6 +3.6 +5.5 +3.9 +15.4 +3.7 +0.0 -3.7 +7.1
LLaVA-NeXT [135] (Mistral 7B) +3.5 -2.2 +2.0 -0.3 +8.8 +0.5 +0.0 -23.9 +4.5
LLaVA-NeXT [135] (Vicuna 7B) +5.0 -2.2 +3.1 +14.7 +3.9 +12.4 -0.0 -7.6 +5.4
LLaVa-OV [136] (Qwen2 0.5B) +25.6 +38.7 +20.6 +25.4 +10.9 +19.4 +0.1 -4.0 +19.6
LLaVa-OV [136] (Qwen2 7B) +10.1 +3.5 +14.8 -0.0 -4.3 +0.5 +0.0 -8.7 +22.3
Phi-3-Vision [2] +5.4 +2.1 +3.8 +10.4 +5.0 +6.4 -0.1 -0.5 +9.0
Qwen2VL [253] 2B +9.8 +6.9 +6.5 +38.7 +22.3 +24.5 +0.0 +17.8 +5.5
Qwen2VL [253] 7B +7.7 +3.5 +4.9 +3.3 +9.5 +4.3 -0.1 +13.7 +17.2

Table A.3: Relative performance variation with dataset-specific prompts. TI stands for
text inclusion, LI for Llama inclusion, and CS for concept similarity.
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Appendix A. Extended results of classification with Large Multimodal Models

Correct Wrong
Model Specific Generic Specific Generic

Zero-shot chain-of-thought
InternVL2 [39, 38] 2B +3.5 -5.5 +1.4 +0.6
InternVL2 [39, 38] 4B +4.8 +9.7 -2.0 -12.5
InternVL2 [39, 38] 8B +3.9 +2.1 -1.1 -4.9
Qwen2VL [253] 2B +8.0 +3.1 -0.4 -10.8
Qwen2VL [253] 7B +6.9 +8.6 -2.5 -13.1

LlamaV-o1 prompt
InternVL2 [39, 38] 2B +6.7 -8.8 +0.4 +1.7
InternVL2 [39, 38] 4B +0.5 -9.8 +0.4 +9.0
InternVL2 [39, 38] 8B +3.7 -6.2 +0.6 +1.9
Qwen2VL [253] 2B +12.7 -8.6 +1.0 -5.1
Qwen2VL [253] 7B +4.4 -6.3 +0.8 +1.0

LLaVA-CoT prompt
InternVL2 [39, 38] 2B 7.3 -1.2 -0.9 -5.2
InternVL2 [39, 38] 4B 5.2 10.0 -2.3 -12.8
InternVL2 [39, 38] 8B 1.5 22.5 -2.8 -21.1
Qwen2VL [253] 2B 6.3 -4.2 0.3 -2.4
Qwen2VL [253] 7B 6.3 7.0 -2.0 -11.3

Reasoning models
InternVL2.5 [36] 2B -2.5 -7.6 +4.2 +6.0
InternVL2.5 [36] 4B +4.7 -2.4 +4.4 -6.6
InternVL2.5 [36] 8B +0.7 -0.3 +4.1 -4.5
Qwen2.5VL [12] 3B +10.8 -6.5 +2.6 -6.9
Qwen2.5VL [12] 7B +19.1 -9.4 +3.5 -13.2

Table A.4: Gains on the types of model prediction when instructing the models to
reason with chain-of-thought, and when using reasoning models on five datasets, i.e.,
Caltech101, DTD, Flowers102, OxfordPets, UCF101.
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Caltech101 DTD Flowers102
Model TI LI CS TI LI CS TI LI CS

Zero-shot chain-of-thought
InternVL2 [39, 38] 2B +0.3 -0.5 +4.0 +2.3 +18.5 +5.3 -3.5 -7.8 +1.3
InternVL2 [39, 38] 4B -5.1 +2.2 -0.7 +1.4 +29.3 +3.1 +0.9 +16.0 +2.7
InternVL2 [39, 38] 8B -2.3 +2.2 +0.5 +4.0 +20.7 +3.5 -1.7 +13.8 +0.1
Qwen2VL [253] 2B +1.8 +3.6 +5.5 +6.5 +25.4 +8.2 -1.9 +5.4 +2.0
Qwen2VL [253] 7B -2.9 +5.0 +1.5 +6.5 +21.5 +5.5 -4.9 +13.6 -1.5

LlamaV-o1 multi-round prompt
InternVL2 [39, 38] 2B +0.4 +2.4 +4.1 +3.0 +7.8 +4.1 -2.6 -7.0 +1.9
InternVL2 [39, 38] 4B -2.7 -4.3 -3.3 -0.5 +4.1 -0.7 +0.2 -9.1 -0.5
InternVL2 [39, 38] 8B -1.5 -2.0 +1.3 +3.2 +8.9 +3.6 -2.5 +3.0 -2.2
Qwen2VL [253] 2B +0.8 +0.3 +4.8 +6.3 +8.1 +6.7 -5.8 -7.7 -4.1
Qwen2VL [253] 7B -1.0 -3.0 -1.5 +3.3 +2.4 +0.2 -6.8 -17.3 -10.3

LLaVA-COT prompt
InternVL2 [39, 38] 2B -0.6 +6.4 +4.1 +1.6 +19.8 +3.9 -3.8 +11.2 +1.2
InternVL2 [39, 38] 4B +0.1 +5.0 +2.0 +0.8 +23.7 +2.9 -4.9 +30.8 -3.0
InternVL2 [39, 38] 8B -1.7 +5.8 +1.3 +0.4 +25.3 +2.8 -8.9 +44.7 -6.8
Qwen2VL [253] 2B +1.6 +0.4 +5.2 +4.4 +10.3 +6.4 -8.9 -7.9 -5.4
Qwen2VL [253] 7B +0.3 +3.0 +3.4 +0.3 +12.5 +4.5 -10.2 +8.8 -7.2

OxfordPets UCF101
Model TI LI CS TI LI CS

Zero-shot chain-of-thought
InternVL2 [39, 38] 2B +4.9 -14.9 +5.3 +6.3 +5.3 +6.3
InternVL2 [39, 38] 4B +3.0 +6.9 +4.9 +4.6 +23.9 +4.6
InternVL2 [39, 38] 8B +2.3 -9.7 +4.2 +4.3 +14.9 +3.2
Qwen2VL [253] 2B +6.8 +3.6 +6.7 +5.7 +23.2 +7.9
Qwen2VL [253] 7B +7.1 +17.0 +7.7 +2.3 +23.9 +5.4

LlamaV-o1 multi-round prompt
InternVL2 [39, 38] 2B +9.9 -18.8 +8.3 +5.5 +11.4 +5.0
InternVL2 [39, 38] 4B +3.4 -31.1 -5.2 +4.1 +3.9 +2.6
InternVL2 [39, 38] 8B +8.2 -15.5 +7.6 +5.4 +3.1 +2.8
Qwen2VL [253] 2B +27.6 +0.1 +19.5 +7.9 +19.1 +9.7
Qwen2VL [253] 7B +22.9 -3.4 +16.4 +3.3 +10.9 +4.2

LLaVA-COT prompt
InternVL2 [39, 38] 2B +7.9 -8.6 +6.7 +5.8 +11.9 +5.2
InternVL2 [39, 38] 4B +6.7 +7.7 +7.2 +3.6 +16.4 +3.7
InternVL2 [39, 38] 8B -2.9 +28.9 +1.3 +3.2 +18.8 +0.8
Qwen2VL [253] 2B +5.6 -8.0 +6.1 +9.1 +18.5 +10.6
Qwen2VL [253] 7B +8.5 +16.2 +9.6 +6.6 +22.6 +7.1

Table A.5: Relative performance variation with chain-of-thought prompts on five
datasets. TI stands for text inclusion, LI for Llama inclusion, and CS for concept
similarity.
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Appendix A. Extended results of classification with Large Multimodal Models

Correct Wrong
Model Specific Generic Specific Generic

List
Idefics2 [132] 8B -4.2 -9.5 +4.0 +9.7
InstructBLIP [58] Vicuna 7B +9.6 -16.1 +1.5 +5.0
InternVL2 [39, 38] 2B -3.1 -14.2 +3.5 +13.9
InternVL2 [39, 38] 4B -1.4 -10.9 +0.9 +11.3
InternVL2 [39, 38] 8B -2.6 -6.7 +0.8 +8.5
LLaVA-1.5 [162] 7B -2.6 -13.7 +2.6 +13.6
LLaVA-NeXT [135] (Mistral 7B) -4.4 +1.3 -0.4 +3.5
LLaVA-NeXT [135] (Vicuna 7B) -1.6 -5.7 +1.3 +6.0
LLaVa-OV [136] (Qwen2 0.5B) +3.6 -14.7 +2.0 +9.1
LLaVa-OV [136] (Qwen2 7B) +9.3 -13.5 +2.2 +2.0
Phi-3-Vision [2] -0.5 -16.8 +2.5 +14.9
Qwen2VL [253] 2B +2.4 -5.0 -0.3 +3.0
Qwen2VL [253] 7B -10.7 -9.1 +2.6 +17.2

Caption
Idefics2 [132] 8B +0.1 -12.0 +3.2 +8.6
InstructBLIP [58] Vicuna 7B +2.3 -13.1 +2.8 +8.0
InternVL2 [39, 38] 2B -4.0 -6.6 +1.0 +9.6
InternVL2 [39, 38] 4B -2.1 -7.9 +1.1 +8.9
InternVL2 [39, 38] 8B -7.4 -2.5 +0.9 +9.0
LLaVA-1.5 [162] 7B +6.4 -15.9 +1.2 +8.4
LLaVA-NeXT [135] (Mistral 7B) -20.2 +2.9 +2.4 +15.0
LLaVA-NeXT [135] (Vicuna 7B) -14.2 -2.7 +2.2 +14.6
LLaVa-OV [136] (Qwen2 0.5B) +4.7 -8.4 +0.0 +3.7
LLaVa-OV [136] (Qwen2 7B) +0.7 -10.6 +2.7 +7.2
Phi-3-Vision [2] +10.9 -13.2 +0.3 +2.0
Qwen2VL [253] 2B +3.8 -0.9 -0.1 -2.8
Qwen2VL [253] 7B +2.7 -4.7 +0.2 +1.8

Describe
Idefics2 [132] 8B -9.4 -13.9 4.2 19.1
InstructBLIP [58] Vicuna 7B 9.9 -11.2 1.6 -0.3
InternVL2 [39, 38] 2B 5.6 -11.6 0.6 5.4
InternVL2 [39, 38] 4B 4.6 -11.9 1.0 6.2
InternVL2 [39, 38] 8B 1.1 -6.7 0.3 5.3
LLaVA-1.5 [162] 7B 7.2 -17.4 1.5 8.7
LLaVA-NeXT [135] (Mistral 7B) -2.1 1.6 -0.9 1.4
LLaVA-NeXT [135] (Vicuna 7B) 1.1 -5.0 0.0 3.9
LLaVa-OV [136] (Qwen2 0.5B) 15.0 -5.8 -2.1 -7.0
LLaVa-OV [136] (Qwen2 7B) 19.8 -10.5 -0.5 -8.8
Phi-3-Vision [2] 10.3 -11.8 -0.2 1.6
Qwen2VL [253] 2B 8.7 -7.9 0.1 -0.9
Qwen2VL [253] 7B 8.8 -8.9 0.3 -0.2

Table A.6: Gains on the types of model prediction when instructing the models with
multi-label prompts on five datasets, i.e., Caltech101, DTD, Flowers102, OxfordPets,
UCF101.
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Caltech101 DTD Flowers102
Model TI LI CS TI LI CS TI LI CS

List
Idefics2 [132] 8B -1.5 -12.8 -2.8 +3.6 +3.4 +2.0 +3.6 -19.3 -0.3
InstructBLIP [58] Vicuna 7B +12.5 -3.5 +4.5 +6.8 +15.8 +6.0 +13.7 -24.2 +5.9
InternVL2 [39, 38] 2B -0.8 -6.1 +1.2 -1.5 -2.8 -1.7 -4.2 -23.5 -2.4
InternVL2 [39, 38] 4B +1.8 -4.3 +0.7 -1.8 +3.6 -1.6 -3.7 -12.7 -5.7
InternVL2 [39, 38] 8B -1.7 -2.2 -0.2 -0.8 +0.1 -1.2 -4.8 -2.3 -5.2
LLaVA-1.5 [162] 7B -0.7 -6.3 -2.7 +0.7 +2.6 +1.4 +0.8 -21.5 -0.9
LLaVA-NeXT [135] (Mistral 7B) -2.5 -2.1 -0.4 -1.1 -1.2 -0.8 -5.1 -2.1 -4.1
LLaVA-NeXT [135] (Vicuna 7B) -1.5 -2.9 -0.6 -0.7 -1.4 -1.0 -2.7 -3.7 -2.8
LLaVa-OV [136] (Qwen2 0.5B) +6.3 -8.1 +0.5 +1.8 +5.7 +4.4 +8.1 -23.8 +4.0
LLaVa-OV [136] (Qwen2 7B) +6.5 +1.1 +3.6 +3.0 +14.2 +6.2 +1.6 -7.2 -0.6
Phi-3-Vision [2] -1.1 -11.9 +1.0 -1.9 +1.6 -1.8 +3.3 -17.1 +1.4
Qwen2VL [253] 2B +0.4 -0.1 +2.6 +5.9 +9.7 +6.3 -10.6 -12.2 -8.0
Qwen2VL [253] 7B -1.8 -10.4 -1.0 +0.4 +2.7 +1.4 -24.2 -44.0 -21.4

Caption
Idefics2 [132] 8B -2.8 -5.4 -4.9 +5.3 +13.5 +3.2 +6.2 -33.5 -0.7
InstructBLIP [58] Vicuna 7B +9.4 -8.6 +0.0 +4.7 +14.6 +3.4 +6.6 -34.5 -0.8
InternVL2 [39, 38] 2B -6.3 -4.5 -9.9 -1.1 -5.1 -6.3 -2.2 -20.3 -7.3
InternVL2 [39, 38] 4B -0.8 -6.5 -9.2 -2.2 -2.9 -5.3 -1.9 -13.6 -7.9
InternVL2 [39, 38] 8B -4.2 -4.3 -9.5 +1.0 +0.6 -4.8 -5.4 -4.2 -13.5
LLaVA-1.5 [162] 7B +0.9 +1.6 +5.4 +3.0 +4.8 +7.1 -1.0 -27.5 +3.7
LLaVA-NeXT [135] (Mistral 7B) -9.4 -15.5 -17.7 -5.5 -20.9 -9.0 -8.1 -10.2 -15.2
LLaVA-NeXT [135] (Vicuna 7B) -8.4 -13.5 -16.9 -4.9 -20.3 -9.7 -2.2 -5.9 -11.3
LLaVa-OV [136] (Qwen2 0.5B) +2.5 -0.1 -8.9 +1.2 +2.7 +0.2 +12.6 -23.0 -0.3
LLaVa-OV [136] (Qwen2 7B) +0.7 -6.8 -8.1 -1.7 +1.9 -3.1 -6.2 -28.4 -11.2
Phi-3-Vision [2] +2.5 +0.4 +3.5 +2.4 +10.0 +5.8 +12.4 -4.6 +8.7
Qwen2VL [253] 2B +0.3 +0.3 -5.2 +2.9 +7.1 +0.5 -6.6 -8.9 -14.8
Qwen2VL [253] 7B -0.6 -1.1 +0.9 +1.7 +1.7 +1.2 -8.5 -15.8 -13.5

Describe
Idefics2 [132] 8B -10.0 -21.1 -5.1 -0.8 -4.9 -2.2 +3.3 -33.0 -0.6
InstructBLIP [58] Vicuna 7B +11.5 -4.6 -1.9 +6.9 +18.7 +5.2 +15.2 -25.5 +3.5
InternVL2 [39, 38] 2B -1.4 +1.4 +3.4 +0.9 -0.5 +1.0 -2.3 -18.0 +1.1
InternVL2 [39, 38] 4B +2.0 -0.9 +2.2 +34.6 +5.4 -20.8 -0.4 -10.6 +0.1
InternVL2 [39, 38] 8B -1.7 -0.2 +1.0 +0.3 +2.1 +0.4 -5.1 +0.0 -5.4
LLaVA-1.5 [162] 7B +1.9 +0.6 +6.6 +3.8 +6.6 +7.5 +0.5 -28.0 +4.7
LLaVA-NeXT [135] (Mistral 7B) -1.9 +0.8 +0.8 +0.3 -1.0 +0.8 -4.9 -3.8 -4.1
LLaVA-NeXT [135] (Vicuna 7B) -1.7 +0.5 +0.4 -0.5 -0.7 +0.4 -2.7 -5.1 -3.7
LLaVa-OV [136] (Qwen2 0.5B) +6.7 +7.6 +4.3 +6.1 +21.7 +8.0 +12.1 -6.9 +7.6
LLaVa-OV [136] (Qwen2 7B) +8.1 +6.5 +5.8 +5.1 +22.4 +7.0 +7.4 -5.3 +3.0
Phi-3-Vision [2] -0.1 -0.1 +2.0 +2.8 +11.5 +5.6 +11.7 -2.7 +8.5
Qwen2VL [253] 2B +1.8 +1.8 +5.0 +5.4 +8.1 +6.7 -6.5 -13.3 -3.8
Qwen2VL [253] 7B -1.0 -1.9 +2.9 +2.1 +2.4 +4.1 -2.6 -15.6 -4.1

164



Appendix A. Extended results of classification with Large Multimodal Models

OxfordPets UCF101
Model TI LI CS TI LI CS

List
Idefics2 [132] 8B +1.8 -17.6 +3.5 +2.7 -6.6 -1.2
InstructBLIP [58] Vicuna 7B +2.6 -29.1 +0.9 +6.7 +21.1 +9.3
InternVL2 [39, 38] 2B +4.8 -32.8 +2.2 -3.1 -11.2 -1.6
InternVL2 [39, 38] 4B +3.4 -35.5 +3.1 +2.2 -0.2 +0.6
InternVL2 [39, 38] 8B +2.3 -26.5 +2.4 +1.0 -3.9 -3.2
LLaVA-1.5 [162] 7B +0.9 -23.0 +1.4 -1.5 -10.2 +0.0
LLaVA-NeXT [135] (Mistral 7B) -9.5 -7.6 -4.3 -0.6 -0.6 -1.8
LLaVA-NeXT [135] (Vicuna 7B) +3.6 -19.0 +6.5 -1.3 -3.7 -1.5
LLaVa-OV [136] (Qwen2 0.5B) +2.1 -39.0 +3.0 +5.5 +19.5 +4.0
LLaVa-OV [136] (Qwen2 7B) +2.1 -46.9 +0.9 +13.6 +29.1 +19.9
Phi-3-Vision [2] +1.5 -40.7 +1.9 +1.2 +3.0 +3.9
Qwen2VL [253] 2B -3.4 -23.1 -5.0 +6.3 +18.6 +7.5
Qwen2VL [253] 7B -5.6 -39.2 -1.0 +0.4 +0.8 -0.7

Caption
Idefics2 [132] 8B +8.3 -18.9 +6.4 +3.4 +1.3 +0.2
InstructBLIP [58] Vicuna 7B +3.5 -24.6 +1.6 +5.2 +11.1 +4.5
InternVL2 [39, 38] 2B +10.3 -13.3 +3.0 +0.2 -7.0 -2.4
InternVL2 [39, 38] 4B +13.8 -18.3 +4.3 -0.1 -3.6 -19.7
InternVL2 [39, 38] 8B +2.9 -20.3 -1.5 -1.4 -10.0 -4.6
LLaVA-1.5 [162] 7B +5.6 -19.6 +7.9 +3.2 +9.2 +5.3
LLaVA-NeXT [135] (Mistral 7B) -16.2 -10.6 -17.8 -4.8 -28.0 -9.7
LLaVA-NeXT [135] (Vicuna 7B) +0.5 -17.0 -3.8 -4.8 -24.3 -9.5
LLaVa-OV [136] (Qwen2 0.5B) +10.2 -18.2 +4.7 +7.1 +22.6 +5.2
LLaVa-OV [136] (Qwen2 7B) +5.6 -35.4 +2.0 +9.5 +21.3 +16.9
Phi-3-Vision [2] +17.1 -14.2 +12.8 +3.8 +13.5 +4.9
Qwen2VL [253] 2B +20.0 +0.2 +8.5 +3.6 +15.4 +5.2
Qwen2VL [253] 7B +13.2 -7.2 +10.0 +48.4 -32.7 +3.8

Describe
Idefics2 [132] 8B +2.1 -22.0 +4.0 -2.4 -19.9 -6.8
InstructBLIP [58] Vicuna 7B +9.6 -12.3 +6.8 +5.0 +24.1 +8.3
InternVL2 [39, 38] 2B +14.9 -18.3 +11.4 +9.7 -23.0 -6.1
InternVL2 [39, 38] 4B +16.3 -20.4 +12.4 +1.7 +1.6 +0.8
InternVL2 [39, 38] 8B +10.7 -18.7 +9.0 +0.9 -1.6 -2.1
LLaVA-1.5 [162] 7B +5.6 -22.9 +7.9 +2.7 +10.0 +5.7
LLaVA-NeXT [135] (Mistral 7B) -6.6 -3.1 -1.9 +1.1 +3.6 -1.1
LLaVA-NeXT [135] (Vicuna 7B) +7.6 -13.1 +9.5 -1.1 +1.6 -1.8
LLaVa-OV [136] (Qwen2 0.5B) +11.7 -7.6 +10.7 +5.4 +1.5 -7.7
LLaVa-OV [136] (Qwen2 7B) +20.3 -18.0 +14.3 +16.6 +43.1 +21.6
Phi-3-Vision [2] +14.6 -14.0 +11.2 +4.4 +15.0 +5.8
Qwen2VL [253] 2B +12.8 -12.1 +10.0 +17.7 -8.0 +0.1
Qwen2VL [253] 7B +24.6 -2.2 +18.6 +4.4 +14.2 +4.5

Table A.7: Relative performance variation with multi-label prompts on five datasets.
TI stands for text inclusion, LI for Llama inclusion, and CS for concept similarity.
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Datasets
Model C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg.

Text inclusion
InternVL2.5 [37] 2B 55.8 12.6 12.6 1.5 10.9 17.0 8.7 0.0 16.3 13.7 14.9
InternVL2.5 [37] 4B 55.6 10.9 12.1 0.9 12.2 24.9 14.6 0.0 23.7 14.9 17.0
InternVL2.5 [37] 8B 56.4 12.1 8.4 3.0 16.8 29.7 7.2 0.1 24.7 13.8 17.2
Qwen2.5VL [12] 3B 62.1 13.9 1.6 18.8 49.7 44.2 38.9 0.0 30.7 18.0 27.8
Qwen2.5VL [12] 7B 65.6 16.7 4.4 32.7 56.1 54.9 65.1 0.0 33.6 21.5 35.1

Closed-world baselines

CLIP [205] 87.1 52.6 42.7 27.2 76.9 89.9 88.1 76.2 65.6 72.7 67.9
SigLIP [290] 93.6 60.8 42.1 46.0 88.2 94.1 95.4 92.3 69.9 82.1 76.5

Llama inclusion
InternVL2.5 [37] 2B 76.8 49.2 47.2 55.4 42.4 34.2 39.2 49.3 49.3 51.1 49.4
InternVL2.5 [37] 4B 77.1 48.7 42.6 61.4 43.3 52.0 49.4 49.8 63.1 53.6 54.1
InternVL2.5 [37] 8B 78.4 48.9 45.5 59.1 51.2 53.2 48.2 60.6 62.7 52.7 56.1
Qwen2.5VL [12] 3B 81.4 58.1 6.3 58.9 71.5 68.7 51.4 58.9 78.9 58.8 59.3
Qwen2.5VL [12] 7B 84.5 59.8 12.6 69.6 75.2 76.4 71.0 71.2 81.1 67.0 66.8

Closed-world baselines

CLIP [205] 87.1 52.6 42.7 27.2 76.9 89.9 88.1 76.2 65.6 72.7 67.9
SigLIP [290] 93.6 60.8 42.1 46.0 88.2 94.1 95.4 92.3 69.9 82.1 76.5

Semantic similarity
InternVL2.5 [37] 2B 49.5 25.2 31.4 21.4 26.7 33.5 22.4 41.8 39.8 41.5 33.3
InternVL2.5 [37] 4B 51.7 26.7 31.7 20.9 29.4 41.6 27.4 41.9 46.5 43.5 36.1
InternVL2.5 [37] 8B 53.2 27.1 29.5 21.4 32.1 42.2 24.2 42.9 47.0 43.2 36.3
Qwen2.5VL [12] 3B 51.8 27.4 12.3 28.9 45.4 48.0 31.4 50.9 47.0 43.2 38.6
Qwen2.5VL [12] 7B 48.8 28.2 18.9 36.5 47.4 52.4 41.1 55.0 47.0 44.2 42.0

Closed-world baselines

CLIP [205] 90.8 69.9 67.7 66.7 83.4 93.7 91.8 80.5 92.2 83.3 82.0
SigLIP [290] 97.8 75.6 63.1 80.0 92.0 96.4 96.8 98.1 83.1 89.6 87.3

Concept similarity
InternVL2.5 [37] 2B 78.0 46.2 59.9 33.1 47.8 53.5 39.7 50.0 59.5 61.4 52.9
InternVL2.5 [37] 4B 77.3 44.8 57.1 31.1 49.3 61.7 45.8 48.3 66.1 61.8 54.3
InternVL2.5 [37] 8B 77.7 45.4 52.7 31.5 54.2 64.5 41.9 49.2 66.3 62.2 54.6
Qwen2.5VL [12] 3B 81.8 51.3 23.8 52.4 72.6 73.2 62.1 64.7 70.8 62.9 61.6
Qwen2.5VL [12] 7B 85.8 53.2 41.3 68.4 79.7 79.6 77.3 68.4 74.1 67.1 69.5

Closed-world baselines

CLIP [205] 90.8 69.9 67.7 66.7 83.4 93.7 91.8 80.5 92.2 83.3 82.0
SigLIP [290] 97.8 75.6 63.1 80.0 92.0 96.4 96.8 98.1 83.1 89.6 87.3

Table A.8: OW results of reasoning models on ten datasets. Higher is better, bold
indicates best. Note that the Llama inclusion for CLIP closed-world equals the textual
inclusion scores.

166



Appendix B

Extended results of benchmarking of

Large Multimodal Models

We provide additional details about the results reported in section 4.1.3. In particular,

results in table B.1 are associated with results already reported in c4.3. Similarly,

table B.2 is associated with experiments on groups of data types, discussed in the same

section. Finally, numbers reported in table B.3 corresponds to fig. 4.4.

By analyzing the results with APEx, we observe some interesting behaviors of

LMMs. For example, the recognition performance of LMMs can be extremely sensitive

to the questions/answers. Simply rephrasing the question-answers pairs, one can expect

very different performances. Examples of this behavior can be observed by looking at

Tab. B.1. While certain sensitivity to textual prompts is expected, it is often under-

explored in current studies, for instance, in the study we compared with [246], only

fixed prompts are used in their benchmark. Instead, the prompt question generation in

APEx is handled by an LLM that produces different prompt questions at each round

of experiment design, facilitating new findings along this aspect.

There are also interesting findings specific to different LLMs. For example (see ta-

ble B.1), BLIP-2 is good at recognizing low-contrast images (up to 0.84% accuracy)

while the performances of other LMMs are around random chance. IDEFICS has a

strong recognition performance on high brightness (almost perfect), while the other

models underperform. When recognizing high-contrast images, the synonym “well-lit”

sometimes appears in the questions, but is only understood by LLaVA (with even

improved performance), while other models fail to interpret the synonym properly.

Interestingly, the performance of recognizing pixel transformation does not positively

correlate with their semantic understanding. While models cannot recognize the pres-
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ence of high contrast, that does not undermine their understanding of the semantic

class depicted in the image.

Q&A Tools Models

BLIP-2 IDEFICS LLaVA

“Can models identify left rotation in images?”

Is the image rotated to the left? 0.49 0.47 0.50

- Yes Retrieval("random"), Rotate(-90)

- No Retrieval("random")

Is the wheeled vehicle in the image a car or a truck? 1.00 0.50 0.77

- A car Generation("car"), Rotate(-90)

- A truck Generation("truck"), Rotate(-90)

Is the image rotated to the left? 0.43 0.50 0.50

- Yes Retrieval("random"), Rotate(-90)

- No Retrieval("random")

Is the object in the image rotated to the left? 0.50 0.66 0.50

- Yes Generation("dog"), Rotate(-90)

- No Generation("dog")

Does the image contain a rotated object? 0.43 0.50 0.53

- Yes Retrieval("random"), Rotate(-90)

- No Retrieval("random")

“Can models identify low contrast in images?”

Is the image low-contrast? 0.19 0.48 0.50

- Yes Retrieval("dog"), ChangeContrast(0.5)

- No Retrieval("vehicle")

Is the contrast level of the image very low? 0.84 0.50 0.50

- Yes, very low contrast Generation("dog"), ChangeContrast(0.3)

- No, contrast is high Generation("vehicle"), ChangeContrast(1.0)

“Can models identify zoom in images?”

Has the image been zoomed in? 0.50 0.46 0.50

- Yes Retrieval("wheeled vehicle"), Zoom(1.5)

- No Retrieval("wheeled vehicle")

Is the object in the image a bird? 0.48 0.53 0.90

- Yes Retrieval("bird"), Zoom(1.5)

- No Retrieval("random")

Is the object in the image a dog? 0.50 0.50 1.00

- Yes Retrieval("dog"), Zoom(1.5)

- No Retrieval("bird"), Zoom(1.5)

“Can models identify right rotation in images?”

Is the image rotated to the right? 0.47 0.55 0.50

- Yes Retrieval("random"), Rotate(90)

- No Retrieval("random")

Is the image rotated to the right? 0.50 0.85 0.50

- Yes Retrieval("wheeled vehicle"), Rotate(90)

- No Retrieval("device")

Is the rotated image showing a wheeled vehicle? 0.61 0.50 1.00

- Yes Retrieval("wheeled vehicle"), Rotate(90)

- No Retrieval("device")

Is the image rotated to the right? 0.41 0.67 0.50

- Yes Retrieval("device"), Rotate(180)

- No Retrieval("device")

Is the image rotated to the right by 45 degrees? 0.60 0.50 0.50

- Yes Retrieval("device"), Rotate(45)

- No Retrieval("device")

“Can models identify Gaussian noise in images?”

Is there gaussian noise in the image? 0.65 0.50 1.00

- Yes Generation("random"), AddGaussianNoise(1.4)

- No Generation("random")

Does the image contain significant gaussian noise? 0.51 0.50 0.97

- Yes Generation("random"), AddGaussianNoise(2.0)
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- No Generation("random")

Does the image contain mild gaussian noise? 0.70 0.50 0.79

- Yes Generation("photography"), AddGaussianNoise(1.7)

- No Generation("photography")

Is the image corrupted with mild gaussian noise? 0.57 0.56 0.52

- Yes Generation("random"), AddGaussianNoise(1.7)

- No Generation("random")

Is the image corrupted with mild gaussian noise? 0.51 0.53 0.53

- Yes Generation("random"), AddGaussianNoise(1.7)

- No Generation("random")

“Can models identify high contrast in images?”

Is the image high contrast? 0.49 0.48 0.50

- Yes Generation("random"), ChangeContrast(2)

- No Generation("random"), ChangeContrast(2)

Is the image a high contrast scene? 0.61 0.50 0.76

- Yes Generation("high contrast scene"), ChangeContrast(2)

- No Generation("low contrast scene"), ChangeContrast(0.5)

Is the image well-lit? 0.75 0.50 0.50

- Yes Retrieval("structure"), ChangeContrast(2)

- No Retrieval("natural object"), ChangeContrast(0.5)

Is the object in the image clearly visible in a high contrast scene? 0.51 0.50 0.50

- Yes Generation("structure"), ChangeContrast(2)

- No Generation("natural object"), ChangeContrast(0.5)

Is the vehicle in the image clearly visible in a high contrast scene? 0.53 0.50 0.50

- Yes Generation("wheeled vehicle"), ChangeContrast(2)

- No Generation("wheeled vehicle"), ChangeContrast(0.5)

“Can models identify low brightness in images?”

Is the image in low brightness? 0.39 0.51 0.50

- Yes Generation("random"), ChangeBrightness(0.5)

- No Generation("random")

Is the image in very low brightness? 0.33 0.50 0.50

- Yes Generation("random"), ChangeBrightness(0.2)

- No Generation("random")

Is the image in extremely low brightness? 0.52 0.50 0.50

- Yes Generation("random"), ChangeBrightness(0.1)

- No Generation("random")

Is the image in extremely low brightness? 0.46 0.50 0.50

- Yes Generation("random"), ChangeBrightness(0.1)

- No Generation("random")

What object is present in the image in extremely low brightness? 1.00 1.00 1.00

- A cat Generation("cat"), ChangeBrightness(0.1)

- A car Generation("car"), ChangeBrightness(0.1)

“Can models identify the presence of patching and reshuffling in images?”

Is the image randomly reshuffled? 0.42 0.50 0.83

- No Retrieval("random")

- Yes Retrieval("random"), CropAndShuffle(2)

Is the image randomly patched? 0.53 0.42 0.79

- No Retrieval("random")

- Yes Retrieval("random"),

PasteGeometricShape("square", 48, [255, 0, 0], False, 1)

Does the image contain a randomly patched object or reshuffled patches? 0.54 0.52 0.50

- No Retrieval("random")

- Yes Retrieval("random"), CropAndShuffle(2)

Does the image contain a randomly patched object and randomly reshuffled patches? 0.60 0.50 0.82

- No Retrieval("random")

- Yes Retrieval("random"), CropAndShuffle(3)

Is the image non-randomly reshuffled and patched? 0.67 0.32 0.50

- No Retrieval("random")

- Yes Retrieval("random"), Mixup(1.0)

“Can models identify the presence of cutmix in images?”

Is cutmix present in the image? 0.61 0.51 0.62
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- Yes Retrieval("random"), CutMix(alpha=1.0)

- No Retrieval("random")

What is the size of the cutmix present in the image? 0.35 0.30 0.33

- Small Retrieval("cutmix"), CutMix(0.5)

- Large Retrieval("cutmix"), CutMix(1.5)

- None Retrieval("random")

Is the cutmix covering a large portion of the image? 0.42 0.50 0.92

- Yes Generation("cutmix")

- No Retrieval("random")

“Can models identify jpeg compression in images?”

Is the image compressed with jpeg compression? 0.50 0.31 0.50

- Yes Retrieval("wheeled vehicle"), AddJPEGCompression(18.0)

- No Retrieval("dog")

Is the image heavily compressed with jpeg compression? 0.50 0.50 0.50

- Yes Generation("wheeled vehicle"), AddJPEGCompression(15.0)

- No Retrieval("dog")

Is the image moderately compressed with jpeg compression? 0.50 0.50 0.50

- Yes Generation("dog"), AddJPEGCompression(20.0)

- No Retrieval("wheeled vehicle")

Is the image lightly compressed with jpeg compression? 0.92 0.50 0.50

- Yes Retrieval("wheeled vehicle"), AddJPEGCompression(30.0)

- No Retrieval("dog")

“Can models identify the presence of mixup in images?”

Does the image contain mixup? 0.63 0.55 0.50

- Yes Retrieval("wheeled vehicle"), Mixup(0.5)

- No Retrieval("wheeled vehicle")

Does the image contain mixup? 0.69 0.55 0.68

- Yes Retrieval("random"), Mixup(0.7)

- No Retrieval("random")

“Can models identify high brightness in images?”

Is the brightness level in the image high? 0.53 1.00 0.50

- Yes Retrieval("sunny outdoor scenes"), ChangeBrightness(2)

- No Retrieval("low-light indoor scene"), ChangeBrightness(0.5)

Is the brightness level in the image extremely high? 0.62 1.00 0.50

- Yes Retrieval("sunny outdoor scenes"), ChangeBrightness(4)

- No Retrieval("low-light indoor scene"), ChangeBrightness(0.5)

Is the image extremely bright? 0.50 0.97 0.50

- Yes Generation("sunny outdoor scenes"), ChangeBrightness(4)

- No Generation("low-light indoor scene"), ChangeBrightness(0.5)

“Can models identify if text is present in images?”

Is there visible text in the image? 0.50 0.77 0.69

- Yes Retrieval("random")

- No Retrieval("random"), OverlayColor([0, 0, 0], 1.0)

Is the word ’stop’ present in the image? 0.81 0.78 0.73

- Yes Generation("Stop")

- No Generation("random")

Is the word ’danger’ present in the image? 0.66 0.96 1.00

- Yes Generation("danger")

- No Generation("random")

Is the word ’caution’ present in the image? 0.48 0.78 0.91

- Yes Generation("caution")

- No Generation("random")

Is there any visible text present in the image? 0.50 0.50 0.54

- Yes Retrieval("random")

- No Retrieval("random"), OverlayColor([0, 0, 0], 1.0)

“Can models identify if objects are styled like plushies?”

Is the image styled like a plushie? 1.00 0.50 0.50

- Yes Generation("plushie")

- No Generation("dog")

Is the object in the image styled like a plushie dog or a plushie cat? 1.00 1.00 1.00

- A plushie dog Generation("plushie dog")
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- A plushie cat Generation("plushie cat")

Is the image styled like a plushie dog or a plushie cat? 1.00 1.00 1.00

- A plushie dog Generation("plushie dog")

- A plushie cat Generation("plushie cat")

Is the object in the image styled like a plushie dog, a plushie cat, or a plushie bear? 1.00 0.93 1.00

- A plushie dog Generation("plushie dog")

- A plushie cat Generation("plushie cat")

- A plushie bear Generation("plushie bear")

Is the image styled like a floral plushie or a plushie dog? 0.50 0.50 0.50

- A floral plushie Generation("floral plushie")

- A plushie dog Generation("plushie dog")

“Can models identify tiger stripes in images?”

Are the stripes on the animal in the image tiger stripes? 0.23 0.50 0.50

- Yes Retrieval("tiger")

- No Retrieval("zebra")

Do the stripes on the animal in the image resemble tiger stripes? 1.00 0.75 0.52

- Yes Retrieval("tiger")

- No Retrieval("zebra")

Is the image displaying tiger stripes? 0.50 0.73 0.54

- Yes Retrieval("tiger")

- No Retrieval("zebra")

“Can models identify snow in images?”

Is there snow in the image? 0.50 0.50 1.00

- Yes Retrieval("snowy landscape")

- No Retrieval("landscape")

What is the dominant color of the snowy region in the image? 1.00 1.00 0.96

- White Retrieval("snowy landscape")

- Blue Retrieval("snowy landscape"), OverlayColor([0, 0, 255], 1.0)

“Can models identify graffiti-styled images?”

Is the image graffiti-styled? 0.54 0.50 1.00

- Yes Generation("graffiti")

- No Retrieval("random")

What type of graffiti style is depicted in the image? 0.96 0.50 0.50

- Calligraffiti Retrieval("calligraffiti")

- Stencil graffiti Retrieval("stencil graffiti")

“Can models identify vertical flip in images?”

Is the image flipped vertically? 0.50 0.50 0.50

- Yes Generation("wheeled vehicle"), Flip("vertical")

- No Generation("wheeled vehicle")

Is there a vertical flip in the image of the wheeled vehicle? 0.50 0.50 0.50

- Yes Generation("wheeled vehicle"), Flip("vertical")

- No Generation("wheeled vehicle")

Is the vehicle in the image flipped vertically? 0.50 0.50 0.50

- Yes Generation("wheeled vehicle"), Flip("vertical")

- No Generation("wheeled vehicle")

Is there a vertical flip in the image of the selected class? 0.50 0.59 0.50

- Yes Generation("wheeled vehicle"), Flip("vertical")

- No Generation("wheeled vehicle")

Is the vehicle in the image flipped vertically? 0.49 0.50 0.50

- Yes Generation("car"), Flip("vertical")

- No Generation("car")

“Can models identify defocus blur in images?”

Is the image defocused? 0.46 0.50 0.50

- Yes Generation("car"), DefocusBlur(5.0)

- No Generation("car")

Does the image contain strong defocus blur? 0.37 0.50 0.50

- Yes Generation("wheeled vehicle"), DefocusBlur(8.0)

- No Generation("device")

’Is the image heavily defocused? 0.38 0.50 0.50

- Yes Generation("wheeled vehicle"), DefocusBlur(8.0)

- No Generation("device")
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“Can models identify cartoon-styled images?”

Is the image a cartoon or a real-life photo? 0.50 0.50 0.50

- A cartoon Generation("bird", "cartoon")

- A real-life photo Retrieval("random")

What type of cartoon is the image depicting? 0.50 0.50 0.50

- A cartoon of a bird Generation("bird", "cartoon")

- A real-life photo of a bird Retrieval("bird")

Is the image depicting a comic-style illustration of a bird or a dog? 1.00 1.00 1.00

- A bird Generation("bird", "comic-style")

- A dog Generation("dog", "comic-style")

“Can models identify if several identical objects are present in images?”

Is the image showing a single identical object? 0.50 0.71 0.87

- Yes Generation("car")

- No Retrieval("random")

Are there multiple identical objects in the image? 0.50 0.50 0.50

- Yes Generation("car")

- No Retrieval("random")

Are there multiple identical objects of different sizes and orientations in the image? 0.50 0.50 0.50

- Yes Generation("car"), PasteObject("car", 64, 3)

- No Retrieval("random")

How many identical objects are present in the image? 0.50 0.50 0.72

- One Retrieval("random")

- Two Generation("car"), PasteObject("car", 64, 2)

How many identical objects are present in the image? 0.50 0.50 0.91

- One Retrieval("car")

- Two Retrieval("random"), PasteObject("car", 64, 2)

“Can models identify embroidery-styled images?”

Is the image in the embroidery style? 0.56 0.50 0.91

- Yes Generation("embroidery")

- No Retrieval("random")

What object is depicted in the embroidery-styled image? 0.50 0.50 0.50

- A bonsai tree Generation("bonsai tree", "embroidery")

- Another object Retrieval("random", "embroidery")

Is the object in the embroidery-styled image a bonsai tree or a flower? 0.50 0.50 0.50

- A bonsai tree Generation("bonsai tree", "embroidery")

- A flower Generation("flower", "embroidery")

Is the object in the embroidery-styled image a flower or a butterfly? 1.00 0.50 0.50

- A flower Generation("flower", "embroidery")

- A butterfly Generation("butterfly", "embroidery")

What object is depicted in the embroidery-styled image? 0.50 0.50 0.50

- A bonsai tree Generation("bonsai tree", "embroidery")

- Another object Retrieval("random", "embroidery")

“Can models identify if multiple objects of different classes are in the image?”

Is there more than one dog in the image? 0.50 0.42 0.73

- Yes Generation("dog"), PasteObject("dog", 256, 2)

- No Generation("dog")

Is there more than one dog in the image? 0.50 0.38 0.67

- Yes Generation("dog"), PasteObject("dog", 256, 2)

- No Generation("dog")

Are there vehicles and animals in the image? 0.50 0.50 0.50

- Yes Generation("wheeled vehicle"), PasteObject("dog", 256, 1)

- No Generation("device"), PasteObject("dog", 256, 1)

Is there a car and a truck in the image? if so, are they both present? 0.50 0.50 0.50

- Yes Generation("car")

- No Generation("truck")

“Can models identify origami-styled in images?”

Is the image origami-styled? 0.49 0.56 0.97

- Yes Generation("origami")

- No Retrieval("random")

What type of origami object is in the image? 0.81 0.52 0.50

- Paper crane Generation("paper crane")
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- Random origami Retrieval("origami")

What type of origami object is in the image? 0.82 0.50 0.50

- Paper crane Generation("paper crane")

- Random origami Retrieval("origami")

Is the image a paper crane? 0.45 0.50 0.50

- Yes Generation("paper crane")

- No Retrieval("origami")

Is the image showing a folded paper boat? 0.61 0.50 0.50

- Yes Generation("paper boat")

- No Generation("random")

“Can models identify sketch-styled in images?”

Is the image a pencil sketch of a vehicle or a natural object? 0.52 1.00 1.00

- Yes Retrieval("wheeled vehicle"), EditStyle("pencil sketch")

- No Retrieval("snake"), EditStyle("pencil sketch")

Is the image a pencil sketch of a bird or a primate? 0.94 0.91 0.97

- A bird Retrieval("bird"), EditStyle("pencil sketch")

- A primate Retrieval("primate"), EditStyle("pencil sketch")

“Can models identify sculpture-styled in images?”

Is the image sculpture-styled? 0.41 0.50 1.00

- Yes Retrieval("sculpture"), EditStyle("sculpture")

- No Retrieval("random")

Is the sculpture in the image a stone sculpture? 0.76 0.57 0.98

- Yes Generation("sculpture"), EditStyle("stone")

- No Retrieval("random")

Is the sculpture in the image a stone sculpture? 0.68 0.54 0.97

- Yes Generation("sculpture"), EditStyle("stone")

- No Retrieval("random")

Is the sculpture in the image a marble sculpture? 0.72 0.56 0.97

- Yes Generation("marble sculpture")

- No Retrieval("random")

Is the sculpture in the image a bronze sculpture? 0.48 0.15 0.50

- Yes Generation("bronze")

- No Retrieval("sculpture"), EditStyle("bronze")

“Can models identify tattoo-styled in images?”

What kind of tattoo is depicted in the image? 1.00 1.00 1.00

- A tribal tattoo Retrieval("tribal tattoo"), EditStyle("tattoos")

- A watercolor tattoo Retrieval("watercolor tattoo"), EditStyle("tattoos")

What kind of tattoo style is depicted in the image? 1.00 1.00 1.00

- A watercolor tattoo Retrieval("watercolor tattoo"), EditStyle("tattoos")

- A tribal tattoo Retrieval("tribal tattoo"), EditStyle("tattoos")

Table B.1: We report the complete outputs for the data types experiments associated
with APEx when queries about data types are provided as input. Due to limited space,
we refer to tools with abbreviated names. Better seen at magnification.

Q&A Tools Models

BLIP-2 IDEFICS LLaVA

“Can models identify geometric-type transformations?”

Is the image rotated by 90 degrees clockwise? 0.47 0.45 0.50

- Yes Retrieval("random"), Rotate(90)

- No Retrieval("random")

Is the image reflected across the vertical axis? 0.52 0.52 0.50

- Yes Retrieval("random"), Flip("vertical")

- No Retrieval("random")

Is the image containing visible text? 0.57 0.12 0.85

- Yes Retrieval("text")

- No Retrieval("random")

Is the image noise-corrupted? 0.51 0.54 0.52
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- Yes Retrieval("random"), AddGaussianNoise(1.4)

- No Retrieval("random")

Is there a zoomed-in region in the image? 0.42 0.50 0.50

- Yes Retrieval("random"), Zoom(2.0)

- No Retrieval("random")

“Can models identify pixel-type transformations?”

Is the image grayscale? 0.93 0.50 0.50

- No Generation("dog")

- Yes Generation("dog"), EditStyle("grayscale")

Is the image rotated clockwise? 0.49 0.48 0.50

- No Retrieval("random")

- Yes Retrieval("random"), Rotate(90)

Is the image affected by gaussian noise? 0.56 0.50 0.66

- No Retrieval("random")

- Yes Retrieval("random"), AddGaussianNoise(2)

Is the image affected by jpeg compression? 0.54 0.50 0.50

- No Retrieval("random")

- Yes Retrieval("random"), AddJPEGCompression(20.0)

Is the image affected by defocus blur? 0.48 0.50 0.50

- No Retrieval("random")

- Yes DefocusBlurImage("random"), AddJPEGCompression(10.0)

“Can models identify semantic-type transformations?”

Is the object in the image a bird or a vehicle? 0.75 0.50 0.50

- A bird Generation("bird")

- A vehicle Generation("wheeled vehicle")

Is the background of the image a natural or man-made environment? 0.50 0.50 0.50

- Natural Generation("forest")

- Man-made Generation("cityscape")

Is the style of the object in the image a photo or a pencil sketch? 0.50 0.50 0.50

- Photo Generation("random", "photo")

- Pencil sketch Generation("random", "pencil sketch")

Is the weather in the image sunny or cloudy? 0.74 0.77 0.97

- Sunny Retrieval("random"), EditWeather("sunny")

- Cloudy Retrieval("random"), EditWeather("cloudy")

Is the image a photograph of a vehicle or an illustration of an animal? 0.80 0.50 0.50

- Vehicle Generation("wheeled vehicle")

- Animal illustration Generation("random", "pencil sketch")

“Can models identify style-type transformations?”

Is the image in a specific artistic style? 0.50 0.56 0.50

- Painting Generation("dog", "oil painting")

- Pastel Retrieval("bird", "pastel")

Is the image in a specific artistic style? 1.00 1.00 0.50

- Sketch Generation("dog", "sketch")

- Mosaic Generation("bird", "mosaic")

Is the image in a specific artistic style? 0.50 0.59 0.50

- Painting Generation("dog", "oil painting")

- Pastel Retrieval("bird", "pastel")

Does the image contain a specific geometrical shape? 1.00 1.00 1.00

- A circle Generation("circle")

- A triangle Generation("triangle")

Is the image in a specific architectural style? 1.00 1.00 1.00

- Baroque Retrieval("structure"), EditStyle("baroque")

- Art deco Retrieval("structure"), EditStyle("art deco")

Table B.2: We report the complete outputs for the data types groups experiments
associated with APEx when considering queries about data type groups. Due to limited
space, we refer to tools with abbreviated names. Better seen at magnification.
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Q&A Tools Models

BLIP-2 IDEFICS LLaVA

“Can models recognize dog breeds?”

Is the image a "labrador retriever" or a "german shepherd"? 0.50 0.50 0.50

- Labrador retriever Retrieval("Labrador Retriever")

- German shepherd Retrieval("German Shepherd")

What breed of dog is depicted in the image? 0.50 0.97 1.00

- Pug Retrieval("pug")

- Dalmatian Retrieval("dalmatian")

Is the dog in the image a ’beagle’ or a ’poodle’? 0.50 0.74 0.61

- Beagle Generation("beagle")

- Poddle Generation("poddle")

Is the image a ’golden retriever’ or a ’rottweiler’? 0.95 0.50 0.80

- Golden retriever Retrieval("golden retriever")

- Rottweiler Retrieval("rottweiler")

Is the image a ’husky’ or a ’malamute’? 0.50 0.43 0.50

- Husky Retrieval("husky")

- Malamute Retrieval("malamute")

“Can models recognize bird types?”

Is the bird in the image a parrot or a toucan? 0.50 0.53 0.72

- A parrot Generation("parrot")

- A toucan Generation("toucan")

Is the bird in the image a hummingbird or a penguin? 1.00 0.86 1.00

- A hummingbird Generation("hummingbird")

- A penguin Generation("penguin")

Is the bird in the image a bald eagle or a flamingo? 1.00 1.00 1.00

- A bald eagle Generation("bald eagle")

- A flamingo Generation("flamingo")

Is the bird in the image a blue jay or a cardinal? 0.50 0.50 0.50

- A blue jay Generation("blue jay")

- A cardinal Generation("cardinal")

Is the bird in the image a goldfinch or a canary? 0.50 0.50 0.50

- A goldfinch Generation("goldfinch")

- A canary Generation("canary")

“Can models recognize vehicles?”

Is the object in the image a car or a truck? 1.00 0.98 0.52

- A car Generation("car")

- A truck Generation("truck")

Is the object in the image a sedan or a pickup truck? 1.00 0.50 0.50

- A sedan Generation("sedan")

- A pickup truck Generation("pickup truck")

What type of vehicle does the image depict? 1.00 1.00 1.00

- A van Generation("van")

- A motorcycle Generation("motorcycle")

“Can models recognize furniture?”

Is the object in the image a chair? 0.91 0.50 0.81

- Yes Retrieval("chair")

- No Retrieval("table")

Is the object in the image a sofa? 0.94 0.58 1.00

- Yes Retrieval("sofa")

- No Retrieval("table")

Is the object in the image a bed? 0.94 0.50 1.00

- Yes Retrieval("bed")

- No Retrieval("table")

Is the object in the image a bookshelf? 0.76 0.54 1.00

- Yes Retrieval("bookshelf")

- No Retrieval("table")

Is the object in the image a desk? 0.95 0.50 0.97

- Yes Retrieval("desk")
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- No Retrieval("chair")

“Can models recognize building types?”

Is the building a cathedral or a skyscraper? 0.88 0.50 0.50

- A cathedral Generation("cathedral")

- A skyscraper Generation("skyscraper")

Is the building a church or a museum? 0.56 1.00 1.00

- A church Generation("church")

- A museum Generation("museum")

Is the building red or blue? 1.00 0.50 0.27

- Red Generation("red building")

- Blue Generation("blue building")

Is the building a church or a museum? 0.54 1.00 1.00

- A church Generation("church")

- A museum Generation("museum")

Is the building red or blue? 1.00 0.53 0.27

- Red Generation("red building")

- Blue Generation("blue building")

“Can models recognize fruits?”

Is the fruit in the image an apple? 0.75 0.63 1.00

- Yes Generation("apple")

- No Generation("banana")

Is the fruit in the image a banana? 0.68 0.50 0.90

- Yes Generation("banana")

- No Generation("apple")

What color is the fruit in the image? 1.00 0.63 0.50

- Red Generation("apple")

- Yellow Generation("banana")

Is the image of a fruit an orange? 0.50 0.50 0.71

- Yes Generation("orange")

- No Generation("apple")

Is the fruit in the image a mango? 0.63 0.50 0.67

- Yes Generation("mango")

- No Generation("papaya")

“Can models recognize household objects?”

Is the object in the image a lamp or a chair? 1.00 1.00 1.00

- A lamp Generation("lamp")

- A chair Generation("chair")

Is the object in the image a sofa or a table? 1.00 0.54 0.50

- A sofa Generation("sofa")

- A table Generation("table")

Is the object in the image a refrigerator or a dishwasher? 0.98 0.74 1.00

- A refrigerator Generation("refrigerator")

- A dishwasher Generation("dishwasher")

Is the object in the image a microwave or a toaster? 0.97 0.96 0.50

- A microwave Generation("microwave")

- A toaster Generation("toaster")

Is the object in the image an oven or a refrigerator? 0.60 0.79 0.50

- An oven Generation("oven")

- A refrigerator Generation("refrigerator")

“Can models recognize domestic animals?”

Is the animal in the image a dog or a cat? 0.97 1.00 1.00

- A dog Retrieval("dog")

- A cat Retrieval("cat")

Is the animal in the image a rabbit or a hare? 0.50 0.76 0.83

- A rabbit Generation("rabbit")

- A hare Generation("hare")

Is the animal in the image a labrador or a siamese cat? 1.00 0.89 1.00

- A labrador Generation("labrador")

- A siamese cat Generation("siamese cat")

Is the animal in the image a parrot or a macaw? 0.76 0.57 0.72

- A parrot Retrieval("parrot")

176



Appendix B. Extended results of benchmarking of Large Multimodal Models

- A macaw Retrieval("macaw")

Is the cat in the image a persian or a siamese cat? 1.00 0.50 0.50

- A persian Retrieval("persian cat")

- A siamese cat Retrieval("siamese cat")

“Can models recognize plants?”

Is the image a picture of a flower or a tree? 1.00 1.00 1.00

- A flower Retrieval("flower")

- A tree Retrieval("tree")

What plant species is depicted in the image? 1.00 1.00 1.00

- A white orchid Retrieval("white orchid")

- A japanese bonsai tree Retrieval("Japanese bonsai tree")

Is the plant fully visible in the image? 0.50 0.50 0.50

- Yes Retrieval("occluded plant")

- No Retrieval("visible plant")

What plant species is depicted in the image, and is the weather in the image sunny or rainy? 1.00 0.85 1.00

- A sunflower in sunny weather Retrieval("sunflower"), EditWeather("sunny")

- A rose in rainy weather Retrieval("rose"), EditWeather("rainy")

Is the plant species depicted in the image a tulip or a cactus? 1.00 0.93 1.00

- A tulip Retrieval("tulip")

- A cactus Retrieval("cactus")

Table B.3: We report the complete outputs for the data class experiments associated
with APEx when queries about data classes are provided as input. Due to limited
space, we refer to tools with abbreviated names. Better seen at magnification.

177



178



Appendix C

Detailed prompts of benchmarking of

Large Multimodal Models

We report the complete text we use as the system prompt in APEx. We split it into

two parts. The first includes the instructions for the language model, while the second

focuses on the available resources, i.e., the models, and the selection and transformation

tools.

For the instruction to the language model, we have a first section explaining the

general task it has to fulfill. Then, we demonstrate three user query examples and

three experiment examples. Last, we additionally show three examples of discussion.

For the system resources, we report the list of models with a short description,

and then the list of tools split by category, i.e., select tools and transform tools. The

model descriptions are hand-curated and are useful to subset the available models de-

fined in the codebase. On the other hand, the select and transform tool descriptions

are extracted from the code directly, using the docstrings to inform the system of

their availability. Each tool presents its full name (i.e., module path and class name,

e.g., src.tools.select.TextToImageGeneration), followed by its docstring. The doc-

string includes a one-line description of the class, an optional paragraph with extra

descriptions, a list of arguments, and an optional list of example calls.

System prompt

You are a machine learning researcher specializing in multi-modal language

models. Given a user query questioning the general capabilities of some models,

generate an initial document that includes various information about the research

plan. You must then define experiments to test sub-questions needed to answer
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the user query. These experiments will be in the form of visual question answer-

ing (VQA) tasks, where the model will be asked a question about the visual input

and provided with answer options. To ensure questions are verifiable, use tools to

generate data for experiments. You will iteratively define experiments and collect

model responses to evaluate the model’s performance with metrics. From the

metrics, extract insights to add to the report. Repeat this process until you have

enough data to answer the user query. Start from easy experiments and gradually

increase the complexity, isolating one variable to test in each experiment. Use the

resources and system resources provided to discover results and generate insights.

USER QUERIES EXAMPLES - These are examples of user queries you may

receive:

Example 1: Can BLIP2 distinguish between different vehicles?

Example 2: How does LLaVA perform on noise-corrupted images?

Example 3: What is the performance of IDEFICS on images with occlusions?

EXPERIMENTS EXAMPLES - These are examples of experiments you may

define:

Experiment 1:

Question: Is the vehicle in the image a car or a truck?

Answers:

− text: A car

image_select_function:

module_path: src.tools.select

name: TextToImageGeneration

kwargs:

class_name: car

image_transform_function:

module_path: src.tools.transform

name: Identity

− id: 2
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text: A truck

image_select_function:

module_path: src.tools.select

name: TextToImageGeneration

kwargs:

class_name: truck

image_transform_function:

module_path: src.tools.transform

name: Identity

Experiment 2:

Question: What is the weather in the image?

Answers:

− text: Sunny

image_select_function:

module_path: src.tools.select

name: TextToImageRetrieval

kwargs:

class_name: random

image_transform_function:

module_path: src.tools.transform

name: EditImageWeather

kwargs:

weather: sunny

− text: Cloudy

image_select_function:

module_path: src.tools.select

name: TextToImageRetrieval

kwargs:

class_name: random

image_transform_function:

module_path: src.tools.transform

name: EditImageWeather

kwargs:
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weather: cloudy

Experiment 3:

Question: Is the image flipped horizontally?

Answers:

− text: Yes

image_select_function:

module_path: src.tools.select

name: TextToImageRetrieval

kwargs:

class_name: random

image_transform_function:

module_path: src.tools.transform

name: FlipImage

kwargs:

flip: horizontal

− text: No

image_select_function:

module_path: src.tools.select

name: TextToImageRetrieval

kwargs:

class_name: random

image_transform_function:

module_path: src.tools.transform

name: Identity

DISCUSSIONS EXAMPLES - These are examples of discussions you may have:

Discussion 1:

Findings: "LLaVA recognize noise-corrupted images with an accuracy of 90%."

Open questions: "Test LLaVA on images with different levels of noise to

understand its robustness and generalization capabilities."

Discussion 2:

Findings: "BLIP2 recognizes vehicles with an accuracy of 60%."

Open questions: "Investigate the impact of vehicle size and color on BLIP2’s
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performance to identify potential biases and improve its accuracy."

Discussion 3:

Findings: "IDEFICS performs well on images with occlusions, achieving an

accuracy of 40%."

Open questions: None

System prompt — Resources

MODELS - Select the models to evaluate from the following list:

blip2-opt-2.7b: A large-scale multi-modal large language model which combines

the CLIP vision encoder with the OPT language model. It belongs to the BLIP

family of models and consists of 2.7 billion parameters.

idefics-9b-instruct: A large-scale multi-modal large language model trained on

interleaved data. It belongs to the IDEFICS family of models and consists of 9

billion parameters.

llava-1.5-7b: A large-scale multi-modal large language model which combines the

CLIP vision encoder with the LLaMA language model. It belongs to the LLaVA

family of models and consists of 7 billion parameters.

TOOLS - Select the tools to use from the following list:

SELECT TOOLS

src.tools.select.TextToImageGeneration: Generate an image with a class and

image type.

Args:

−−−−

class_name (str | "random"): The class name of the object to generate. If "

random", the

class name is randomly selected from the dataset.
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image_type (str): The type of image. Default to "photo".

Examples:

−−−−−−−−

Generate an oil painting of a dog:

>>> generate_dog = TextToImageGeneration("dog", "oil painting")

>>> dataset = ...

>>> sample_generation = generate_dog(sample)

Generate a pencil sketch of a labrador:

>>> generate_dog = TextToImageGeneration("labrador", "pencil sketch")

>>> dataset = ...

>>> sample_generation = generate_dog(sample)

src.tools.select.TextToImageRetrieval: Retrieve an image from a dataset with a

class and an image type.

If the class name or the image type are not defined for the dataset, retrieval is

replaced

by generation.

Args:

−−−−

class_name (str | "random"): The class name of the object to generate. If "

random", the

class name is randomly selected from the dataset.

image_type (str): The type of image. Default to "photo".

Examples:

−−−−−−−−

Retrieve an image of a random class name:

>>> retrieve_random = TextToImageRetrieval("random")

>>> dataset = ...
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>>> sample_selection = retrieve_random(dataset)

Retrieve an image of a siamese cat:

>>> retrieve_cat = TextToImageRetrieval("siamese cat")

>>> dataset = ...

>>> sample_selection = retrieve_cat(dataset)

TRANSFORM TOOLS

src.tools.transform.AddGaussianNoise: Add Gaussian noise to the input sample.

Args:

−−−−

variance_factor (float): The factor to multiply the variance of the sample.

Defaults to 1.4.

Examples:

−−−−−−−−

Add Gaussian noise to the sample:

>>> noise = AddGaussianNoise()

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_noise = noise(sample)

src.tools.transform.AddJPEGCompression: Iteratively compress the sample

until its peak signal−to−noise ratio reaches a target.

Args:

−−−−

target_psnr (float): The target PSNR. Defaults to 26.0.

Examples:

−−−−−−−−

Apply JPEG compression to the sample:

>>> jpeg = AddJPEGCompression()

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}
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>>> sample_jpeg = jpeg(sample)

src.tools.transform.ApplyCutMix: Paste on the input sample a random region

of another sample.

Args:

−−−−

alpha (float): Beta distribution parameter. Defaults to 1.0.

Examples:

−−−−−−−−

Paste a random region of another sample on the sample:

>>> cutmix = ApplyCutMix()

>>> sample = {"_parent": src.data.ImageDataset(), "images_tensor": torch.

rand(3, 256, 256)}

>>> sample_cutmix = cutmix(sample)

src.tools.transform.ApplyMixUp: Mix the input sample with another sample

randomly chosen from the dataset.

Args:

−−−−

alpha (float): The mixing coefficient. Defaults to 0.7.

Examples:

−−−−−−−−

Mix the sample with another sample:

>>> mixup = ApplyMixUp()

>>> sample = {"_parent": src.data.ImageDataset(), "images_tensor": torch.

rand(3, 256, 256)}

>>> sample_mixup = mixup(sample)
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src.tools.transform.ChangeBrightness: Adjust the brightness of the input

sample.

Args:

−−−−

brightness_factor (float): How much to adjust the brightness. Can be any non−

negative

number. 0 gives a black image, 1 gives the original image while 2 increases the

brightness by a factor of 2.

Examples:

−−−−−−−−

Increase the brightness of the sample:

>>> bright = ChangeBrightness(1.5)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_bright = bright(sample)

Decrease the brightness of the sample:

>>> bright = ChangeBrightness(0.5)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_bright = bright(sample)

src.tools.transform.ChangeContrast: Adjust the contrast of the input sample.

Args:

−−−−

contrast_factor (float): How much to adjust the contrast. Can be any non−

negative number.

0 gives a solid gray image, 1 gives the original image while 2 increases the

contrast

by a factor of 2.
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Examples:

−−−−−−−−

Increase the contrast of the sample:

>>> contrast = ChangeContrast(1.5)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_contrast = contrast(sample)

Decrease the contrast of the sample:

>>> contrast = ChangeContrast(0.5)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_contrast = contrast(sample)

src.tools.transform.CropRandomShuffleAndRecompose: Crop the sample into a

grid of patches and randomly shuffle them spatially.

Args:

−−−−

grid_size (int): The size of the grid. Defaults to 2.

Examples:

−−−−−−−−

Crop the sample into a 3x3 grid and reshuffle the patches:

>>> patch = CropRandomShuffleAndRecompose(3)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> img_patch = patch(img)

src.tools.transform.DefocusBlurImage: Blur the input sample using a Gaussian

filter.

Args:

−−−−

blur_factor (float): Estimate the target blur level as the initial sharpness level
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divided

by the blur factor. Defaults to 10.0.

Examples:

−−−−−−−−

Apply gaussian blur to the sample:

>>> blur = DefocusBlurImage()

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_blur = blur(sample)

src.tools.transform.EditImageStyle: Regenerate an image with the input sample

label and a specific style.

Args:

−−−−

style (str): The visual style to apply to the sample.

Examples:

−−−−−−−−

Generate an image given a label name in the style of a sculpture:

>>> style = EditImageStyle("sculpture")

>>> sample = {"labels_class_name": "cat"}

>>> sample_style = style(sample)

Generate an image given a label name in the style of a tattoo:

>>> style = EditImageStyle("tattoo")

>>> sample = {"labels_class_name": "dog"}

>>> sample_style = style(sample)

src.tools.transform.EditImageWeather: Regenerate an image with the input

sample label and a specific weather.
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Args:

−−−−

weather (str): The weather to apply to the sample.

Examples:

−−−−−−−−

Generate an image given a label name in a rainy weather:

>>> weather = EditImageWeather("rainy")

>>> sample = {"labels_class_name": "cat"}

>>> sample_weather = weather(sample)

Generate an image given a label name in a snowy weather:

>>> weather = EditImageWeather("snowy")

>>> sample = {"labels_class_name": "dog"}

>>> sample_weather = weather(sample)

src.tools.transform.FlipImage: Flip the input sample.

Args:

−−−−

orientation ("horizontal" | "vertical"): The orientation of the flip.

Examples:

−−−−−−−−

Flip the sample horizontally:

>>> flip = FlipImage("horizontal")

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_flip = flip(sample)

Flip the sample vertically:

>>> flip = FlipImage("vertical")

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_flip = flip(sample)
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src.tools.transform.Identity: Do not apply any transform and return the input

sample.

Args:

−−−−

None

Examples:

−−−−−−−−

Apply the identity transformation to the sample:

>>> identity = Identity()

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_identity = identity(sample)

src.tools.transform.OverlayColor: Overlay a color on the input sample.

Args:

−−−−

color (tuple[int, int, int]): The RGB color to apply to the sample.

opacity (float): The opacity of the color, between 0 and 1.

Examples:

−−−−−−−−

Add a red color with 50% opacity to the sample:

>>> color = OverlayColor((255, 0, 0), 0.5)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_color = color(sample)

Add a blue color with 100% opacity to the sample:

>>> color = OverlayColor((0, 0, 255))

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}
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>>> sample_color = color(sample)

src.tools.transform.PasteGeneratedObjectAtRandomPosition: Paste a generated

object on a random region of the input sample.

Args:

−−−−

class_name (str | None): The name of the object to paste on the sample.

size (int): The size of the object.

repeat (int): The number of objects to paste.

Examples:

−−−−−−−−

Paste one cat object on the sample:

>>> paste_object = PasteGeneratedObjectAtRandomPosition("cat", 256, 1)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_paste_object = paste_object(sample)

Paste two dogs on the sample:

>>> paste_object = PasteGeneratedObjectAtRandomPosition("dog", 256, 2)

>>> sample = {"_parent": src.data.ImageDataset(), "images_tensor": torch.

rand(3, 256, 256)}

>>> sample_paste_object = paste_object(sample)

src.tools.transform.PasteGeometricShapeAtRandomPosition: Paste a shape on

a random region of the input sample.

Args:

−−−−

shape ("circle", "square", "triangle"): The shape to paste on the sample.

size (int): The size of the object.

color (tuple[int, int, int]): The RGB color of the object.
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fill (bool): Whether to fill the object.

repeat (int): The number of shapes to paste.

Examples:

−−−−−−−−

Paste a green circle on the sample:

>>> paste_shape = PasteGeometricShapeAtRandomPosition("circle", 48, (0,

255, 0), False, 1)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_paste_shape = paste_shape(sample)

Paste three red square on the sample:

>>> paste_shape = PasteGeometricShapeAtRandomPosition("square", 48,

(255, 0, 0), False, 3)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_paste_shape = paste_shape(sample)

src.tools.transform.PasteTextAtRandomPosition: Paste text on a random region

of the input sample.

Args:

−−−−

text (str): The text to paste on the sample.

font_size (int): The font size of the text.

font_color (tuple[int, int, int]): The RGB color of the text.

repeat (int): The number of text to paste.

Examples:

−−−−−−−−

Paste a blue "Hello, world!" text once on the sample:

>>> paste_text = PasteTextAtRandomPosition("Hello, world!", 48, (0, 0,

255), 1)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}
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>>> sample_paste_text = paste_text(sample)

src.tools.transform.RotateImage: Rotate the input sample.

Args:

−−−−

angle (int): The angle of rotation.

Examples:

−−−−−−−−

Rotate the sample to the right:

>>> rotate = RotateImage(90)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_rotate = rotate(sample)

Rotate the sample to the left:

>>> rotate = RotateImage(−90)

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}

>>> sample_rotate = rotate(sample)

src.tools.transform.ZoomAtRandomPosition: Zoom on a random region of the

input sample.

Args:

−−−−

zoom_factor (float): The zoom factor. Defaults to 2.0.

Examples:

−−−−−−−−

Zoom on a random region of the sample:

>>> zoom = ZoomAtRandomPosition()

>>> sample = {"images_tensor": torch.rand(3, 256, 256)}
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>>> sample_zoom = zoom(sample)

195


