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Toward a Holistic Evaluation of Robustness in
CLIP Models

Weijie Tu"”, Weijian Deng

Abstract—Contrastive Language-Image Pre-training (CLIP)
models have shown significant potential, particularly in zero-shot
classification across diverse distribution shifts. Building on existing
evaluations of overall classification robustness, this work aims to
provide a more comprehensive assessment of CLIP by introducing
several new perspectives. First, we investigate their robustness to
variations in specific visual factors. Second, we assess two critical
safety objectives—confidence uncertainty and out-of-distribution
detection—beyond mere classification accuracy. Third, we evaluate
the finesse with which CLIP models bridge the image and text
modalities. Fourth, we extend our examination to 3D awareness in
CLIP models, moving beyond traditional 2D image understanding.
Finally, we explore the interaction between vision and language
encoders within modern large multimodal models (LMMs) that uti-
lize CLIP as the visual backbone, focusing on how this interaction
impacts classification robustness. In each aspect, we consider the
impact of six factors on CLIP models: model architecture, training
distribution, training set size, fine-tuning, contrastive loss, and
test-time prompts. Our study uncovers several previously unknown
insights into CLIP. For instance, the architecture of the visual
encoder in CLIP plays a significant role in their robustness against
3D corruption. CLIP models tend to exhibit a bias towards shape
when making predictions. Moreover, this bias tends to diminish
after fine-tuning on ImageNet. Vision-language models like LLaVA,
leveraging the CLIP vision encoder, could exhibit benefits in clas-
sification performance for challenging categories over CLIP alone.
Our findings are poised to offer valuable guidance for enhancing
the robustness and reliability of CLIP models.

Index Terms—Contrastive language-image pre-training (CLIP),
robustness, evaluation.

I. INTRODUCTION

EVERAGING contrastive training to cohesively align im-
L ages and text within a singular embedding domain, the
CLIP model excels in delivering versatile zero-shot generaliza-
tions. This inherent proficiency enables CLIP to handle diverse
tasks without the need for task-specific fine-tuning [1], [2].
Remarkably, CLIP models exhibit outstanding zero-shot classi-
fication capabilities, even without explicit training on the target
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dataset. Moreover, they demonstrate commendable robustness
against challenging natural distributional shifts [3], [4], [5], [6],
[7]. Gaining a deeper understanding of such behaviors in CLIP
models is crucial for steering the future image-text foundational
models. Contemporary research has delved into multiple facets
of CLIP models. This encompasses areas such as dataset for-
mulation [8], reproducibility in scaling laws [9], strategies for
fine-tuning [10], adversarial classification robustness [11] and
nuances of the training distribution [12], [13].

Motivated by previous work, we conduct an in-depth analysis
of CLIP models, expanding our perspective beyond overall clas-
sification robustness. Our analysis includes several key dimen-
sions: (1) robustness to visual factors, where we assess whether
CLIP models can maintain performance when encountering
variations such as pose, size, color, lighting, and occlusions;
(2) out-of-distribution (OOD) detection, evaluating the models’
ability to identify instances with labels not present in the training
distribution; (3) predictive uncertainty, examining whether CLIP
models provide calibrated predictions that accurately reflect
uncertainty under different testing conditions; (4) zero-shot
retrieval, assessing the models’ capability to associate novel
textual queries with relevant visual content; (5) 3D awareness,
evaluating how well CLIP models handle 3D corruptions and
maintain multi-view consistency; and (6) interaction between
the vision and language encoders, investigating how these com-
ponents influence classification robustness. Within each of these
dimensions, we analyze the impact of several crucial factors on
CLIP’s behavior, including variations in training distribution,
model architectures, dataset sizes, contrastive loss, fine-tuning,
test-time prompts, and dataset curation. This comprehensive
analysis provides a thorough assessment of both the strengths
and limitations of CLIP models across these critical areas.

To this end, we evaluate 84 zero-shot CLIP models with vary-
ing visual encoder architectures, training sources, and dataset
sizes, as well as 44 ImageNet fine-tuned CLIP models. To estab-
lish a baseline, we compare these models against 127 ImageNet
models without language-image pre-training. We examine 10
visual factors variations present in the ImageNet validation
set [14], including object pose, lighting, and background, to
assess models’ visual factors-level robustness. As for OOD
detection, we employ ImageNet as an in-distribution (ID) set
following [15] and test on 5 types of OOD scenarios. Then, to
investigate the predictive uncertainty, we use a set of canonical
ImageNet distributions, such as texture, style, and perturbation
shifts. We evaluate the effectiveness of data curation methods
on the aforementioned datasets. Furthermore, we measure the
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TABLE I
SUMMARY OF EVALUATION DIMENSIONS AND KEY FINDINGS

Evaluation Dimension What We Evaluated

Key Findings

Visual Factor Robustness .
Performance under visual

variations

CLIPs outperform ImageNet models on six of ten factors;

(Sec. IV) (e.g., shape, texture, and size) Training distribution impacts visual factor robustness of CLIP.
Tg (%S(]? \l?)e tection Novelty detection ability (e.g., NINCO) Zero-shot CLIP is competitive with other models; Training
3 ’ distribution impacts detection accuracy.
é (Csbgébrs;ll;) " Alignment between prediction confi- Fine-tuning raises calibration error; LP-FT and WiSE-FT
P“ ' dence and correctness recover with temperature scaling, while FLYP remains over-
= confident. Both data distribution and quantity play key roles.
?Seetglezla}ll) Image—text matching accuracy CLIP’s Zero-shot retrieval aligns with classification accuracy;
’ data distribution and augmentation shape retrieval quality.
?;:; CA\x\//alrI?;l ess Robustness to 3D corruptions and corre- CNN-based CLIPs are more stable than ViT-based CLIP.
’ spondence matching
zfslzlcor;(lsanguage Interaction CLIP vs. LLaVA on hard category splits LLaVA outperforms CLIP on ambiguous sets; stronger LLMs
E ’ (Vicuna > Mistral) amplify gains.
2 . .
j '(I‘Sr;m;g_CP)aradlgm Impact CLIP, BLIP, SigLIP, ViTamin No paradigm dominates. ViTamin is more robust to 3D cor-
] ’ ruptions; SigLIP improves robustness but weak on calibration.
2 -
= E’Sr:(r:np)t(f:)n sttvity Prompt set size and quality LLM prompts improve accuracy but may not benefit OOD
= ! detection or calibration, and no method consistently dominates.

Fine-Tuning Impact
(Sec. X-B)

Various of fine-tuning techniques

LP-FT and WiSE-FT are well-balanced. FLYP boosts accuracy
but hurts calibration. PromptSRC preserves both.

Dataset Curation Effect

IIL Data-level (Sec. X-D) Filtering and data diversity

Data curation boosts classification, OOD, retrieval, and 3D
robustness for ViT-CLIP, but not calibration.

Our evaluation covers three levels of analysis: task-level, model-level, and data-level, each addressing distinct aspects of model behavior and robustness.

3D awareness of CLIP by geometric, semantic correspondence
estimation as in [16] and robustness against 3D-related corrup-
tions, such as near focus and motion blur [17]. Lastly, to explore
the interplay between the visual and text encoders of CLIP, we
compare CLIP models with LLaVA [18] in terms of classifica-
tion performance on the challenging diffusion model-generated
ImageNet-D [19].

This article extends our previous conference paper [20], with
the following major additions: (1) The experiment scale has
been expanded by including 25 recent zero-shot CLIP models
trained on different subsets of DATACOMP [21], allowing us
to broaden the findings to the medium-to-low accuracy regime
of CLIP models. (2) An in-depth analysis is provided to un-
cover the impact of fine-tuning objectives on the shape-bias
of CLIP models (Section IV-B). (3) The zero-shot retrieval
capability of CLIP models is explored, highlighting the sig-
nificance of training distribution as a key factor affecting per-
formance trends (Section VII). (4) A comprehensive study of
fine-tuning methods, including parameter-efficient, standard,
and contrastive fine-tuning, is presented (Section X-B). (5) A
new OOD benchmark, NINOC, is added in our evaluation, which
is ID-free and aggregates OOD classes from multiple existing
datasets (Section V). (6) The 3D-awareness of CLIP models
is evaluated by testing their performance on 3D correspondence
estimation and robustness against 3D corruptions (Section VIII).
(7) The interaction between visual and language encoders is
investigated from a classification perspective (Section IX). (8)
We extend the evaluation of dataset curation techniques to
robustness-related tasks, including out-of-distribution (OOD)
detection, calibration, visual factor-level robustness, and 3D
corruption (Section X-D).

We summarize our evaluation dimensions, covering the task,
model, and data levels, along with key findings in Table L.

II. RELATED WORK

Robustness: Machine learning models should generalize from
training distribution to novel testing environments [22], [23],
[24], [25], [26], [27]. One line of work has developed a theoreti-
cal framework to investigate model robustness [28]. Ben-David
et al. [28] were the first to propose a generalization bound
based on the VC dimension, which quantifies the difference
in classifier error between source and target distributions using
a divergence measure. Mansour et al. [29] later expanded this
analysis to accommodate more general loss functions, offering
improved generalization bounds through Rademacher complex-
ity. To investigate such capability of deep models to various
forms of test distributions, a commonly used approach is to
introduce artificial transformations onto images, such as style
transfer [30], corruptions and perturbations [31], [32]. Moreover,
many real-world datasets are introduced to assess model robust-
ness under different natural distributional shifts [3], [4], [5], [6],
[7], [33]. For instance, Idrissi et al. [14] proposes ImageNet-X
by relabelling the ImageNet validation set to provide detailed
labels for naturally occurring factors such as pose, background,
and lighting. [19] introduces 3DCC to study the robustness of
networks to 3D corruptions.

CLIP Analysis: Existing studies have explored various as-
pects of CLIP models, including dataset formulation [8], repro-
ducibility in scaling laws [9], adversarial classification robust-
ness [11], fine-tuning strategies [10], nuances of the training
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distribution [12], visual prompt [34], typographic attacks [35]
and techniques for dataset curation [21].

Our comprehensive evaluation of CLIP goes beyond overall
classification robustness to include assessments of visual-factor
robustness and 3D corruption robustness. We also explore addi-
tional perspectives that are crucial for real-world applications,
such as out-of-distribution (OOD) detection, which aims to filter
out inputs that are irrelevant to the task at hand. Furthermore, we
examine prediction uncertainty to determine whether the model
can classify images with calibrated prediction probabilities that
align with the empirical frequency of correctness [36], [37].
Additionally, we incorporate zero-shot retrieval tasks [9] and 3D
geometry correspondence matching to investigate the potential
of CLIP features.

III. EXPERIMENTAL SETUP
A. Models of Interest

Contrastive language-image pre-training models: we use 84
zero-shot CLIP models (CLIP) and 44 ImageNet fine-tuned
CLIP models (CLIP-FT). They have different visual encoders,
including slightly modified ResNet [38], ConvNeXt [39],
ViT [40] and EVA [41]. There are various training sources,
including LAION [42], WIT [1] and Conceptual Captions [43],
and multiple sizes of training datasets from 3 million to 2
billion. Note that in this extended paper, we include 25 recent
zero-shot CLIP models. They are trained on subsets of Com-
monPool [21], ranging from 14 million, 140 million to 1 billion.
CommonPool draws its data from the same source as LAION,
which is Common Crawl. These models allow us to validate
and expand our findings in a medium-to-low accuracy regime.
We also assess the performance of very recent CLIP models
which are trained on filtered high-quality pre-training datasets
using dataset curation techniques [44], [45]. To compare the
performance with LLaVA [18], we also include SigLIP [46].

For the CLIP-FT models, the vision encoder of CLIP is
fine-tuned on ImageNet-1 K. We consider different fine-tuning
algorithms, including directly fine-tuned on ImageNet-1K [47],
first fine-tuned on ImageNet-12 K, a subset of ImageNet-22 K
before fine-tuning on ImageNet-1 K, and also fine-tuned by
parameter-efficient fine-tuning methods [48], [49]. We use the
default prompt template provided by [1] for zero-shot CLIP
models unless specified.

Models compared: we use 127 ImageNet models with various
architectures, including Convolutional Neural Networks (e.g.,
ResNet [38] and ConvNeXt [39]), Vision Transformers (e.g.,
ViT [40] and Swin [50]) and all-MLP architectures [51], [52]
(e.g., MLP-Mixer [52]). Following [53], we divide them into
three categories: (i) Standard Models. This group consists of
models supervised on the ImageNet training set. (i) Contrastive
learning models. This category contains 8 models pre-trained
by contrastive learning. There are 6 training algorithms inves-
tigated, including InsDis [54], MoCo [55], SimCLR [56]; (iii)
Pre-trained on more data. This group contains models pre-
trained on a significantly larger dataset (e.g., ImageNet-21 K)
than the ImageNet training set. All the above models, including
CLIP, are publicly available on TIMM [57], OpenCLIP [58].
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Modern vision language models: This paper considers
LLaVA [18], which combines a frozen CLIP vision encoder
and a large language model (e.g., Vicuna) for general-purpose
visual and language understanding. In our study, we consider
six LLaVA models: the visual encoders used are CLIP-L/14-336
and SigLIP, paired with three large language models: Mistral-
instruct-V2 [59], Llama-Chat [60], and Vicuna-V2-7B [60],
resulting in a total of six LLaVA models. These models are
available on HuggingFace, as provided by [61].

B. Test Sets and Metrics

1. Robustness: We first pinpoint model failure patterns by
testing on ImageNet-X [14], which is a relabeling of ImageNet
validation by 16 naturally occurring factors. This work mainly
considers 10 factors labelled with a sufficient number of test
samples: Pose, Background, Pattern, Color, Smaller, Shape,
Fartial View, Subcategory, Texture and Larger. The metric is
accuracy, and high is better. In addition, we include cue-conflict
stimuli and Stylized-ImageNet [30] to measure the model bias
towards the shape or texture.

II. OOD detection: We use a large-scale OOD detection
benchmark which is built up on ImageNet: in-distribution (ID)
ImageNet v.s. {iNaturalist [62], SUN [63], PLACES [64], TEX-
TURE [65], and ImageNet-O [7] (OOD). Metrics are the area
under the receiver operating characteristic curve (AUROC) and
the higher is better; false positive rate (FPR@95) when the
true positive rate is at 95% and a lower score is better. To
evaluate OOD detection across diverse conditions, we employ
the NINCO dataset [66], which is ID-contamination-free and
comprises OOD classes from various existing OOD datasets.
We report mean AUROC and FPR@95.

II1. Calibration: We study ID and OOD datasets, where Ima-
geNet validation is ID dataset and OOD datasets are: ImageNet-
V2 [3], ImageNet-Rendition [5], ImageNet-Adversarial [7],
ImageNet-Sketch [4], ObjectNet [6] and ImageNet-Vid-
Robust [67]. Metrics are estimated calibration error (ECE) [68]
and negative log-likelihood (NLL). A lower ECE or NLL indi-
cates better calibration.

IV. Retrieval: We evaluate zero-shot retrieval performance
on Flick30K [69] and MSCOCO [70] following the evaluation
setup and splits from [71]. As in [1], we compute the cosine
similarity between image and text embeddings as the image-text
scores. When evaluating image retrieval, we rank the top-K
images for each text caption, and vice versa for text retrieval.
Recall @K is the metric with K = 5.

V. 3D Awareness: Two tasks are explored for this property:
correspondence estimation and robustness against 3D corrup-
tions. We use ScanNet [72], NAVI [73] and SPair-71K [74]
as the evaluation datasets for correspondence estimation. The
metric is recall. For robustness against 3D corruptions, we
use 3DCC [19], which applies 3D-related corruptions against
ImageNet-validation with 5 severity levels. The performance is
measured by accuracy.

VI. Comparison to LLaVA: We compare the performance of
CLIP and LLaVA on ImageNet-D [19], which consists of three
splits, Background, Texture and Material. CLIP is evaluated
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