Data or Language Supervision: What Makes CLIP Better than DINO?
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Abstract

CLIP outperforms self-supervised models like
DINO as vision encoders for vision-language
models (VLMs), but it remains unclear whether
this advantage stems from CLIP’s language su-
pervision or its much larger training data. To
disentangle these factors, we pre-train CLIP
and DINO under controlled settings—using the
same architecture, dataset, and training con-
figuration—achieving similar ImageNet accu-
racy. Embedding analysis shows that CLIP
captures high-level semantics (e.g., object cat-
egories, text), while DINO is more respon-
sive to low-level features like colors and styles.
When integrated into VLMs and evaluated on
20 VQA benchmarks, CLIP excels at text-
intensive tasks, while DINO slightly outper-
forms on vision-centric ones. Variants of lan-
guage supervision (e.g., sigmoid loss, pre-
trained language encoders) yield limited gains.
Our findings provide scientific insights into vi-
sion encoder design and its impact on VLM
performance.’

1 Introduction

Vision-language models, such as GPT-40 (OpenAl,
2023) and Claude (Anthropic, 2024), have demon-
strated transformative capabilities in interpreting
and reasoning over visual inputs. These models typ-
ically consist of a vision encoder, a language model,
and a connector module bridging the two (Liu et al.,
2023). The vision encoder—serving as the “eyes”
of the system—plays a critical role in transmitting
visual information to the language model, which
acts as the “brain” that interprets it.

Recent studies have shown that CLIP (Radford
et al., 2021), particularly its variant SigLIP (Zhai
et al., 2023), has emerged as the most effective vi-
sion encoder for building VLMs, significantly out-
performing DINO-based counterparts across vari-
ous domains (Karamcheti et al., 2024; Tong et al.,
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Figure 1: CLIP and DINO represent two predominant
paradigms of vision encoders, differing in two key as-
pects: (1) CLIP is trained with language supervision,
whereas DINO uses image-only self-supervision; (2)
CLIP and its variant SigL.IP are trained on datasets
that are up to 100 times larger than those used for
DINO. These differences make it difficult to disentan-
gle whether CLIP’s superior performance in vision-
language models stems from its training objective or
the scale of its training data.

2024a). These two types of vision encoders rep-
resent two major paradigms: CLIP is trained us-
ing image-text contrastive learning, while DINO
employs image-only self-supervised learning (Fig-
ure 1, top).

This observation raises a fundamental question:
Is CLIP’s superior performance primarily due
to its language-supervised training objective, or
is it simply a result of its significantly larger
training dataset? Despite the difference in super-
vision, CLIP models are often trained on datasets
that are up to 100 times larger than those used for
DINO (Figure 1, bottom). This substantial discrep-
ancy in data scale makes it difficult to disentan-
gle the effects of training objective from those of
dataset size.

To isolate these factors, we conduct a controlled
study by training CLIP and DINO vision encoders
under identical conditions: the same architecture
(ViT-B/16), dataset (a 10M-image subset of Data-
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General Fine-grained Robustness
Models ImageNet CIFAR10 Stanford Cars Flowers CUB ImageNetV2 CIFAR10.1
Official CLIP 79.5 934 80.8 89.7 74.9 68.9 87.3
Official DINO 76.1 93.5 61.2 83.2 71.0 65.5 84.7
Controlled CLIP 65.8 90.7 74.7 78.7 523 53.0 82.8
Controlled DINO 66.4 92.1 54.1 80.7 43.0 53.5 86.0

Table 1: Linear probing accuracy (%) of controlled CLIP and DINO. Trained under identical settings except for
the presence of language supervision in CLIP, both models perform similarly on general and robustness benchmarks.
However, CLIP shows significantly higher accuracy on fine-grained classification tasks, highlighting the benefit of
language supervision in distinguishing visually similar categories.

Comp (Gadre et al., 2023)), and training configu-
rations (20 epochs). Notably, the resulting models
achieve comparable ImageNet (Deng et al., 2009)
linear probing accuracy (CLIP: 65.8%, DINO:
66.4%), ensuring a fair basis for comparison.

Using these controlled encoders, we first in-
vestigate how language supervision alters the em-
bedding space. We identify and analyze image
pairs where CLIP and DINO produce significantly
different similarity scores. Our analysis reveals
that CLIP is more sensitive to high-level visual
semantics—such as object type and embedded
text—while DINO is more responsive to low-level
visual attributes like colors and styles.

We then integrate these controlled encoders into
the LLaVA (Liu et al., 2023) and train the result-
ing VLMs under identical settings. Evaluated on
20 VQA benchmarks, LLaVA-CLIP significantly
outperforms LLaVA-DINO on text-intensive tasks
(e.g., questions involving tables or charts), achiev-
ing a 7.5% performance gain. LLaVA-DINO per-
forms slightly better on some visually grounded
tasks but matches LLaVA-CLIP on most others.

To further probe the effect of language supervi-
sion, we explore two additional questions: (1) Do
different supervision objectives, such as CLIP vs.
SigLIP, lead to performance differences? (2) Does
using a pre-trained language encoder during CLIP
training yield a stronger vision encoder? In both
cases, we find the answer to be no.

In summary, our study examines how vision
encoders influence the performance of vision-
language models. Through carefully controlled
experiments, we uncover the representational dif-
ferences induced by language supervision and their
downstream effects, thereby offering the commu-
nity deeper scientific insights into designing vision-
centric vision-language systems.

2 Training Controlled CLIP and DINO

In this section, we describe how we train CLIP and
DINO under controlled settings, ensuring that the
only difference lies in the supervision signal. We
then evaluate their performance on various image
classification benchmarks.

Experimental setup. To isolate the effect of su-
pervision, we align all other factors in CLIP and
DINO training. 1) Architecture: We use ViT-B/16
as the backbone for both models; 2) Dataset: We
train on a 10M subset of the DataComp (Gadre
et al., 2023) image-caption dataset. All images are
center-cropped and resized to 224 x 224. For CLIP,
we use the associated captions as language super-
vision; for DINO, no textual input is provided; 3)
Training Configuration: Both models are trained
from scratch for 20 epochs using the AdamW opti-
mizer, a learning rate of le-3, and cosine learning
rate decay. Training is conducted on 4 A100 GPUs
over 3 days.

Results. After training, we evaluate the encoders
using linear probing on standard image classifi-
cation benchmarks—a widely adopted approach
for assessing vision encoder quality. As shown
in Table 1, the models perform similarly on gen-
eral classification tasks such as ImageNet (Deng
et al., 2009) and CIFAR-10 (Krizhevsky, 2009).
However, the difference becomes more pronounced
on fine-grained classification benchmarks: CLIP
significantly outperforms DINO on Stanford Cars
(Krause et al., 2013) (74.7% vs. 54.1%, +20.6%)
and CUB (Wah et al., 2011) (52.3% vs. 43.0%,
+9.3%), despite being trained on the same image
data. This suggests that language supervision is
especially helpful for tasks requiring detailed se-
mantic distinctions. For robustness evaluation, per-
formance is comparable between CLIP and DINO,
aligning with previous findings (Fang et al., 2022).
Overall, these results indicate that while training
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Figure 2: Embedding analysis of CLIP and DINO.
The top two image pairs exhibit high cosine similar-
ity according to CLIP but low similarity under DINO,
suggesting that CLIP is more attuned to high-level se-
mantics such as object categories and embedded text.
In contrast, the bottom pairs show the opposite pattern,
indicating that DINO is more sensitive to low-level fea-
tures like object colors and visual styles.

data scale governs general classification and ro-
bustness, language supervision provides substantial
benefits for fine-grained recognition tasks where
subtle visual differences must be captured.

3 Embedding Analysis

To gain deeper insight into how language super-
vision shapes the embedding space, we conduct a
fine-grained embedding analysis comparing CLIP
and DINO. Unlike coarse-grained metrics like clas-
sification accuracy, this analysis reveals how each
model organizes visual information.

Method. Similar to Tong et al. (Tong et al.,
2024b), we analyze pairs of images in DataComp-
10M where CLIP and DINO produce highly diver-
gent similarity scores, revealing systematic differ-
ences in representation. Specifically, we identify
two types of image pairs:

g1 = (clip_sim > 0.8) A (dino_sim < 0.5)
g2 = (dino_sim > 0.8) A (clip_sim < 0.5)

These selected pairs help isolate cases where the
two models disagree in their embeddings.

Results. Figure 2 illustrates representative exam-
ples for our analysis. CLIP shows strong align-
ment with high-level semantic features such as
object identity and textual content. It consis-
tently groups images by object type or embed-
ded texts, even across variations in visual style or

context—suggesting that language supervision en-
hances semantic abstraction. In contrast, DINO
is more sensitive to low-level visual cues like
color schemes, and is more invariant to orienta-
tion change. We provide a quantitative validation
for these observations in Appendix B. These find-
ings highlight that CLIP learns embeddings that
are more semantically meaningful, while DINO
emphasizes visual similarity, likely due to its self-
supervised objective.

4 VLM Analysis

After training the controlled CLIP and DINO
encoders, we incorporate them into the LLaVA-
1.5 framework to investigate how vision encoder
choice impacts the performance of VLMs.

Experimental Setup. We use LLaVA-1.5 with
its vision encoder replaced by either controlled
CLIP or DINO. Training consists of pretraining fol-
lowed by visual instruction tuning. During training,
we save checkpoints every 500 steps and evalu-
ate each on VMCBench (Zhang et al., 2025)—a
unified multiple-choice visual question answering
benchmark composed of 20 datasets—to simplify
evaluation. Since test set labels are not publicly
available, we select the best checkpoint based on
validation performance and report validation re-
sults. All training configurations are kept identical
for both CLIP and DINO versions.

Results. Figure 3 presents performance across
the 20 VMCBench subsets. CLIP and DINO
perform comparably on most tasks: On gen-
eral VQA and reasoning tasks, both encoders yield
similar results. For instance, DINO achieves 41.5%
accuracy on reasoning tasks versus CLIP’s 41.2%;
for general VQA, CLIP slightly edges out DINO
at 46.2% versus 46.0%. In document and chart
understanding (Doc&Chart), performance is nearly
identical: 33.2% for CLIP vs. 33.1% for DINO.
These small differences suggest that both encoders
are similarly effective in broad VLM tasks. CLIP
excels in text-intensive visual tasks: The most
notable difference appears in OCR-based bench-
marks. On average, LLaVA-CLIP achieves 47.5%
on OCRVQA (Mishra et al., 2019) and TextVQA
(Singh et al., 2019), while LLaVA-DINO reaches
only 40.0%, a substantial 7.5 percentage-point gap.
This result indicates that language supervision in
CLIP enhances its ability to extract and reason over
textual content embedded in images—a key capa-
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Figure 3: VLM analysis of CLIP and DINO. We integrate the controlled CLIP and DINO encoders into LLaVA-1.5
and evaluate on 20 subsets of the VMCBench benchmark. Results show that LLaVA-CLIP significantly outperforms
LLaVA-DINO on OCR tasks by 7.5%, while their performance is largely comparable on other tasks.

CLIP SigLIP Loss
414

Pretrained LM (Vicuna)
40.5

40.8

Table 2: Alternative language supervision objectives or
using a pretrained text encoder do not improve CLIP
performance when used in vision-language models.

bility for text-heavy visual understanding.

S Exploring Better Language Supervision

Given that language supervision (1) improves fine-
grained image classification, (2) encourages high-
level semantic alignment, and (3) enhances OCR
task performance in VLMs, we further explore
whether alternative forms of language supervision
can yield stronger vision encoders.

Experimental Setup. We explore two directions
to improve CLIP’s language supervision. First,
we replace the standard contrastive loss with the
sigmoid-based SigLIP loss to examine whether the
training objective affects performance. Second, we
substitute the randomly initialized text encoder in
CLIP with a frozen, pretrained Vicuna-7B (Zheng
et al., 2023) model to assess the value of stronger
language priors. After training, we integrate each
encoder into the LLaVA-based VLM (as described
previously) and evaluate on VMCBench.

Results. As shown in Table 2, neither modifica-
tion outperforms the baseline CLIP model. Both
the SigLIP loss and the pretrained Vicuna-based en-
coder yield slightly lower average accuracy. These
results suggest that while language supervision is
critical, the specific form—whether via objective
function or pretrained language model—may offer
limited additional benefit, consistent with recent
observations in the literature (Huang et al., 2024).

6 Related Works

Vision-Language Models. Recent years have
seen rapid advances in Vision-Language Models

(VLMs), with architectures such as LLaVA (Liu
et al., 2023) and Qwen2.5-VL (Bai et al., 2025)
demonstrating increasingly sophisticated multi-
modal capabilities. These models typically pair a
vision encoder with a large language model (LLM),
enabling joint reasoning over visual and textual in-
puts. In this framework, the vision encoder plays
a critical role by converting images into represen-
tations that can be projected and processed by the
LLM. Our work focuses on this vision encoder
component, aiming to understand how its training
affects downstream VLM performance.

Visual Representation Learning. Visual repre-
sentation learning mainly followes two paradigms:
self-supervised and language-supervised learning.
Self-supervised approaches, such as DINO (Caron
et al., 2021) and SimCLR (Chen et al., 2020),
learn representations by predicting relationships be-
tween augmented views of the same image. In con-
trast, language-supervised methods—exemplified
by CLIP (Radford et al., 2021), EVA-CLIP (Sun
et al., 2023), and SigLIP (Zhai et al., 2023)—lever-
age image-text pairs to align visual and linguistic
representations. These two families of methods not
only differ in supervision strategy but also in the
scale of training data. In this work, we systemati-
cally ablate which factor—supervision type or data
scale—drives performance gains.

Design Choices in Vision-Language Models.
Several studies have investigated how architectural
components, data curation strategies, and training
configurations affect VLM performance (Karam-
cheti et al., 2024; Laurencon et al., 2024; McKinzie
et al., 2024). Across these works, CLIP and its vari-
ants (e.g., SigLIP) consistently emerge as the most
effective vision encoders. However, such findings
are typically based on pre-trained models, which
differ in supervision objectives, data size, and train-
ing setups—making it difficult to isolate the source
of performance differences. In contrast, our work
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trains CLIP and DINO under controlled conditions
to isolate the effect of language supervision on vi-
sion encoder quality.

7 Conclusion

This work conducts a controlled study to disentan-
gle the effects of language supervision and data
scale on vision encoder performance in VLLMs, of-
fering insights into vision encoder design and its
role in effective VLMs.
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Limitations

While our study is carefully controlled, it is lim-
ited to a 10M-image subset. Scaling these com-
parisons to billion-image datasets is a crucial next
step for fully understanding the interplay between
supervision type and data magnitude. A con-
current work addressed this question by scaling
DINO and CLIP to 7B parameters on 8B data (Fan
et al., 2025). Additionally, exploring hybrid ap-
proaches that strategically combine self-supervised
and language-supervised signals remains a promis-
ing direction for advancing vision encoder design.
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A Training Curves

We provide the training loss curves for both CLIP
and DINO under the controlled setup. As shown in
Figure 4, both models converge smoothly within 20
epochs, with no signs of overfitting or instability.

train/loss

10k 20k 30k

train/loss

100k 200k 300k

Figure 4: Training loss curves for the controlled CLIP
(top) and DINO (bottom) models.

B Quantitative Validation of Embedding
Space

To provide quantitative support for the claims made
in our main embedding analysis (Section 3), we
conducted two experiments measuring the cosine
similarity within the controlled CLIP and DINO
embedding spaces.

Experiment 1: Sensitivity to Semantic Content
(Text). To test the models’ ability to distinguish
between high-level semantic concepts, we created
a small dataset of images where each image con-
tained a unique alphabet letter or number CA’, ’B’,
’1’, etc.). We then computed the average pairwise
cosine similarity between the embeddings of these
semantically distinct images.

Results: The average similarity for DINO was
0.877, while for CLIP it was significantly lower at
0.713.

Conclusion: The lower similarity score for
CLIP demonstrates that its representations for dif-
ferent semantic symbols are more separable and
distinct. This quantitatively confirms that CLIP’s
embedding space is more structured around the
semantic identity of the visual content.

Experiment 2: Sensitivity to Visual Patterns.
To measure sensitivity to low-level features, we
performed a similar analysis on a dataset of images
containing simple, repeating visual patterns (e.g.,
grids, dots, checkers), where semantic content was
minimal.

Results: In this case, the trend reversed. The
average similarity for DINO was 0.478, while for
CLIP it was 0.497.

Conclusion: The lower similarity score for
DINO indicates that its representation space sep-
arates these low-level visual patterns more effec-
tively. This provides quantitative support for our
claim that DINO is more sensitive to visual struc-
ture.

Together, these quantitative results align per-
fectly with our qualitative analysis, providing a
robust and comprehensive picture of how lan-
guage supervision shapes visual representations
compared to self-supervision.

C Using Qwen2-7B as the LLM Backbone

To further examine the interaction between vision
encoders and language models, we evaluate the
performance of our controlled CLIP and DINO
encoders using Qwen2-7B (Yang et al., 2024) as
the LLM backbone, in comparison to Vicuna-7B.
Results are summarized in Table 3.

Improved General VQA Performance with
Qwen2-7B. When paired with Qwen2-7B, CLIP
demonstrates an advantage in general VQA tasks,
achieving 57.90% accuracy compared to DINO’s
54.02%—a 3.88 percentage point gain. This con-
trasts with the Vicuna-7B setting, where CLIP and
DINO achieved nearly identical results in the same
category (46.23% vs. 46.20%). These results sug-
gest that Qwen2-7B may better leverage CLIP’s
high-level semantic representations for tasks re-
quiring holistic scene understanding.

Model General Reason Doc/Chart OCR Avg
CLIP + Vicuna 46.23 41.17 33.15 47.50 41.44
DINO + Vicuna 46.20 41.50 33.07 40.00 40.71
CLIP + Qwen2 57.90 47.74 40.62  51.40 49.69
DINO + Qwen2 54.02 47.56 39.86  47.59 47.72

Table 3: Performance on VMCBench using different vi-
sion encoder and LLLM backbone combinations. Qwen2-
7B leads to stronger performance across most categories,
especially when paired with CLIP.

1874



