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ABSTRACT

In the past few years, multimodal foundation models, e.g., CLIP, learned from
a massive amount of paired multimodal data, emerged and exhibited impressive
cross-modal ability in many applications. Yet collecting high-quality paired data
is generally costly or even infeasible in certain cases, and the amount of paired
multimodal data is several orders fewer than that of unpaired unimodal data, i.e.,
data without any correspondence. Our work focuses on alleviating the exces-
sive demand for paired language-image data by leveraging the abundant unpaired
data. We introduce a new approach for vision-language alignment, which we call
Language-Image Self-Training (LIST). LIST consists of two key ingredients that
function in a synergistic loop: i) a captioner model trained alternatively with the
augmented paired data and the unpaired data with synthetic captions, both derived
from the data engine, and ii) a data engine that synthesizes a diverse spectrum of
captions for both paired and unpaired images with the captioner, integrating syn-
thetic captions with the web-scraped ones to enhance the quality of paired data
using off-the-shelf Large Language Models. We observe that the LIST method-
ology not only significantly improves the alignment between vision and language
representations across multiple major benchmarks—zero-shot image classifica-
tion, image-text retrieval, and compositional evaluation—but also demonstrates
strong generalization to audio-language representation alignment.

1 INTRODUCTION

Over the last decade, we have witnessed remarkable leaps in the realm of multi-modal foundation
models (Radford et al., 2021; Yu et al., 2022; Alayrac et al., 2022; Huang et al., 2023; Radford
et al., 2023). These models, with their ability to process and integrate inputs from different modali-
ties, including but not limited to image, language, and audio, have unveiled a realm of unprecedented
possibilities. Notably, empowered by contrastive language-image pretraining (CLIP) (Radford et al.,
2021), diffusion denoising objective (Ho et al., 2020), and Transformers architecture (Vaswani et al.,
2017; Dosovitskiy et al., 2020), multi-modal foundation models have demonstrated remarkable ca-
pabilities. They can generate visually appealing images from textual descriptions (Ramesh et al.,
2021; Rombach et al., 2022), respond to human instructions conditioned on input images (Li et al.,
2022; Alayrac et al., 2022), and synthesize audio from unseen text description (Huang et al., 2023),
showing astonishing scalability relative to the volume of data and compute.

However, a caveat accompanies these advances. Multi-modal foundation models depend extensively
on paired multi-modal data, as evidenced by the use of vast quantities of image-text pairs, reaching
into the millions (Radford et al., 2021) or billions (Schuhmann et al., 2022), for training models like
CLIP. This reliance poses significant challenges in data acquisition at scale. In practice, the avail-
ability of paired multi-modal data is substantially overshadowed by the abundance of unpaired uni-
modal data, making the former more challenging to collect and access. In the context of image-text
datasets, while web-scraping can somewhat ease the collection process, the resulting data often suf-
fers from noise and necessitates extensive efforts in data cleaning. Several studies have emerged to
refine the image-text dataset quality. Radenovic et al. (2023) proposed a filtering method to remove
noisy image-text pairs, Fan et al. (2023) explored rewriting captions using large language models,
and Nguyen et al. (2023); Lai et al. (2023); Yu et al. (2024) suggested enhancing raw captions with
those synthesized by a specialized captioner. However, these approaches still fundamentally rely on
the assumption of having access to a substantial volume of data pairs beforehand.
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Figure 1: Language-Image Self-Training (LIST). It consists of two key ingredients that work
synergistically as a loop: i) a captioner model trained alternatively with the augmented paired data
and the synthetic paired data derived from the data engine, and ii) a data engine that synthesizes
diversified captions for both paired and unpaired images with the captioner, while merging synthetic
and web-scraped captions to enhance the quality of paired data with off-the-shelf Large Language
Models. The dashed arrow indicates that the captioner is not involved in the first step of the loop.
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This study aims to mitigate the limitations inherent in relying on paired data, aligning different
modalities by leveraging the untapped potential of unpaired data. We present Language-Immage Self-
Training (LIST), a new methodology for vision-language alignment. As depicted in Fig. 1, LIST
comprises two essential elements, the captioner model and the data engine, that work in a dynamic,
synergistic loop:

1. Captioner model. This model, instantiated by Transformers (Vaswani et al., 2017; Dosovitskiy
et al., 2020), is alternately trained using two types of data. First is a small-scale paired data,
augmented by the data engine with the help of LLMs, e.g.LLaMa (Touvron et al., 2023). The
second one is the unpaired data, each of which is uniquely paired with multiple synthetic cap-
tions synthesized by the data engine. Both data types are sourced from our sophisticated data
engine, providing diverse and comprehensive training supervision.

2. Data engine. This engine is tasked with generating a wide array of captions for both paired and
unpaired images, using the captioner model. In addition, for the paired data, the data engine inte-
grates synthetic captions with those scraped from the web. This integration process is supported
by advanced off-the-shelf LLMs, ensuring high-quality and contextually appropriate captions.

Together, these components enable LIST to effectively incorporate unpaired data to train vision-
language models, requiring only a small amount of data pairs to warm up the training and allowing
for the explicit control of the captions synthesis. In addition, since LIST does not have any design
specific to the vision input, it can be easily generalized to broader scenarios where paired data are
scarce. For instance, much like the transition from CLIP (Radford et al., 2021) to CLAP (Elizalde
etal.,2023), LIST demonstrates strong generalization beyond the vision-language tasks to the audio-
language setting, where typically only a few thousand paired examples are available.

In summary, this paper makes several significant contributions to multi-modal alignment:

* We introduce Language-Image Self-Training (LIST), a generic framework designed to harness
the untapped potential of unpaired data for enhancing multi-modal representation alignment.
LIST exhibits astonishing performance across multiple benchmarks, including zero-shot im-
age/audio classification, image-text retrieval, and compositional evaluation.

* Our approach demonstrates how the integration of a captioner model with a data engine, operat-
ing in a synergistic loop within LIST, can lead to concurrent improvements in both the model’s
performance and the quality of the data.

* The data engine in LIST is able to generate a diverse range of captions for both paired and
unpaired images. By leveraging LLMs, it effectively integrates the information of web-scraped
and synthetic captions, thereby enhancing the quality of the paired data.



Under review as a conference paper at ICLR 2025

2 RELATED WORK

Multimodal foundation models. Multimodal foundation models (Radford et al., 2021; Jia et al.,
2021; Yu et al., 2022; Alayrac et al., 2022; Li et al., 2022; Liu et al., 2023) have exhibited remark-
able capabilities in understanding and generating outputs across various modalities. CLIP (Radford
et al., 2021) uniquely processes images and text as parallel data streams, enabling seamless con-
nections between visual and textual content. This approach is further advanced by models like
DALL-E (Ramesh et al., 2021) and StableDiffusion (Rombach et al., 2022), which extend the con-
cept to generate intricate images from textual descriptions, and (Guzhov et al., 2022; Huang et al.,
2023) that extend it to audio understanding. These models rely heavily on extensive paired datasets
for training and have demonstrated notable proficiency in diverse cross-modal tasks, including im-
age captioning, text-to-image synthesis, and audio-visual correlations. This surge in multimodal
learning highlights the importance of large-scale, diverse datasets. However, the challenge lies in
the labor-intensive process of curating high-quality image-text pairs, especially at scale. This work
seeks to mitigate the reliance on paired data by capitalizing on the abundance of readily available
unpaired data, utilizing self-training techniques to bridge this gap.

Improving multi-modal datasets. Multi-modal datasets, sourced primarily through internet crawl-
ing, are susceptible to noise and biases due to limited human moderation, often reflecting a nar-
row spectrum of human interests. Recent research has focused on improving the quality of vision-
language pretraining datasets by caption filtering (Radenovic et al., 2023; Cao et al., 2023), caption
rewriting (Fan et al., 2023), using synthetic caption (Li et al., 2022; 2023a; Santurkar et al., 2022),
raw-synthetic caption mixing (Nguyen et al., 2023), and image synthesis (Tian et al., 2023) with
text-to-image diffusion model (Rombach et al., 2022). Closer to LIST, concurrent methods, e.g.,
CapsFusion (Yu et al., 2024), VeCLIP (Lai et al., 2023), and ALIP (Yang et al., 2023a), also ex-
plored generating synthetic captions and then merging them with the web-scraped ones. However,
they are highly dependent on external VLMs trained on additional paired data, while LIST does not
have access to any implicit source of data pairs. These enhancements have shown that optimized
datasets can significantly boost model performance, making it possible for models trained on fewer,
but higher-quality, text-image pairs to match or even surpass those trained on larger datasets. LIST
stands apart in its fundamental aim to leverage unpaired data rather than enhancing paired data, an
approach that ideally complements the existing methodologies.

Self-training. Self-training (Scudder, 1965; Fralick, 1967; Blum & Mitchell, 1998), a semi-
supervised learning technique, has emerged as a significant approach for its effective use of unla-
beled data to boost model performance. This methodology, which entails generating pseudo-labels
for unlabeled data using the model itself, has demonstrated considerable improvements in perfor-
mance. It proves beneficial not only in areas with limited labeled data (Broder, 1997; Lee et al.,
2013) but also in larger-scale applications (He et al., 2019; Yalniz et al., 2019; Xie et al., 2020).
Recent advancements in self-training have extended its application to various domains, such as lan-
guage modeling (Huang et al., 2022a; Dong et al., 2023; Gulcehre et al., 2023), LLMs alignment (L1
et al., 2023b), and object detection (Zoph et al., 2020), making it invaluable where labeled data ac-
quisition is challenging or costly. LIST aligns with this paradigm but distinguishes itself through
its task for vision-language alignment and the unique caption refinement process that incorporates
external knowledge from LLMs. In a related context, UCM (Yang et al., 2023b) similarly pro-
poses a self-training method for vision-language BERT, albeit with a different emphasis than vision-
language alignment. Nonetheless, UCM’s methodology is heavily dependent on an external object
detector, while LIST is a self-reliant framework, functioning independently even in the absence of
the LLMs—the sole external component LIST utilizes. Furthermore, leveraging LLMs enables LIST
to integrate open-set knowledge, which is a significant enhancement over the object detector used in
UCM that is constrained by a predefined set of close-set classes.

3 LANGUAGE-IMAGE SELF-TRAINING

3.1 THE INTERPLAY OF MODEL AND DATA

Notation. Let x,y denote image and caption respectively, D, = {(;, yi)}f\gl denote a paired
dataset consisting of NV, image-caption pairs, D,, = {:c,»}f.\[:”1 denote a dataset consisting of N,
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unpaired images (N, > N,,), a vison-language model denote M(-) that can process both image and
text, and a data engine £ that synthesizes captions with the help of M and (optionally) an LLMs G.

Framework. We introduce Language-Image Self-Training (LIST), a generic framework designed to
utilize paired data D,, as well as harness the untapped potential of unpaired data D,, for enhancing
vision-language model M, and vice versa. As shown in Fig. 1, LIST operates in a loop, trains the
vision-language model alternatively on D, and D,,, augmented by the data engine £. Here we briefly
present a high-level description of the loop of LIST, leaving the details to the next two subsections
for clarity:

1. We start the cycle by augmenting the initial, small-scale paired dataset D, with the data engine

£ as:
E(Dy; G) = {(w1, E(ys; G} (1)
= {(ai, {9} : 97 ~ G(y)} ), )

where the data engine £ takes an image-text pairs as input and generate m captions {9’ },, that
are augmented by the LLM G for each image. The details of the prompt design will be given in
the next subsection.

2. Given the augmented paired dataset £(D,,), we train the vision-language model M with Empir-
ical Risk Minimization:

M, = argl\flnin E(z,y)~em,) L(T, y; M), 3)

where £(-) is an objective function that will be given subsequently and the subscript of M
differentiates the models trained with paired data (IM,,) and unpaired data (IM,,). Since there are
m captions associated with an image in D,,, we sample one of them uniformly at random.

3. Now, with M, to empower £, we can then synthesize captions for all the images in D,, as:
E(Du; Mp) = {@i, E(wi; Mp)}ivzul “4)
= {z, {ij : yvj ~ MP(:L'Z)};nzl}i\él ®)
Here, M, (x) generates a caption based the content of the image x.

4. In turn, we can train the model M on the unpaired dataset supplemented with synthetic captions,
employing the same objective and procedure as in Eq. 3 and Step 2, resulting in a model M,,.
Notably, we observed that training solely on synthetic pairs tends to yield small loss values,
particularly when resuming from a checkpoint utilized for caption generation. Consequently, we
opt to train the model from scratch in this phase to avoid overfitting.

5. Finally, we utilize M, to synthesize a new set of captions for the paired data, generating m
captions for each image in D,, following Eq. 4. Once the synthetic captions are generated, we
prompt the LLM G to merge the information of the synthetic caption y, and original caption y,,
as:

'!:li - G(QO7 yAS)7 vwl (6)
’go ~ G(yz)/gs ~ Mu($1)7 @)

resulting in an augmented paired data £(D,; M, G) = {x;, {g’ Ty }fipl As LIST approaches
the end of one cycle, we have the option to either conclude the iteration or return to Step 2,
thereby allowing the process to continue in a loop.

Overall, LIST functions in a dynamic, synergistic loop, alternating between model training (Steps 2
and 4) and data synthesis (Steps 1, 3, and 5), each phase complementing and enhancing the other.
In the following two subsections, we will delve into the details of these two components.

3.2 MODEL AND TRAINING

Model architecture. LIST is a generic framework and is agnostic to the specific architecture of the
vision-language model M. Throughout this paper, we opt for the Contrastive Captioner (CoCa) (Yu
et al., 2022) to instantiate M because of its simplicity and its capability to generate descriptive cap-
tions for vision-language learning (c.r (Nguyen et al., 2023)). M compromises of three components
(depicted in Fig. 4 of Appendix).
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* A vision encoder E, instantiated by a Vision Transformer (Dosovitskiy et al., 2020). It takes an
image x as input, outputs a global embedding v, and an array of local embeddings V;.

* A language encoder E¢ instantiated by a bidirectional transformer (Vaswani et al., 2017), pro-
ducing a global embedding ¢, for a given caption y.

* Alanguage decoder Dy that is instantiated by a unidirectional transformer (Vaswani et al., 2017).
It processes the input caption y with the causal masking scheme and conditions on the vision
embedding V;. D is tasked to predict the next in the sequence, ultimately outputting a score s.

In our empirical observations, initiating training of the model M from scratch often led to severe
overfitting, a phenomenon especially marked in scenarios with limited initial paired data, such as
only a few hundred thousand pairs in our case. However, the extensive availability of high-quality
unpaired unimodal data provides a beneficial alternative. This plentiful resource enables us to em-
ploy unimodal pretrained models as an effective countermeasure against overfitting. Our approach
aligns with the LiT methodology (Zhai et al., 2022), in which we opt for a pretrained, frozen vision
encoder, specifically DINOv2 (Oquab et al., 2023). This is complemented by a randomly initial-
ized, trainable attentional pooling layer (Yu et al., 2022) atop the pretrained encoder, forming our
standard configuration. In the event of the audio-language setting, we simply replace the vision
encoder with an audio encoder pretrained by AudioMAE (Huang et al., 2022b) and keep the other
audio-irrelevant designs unchanged. Furthermore, considering the language modeling aspect of our
model, we initiate the language segments E;, D, of M with a pretrained T5 encoder-decoder (Raffel
et al., 2020) and use an averaging pooling when extracting the global language embedding with the
language encoder. Subsequently, we update the weights of these segments through gradient descent,
thereby fine-tuning the model for the tasks of captioning and contrastive learning.

Training objective. Following CoCa (Yu et al., 2022), we train the model M jointly with the
contrastive loss Lo and the caption loss L,,, weighted by two hyper parameter «, 3 as:

‘C(a’yy;M) = a*ccon(way) +B*£cap(wvy)- ¥
Specifically, the vision encoder E,, and language encoder E; are optimized by the contrastive loss:

N N

Z o exp(sim(v}, t}) Z exp(sim(t}, ’U;)/T)
SiL, exp(sim(v}, tﬂ — SN exp(sim(t;, v])/7)
where the first term accounts for the image-to-text contrastive loss while the second accounts for

the text-to-image one, sim(-) denote the cosine similarity, 7 is a temperature parameter scaling the
logits, and N is the batch size.

Econ(w7 y) = - 5 (9)

i=1

The vision encoder E,, and language decoder D, are optimized by the caption loss in an autoregres-
sive manner:

N T
Lep(x,y) == logpilyt, - yi_1; Vi), (10)
i=1 t=1
where T; is the length of the caption y*, ¥} is the j-th word in y*. p(y{lyi,...,yi_1; V}’) is the

probability of the ¢-th word in the caption, conditioned on the vision local embedding V; and all the
previous words in the caption.

3.3 DATA ENGINE
Captions synthesis. Utilizing our trained model M, we can generate m captions for a given input
image @ through standard autoregressive decoding, defined as:

T
g = arg max HP(Qt|Q17Q2,-~-7Qt—1;W)- (11)
Y t=1

This decoding process is terminated either when ¢ > T or upon sampling an “end of sequence”
token. Following this, we apply a standard deduplication procedure for the generated text data. We



Under review as a conference paper at ICLR 2025

-~
Mstmcﬁm( From a web-scraped caption '| |' a synthesized caption, create a new caption after \ Large Language Models,

'=>', favoring the web-scraped details and carefully adding from the synthesized one. >
yoring the P v adding fror ynthes e.g., ChatGPT or LLaMa 2
I The trail head with a man in the background || A person walking on a path in the

Examples |
woods => A person walking on a trail in the woods with a man visible in the l
| background. l l
) : : ) ) | (7 Tiker stands on the sammit)
Query glimpse of the glacier behind the moraine || A hiker looks out at a mountain range I iker stands on the summit
‘ from the summit. => l lofa mountain range and
/ looks out at the landscape.  }
N — — — — — — — — — — — —— — — — —— — — — N o — — — — — —

Figure 2: Caption refinement for paired data. We employ off-the-shelf LLMs, such as LLaMa
2 (Touvron et al., 2023), instructing them to generate a new caption by merging the web-scraped
caption with the one synthesized by the captioner. To facilitate in-context learning, we provide the
LLM with the task description and several illustrative examples.

utilize MinHash (Broder, 1997; Mou et al., 2023) to eliminate captions that are less than five tokens
in length and discard those exhibiting a Jaccard similarity greater than 0.7.

Captions refinement. The data engine £ augments the existing captions for the paired data with
the LLM G, specifically a LLaMa-2-7B, independent of the presence of the captioner M. In sce-
narios where M is not yet integrated, i.e., at the beginning of the LIST loop, our refinement method
reverts to the Language Rewrite method (Fan et al., 2023). Here, the LLM G receives instructions
to “rewrite the caption differently”, supplemented by several in-context examples that have been
previously rewritten by chatbots, such as ChatGPT (OpenAl, 2023), or by humans.

The captioner model M has the capability to supplement the existing knowledge found in web-
scraped captions with novel insights. As extensively analyzed by Nguyen et al. (2023), synthetic
captions, as opposed to raw, web-scraped ones, exhibit distinct characteristics. Synthetic captions
typically demonstrate greater consistency and coherence with the visual content but lack diversity.
On the other hand, raw captions, while offering semantically richer context, are often susceptible to
noise, a common byproduct of web-scraping processes. To harness the strengths of both types, we
propose instructing LLMs to adeptly integrate the valuable elements from each, thus creating more
comprehensive and enriched captions.

Our process begins with the collection of a few integration examples using ChatGPT (OpenAl,
2023), a more capable LLM. We commence by randomly selecting 20 captions from £(D,; G)
along with their corresponding synthetic captions. For each pair, we generate a merged caption
using a prompt like““Combine a web-scraped caption with a synthesized one, giving precedence
to the former.” These merged samples then serve as in-context examples. Coupled with the task
description, “From a web-scraped caption || a synthesized caption, create a new caption after ->,
favoring the web-scraped details and carefully adding from the synthesized one”, and the specific
query, they are used to prompt the relatively smaller LLM G, LLaMa 2 (Touvron et al., 2023) in our
case, to integrate the captions. An illustration of this prompting technique is provided in Fig. 2.

4 EXPERIMENTS

4.1 EXPERIMENT SETUP

Pretraining data. Our primary experiments are conducted using the CC3M dataset (Sharma et al.,
2018), which comprises 3.3 million high-quality image-text pairs sourced from the web and subse-
quently subjected to rigorous automatic and manual cleaning processes. We utilize the img2dataset
toolbox (Beaumont, 2021) to download the dataset using the provided URL-caption pairs, ultimately
yielding approximately 2.8 million image-text pairs, a reduction primarily attributable to expired
links. For the audio experiments, we choose the widely used and high-quality audio-caption datasets
as the data source. Concretely, we adopt the following configurations of the paired dataset:

* CC160K: This subset, comprising roughly 5% of the total data pairs in CC3M, is created using
the first 160K URL-caption pairs from the dataset.

* CC600K: This configuration employs the first 600K URL-caption pairs, amounting to about
20% of the CC3M dataset’s total data pairs.
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Table 1: Zero-shot classification accuracy (%) on the ImageNet-1K validation set. The number
in braces denotes the performance gain of LIST compared to CoCa.

NUM. OF DATA IMAGENET

METHOD

Paired Unpaired Topl Top5
CLIP (Radford et al., 2021) 2.8M 0 40.25 62.27
CoCa (Yu et al., 2022) 2.8M 0 39.94 62.18
CLIP (Radford et al., 2021) 160K 0 29.99 55.80
LaCLIP (Fan et al., 2023) 160K 0 32.83 58.67
CoCa (Yu et al., 2022) 160K 0 29.98 55.61
LIST 160K 2.6M 36.03 (+6.1) 59.05 (+3.4)
CLIP (Radford et al., 2021) 600K 0 33.68 58.88
LaCLIP (Fan et al., 2023) 600K 0 39.58 63.91
CoCa (Yu et al., 2022) 600K 0 33.71 58.70
LIST 600K 2.2M 41.01 (+7.3) 64.29 (+5.6)

Table 2: Zero-shot classification accuracy on the VTAB benchmark. The number in braces
indicates the performance improvement achieved by LIST over CoCa. We have omitted the baseline
results for CC160K, as they did not surpass the performance level of random guesses.
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CLIP (Radford et al., 2021) 2.8M 0 74.38 72.13 62.93 21.58 14.80 7.60 29.57 31.12 39.26
CoCa (Yu et al., 2022) 28M 0 73.93 71.88 3548 2592 1594 10.99 30.57 32.52 37.15
LIST 160K 2.6M 67.16 58.45 21.38 11.81 9.95 9.82 23.61 2692 28.64

CLIP (Radford et al., 2021) 600K 0 72.93 69.97 33.56 1537 12.05 7.49 4135 27.92 35.08
LaCLIP (Fan et al, 2023) 600K 0 75.79 73.83 36.12 18.98 1521 13.18 39.39 32.51 38.13
CoCa (Yu et al., 2022) 600K 0 6892 61.85 2394 11.89 9.62 7.59 32.00 24.40 30.03
LIST 600K 2.2M 74.98 75.50 40.16 20.49 15.70 18.35 40.00 30.51 39.46

(Gain over CoCa) (+#5.1) (+13.6) (+16.2) (+8.6) (+6.1) (+10.8) (+8.0) (+6.1) (+9.4)

* AudioCaps+Clotho: This configuration combines the 49K pairs from AudioCaps (Kim et al.,
2019) dataset and another 4K pairs from the Clotho (Drossos et al., 2020) dataset.

In the first two configurations, we treat the remaining images in the CC3M dataset as unpaired data,
discarding all associated captions to maintain consistency in our experimental setup. We default to
CC160K in all ablation studies unless otherwise specified. For the process of data synthesis, we
default to generating five augmented captions, setting m = 5. For the audio-language experiments,
we use a subset of 730K audio files downloaded according to AudioSet (Gemmeke et al., 2017)
as unpaired data. In the caption refinement stage, we opt for the 7B version of LLaMa 2 (Touvron
et al., 2023), chosen for its proven efficacy and efficiency.

Pretraining configurations. We perform all our experiments on the OpenCLIP codebase (Ilharco
et al., 2021), with all the training details given in Sec. B'.

Zero-shot evaluation. We implement the zero-shot evaluation methodology as described in the
original CLIP paper (Radford et al., 2021), focusing primarily on the topl/top5 accuracy on Ima-
geNet validation set (Deng et al., 2009) to assess performance. This process involves utilizing 80
prompt templates, for instance, ‘a photo of {object}’, to calculate the average text embedding for
each class, serving as the classifier. Subsequently, each image is classified based on the proximity
between its global embedding and these averaged text classifiers, effectively leveraging the learned
associations between images and textual descriptions. Similar procedures go for audio classification.

!Code will be made publicly available along with the paper.
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Table 3: Zero-shot image-text retrieval on MS-COCO, measured by the Recall@K (K=1, 5, 10).

# DATA TEXT-TO-IMAGE IMAGE-TO-TEXT
METHOD
Paired Unpaired R@1 R@5 R@10 R@l R@5 R@10
CLIP (Radford et al., 2021) 2.8M 0 28.69 5411 6599 3792 6548  76.38
CoCa (Yu et al., 2022) 2.8M 0 2995 5539 6638 3940 67.14  77.28
CLIP (Radford et al., 2021) 600K 0 2470  50.38 6226 3392 61.82 7322
LaCLIP (Fan et al., 2023) 600K 0 2593 51.04 6226 3678 6414 75.18
CoCa (Yu et al., 2022) 600K 0 2522 5042 6248 3444 6206 73.04
LIST 600K 2.2M 29.66 5481 66.09 4156 6834 78.76
(Gain over CoCa) (+4.44) (+4.39) (+3.61) (+7.12) (+6.28) (+5.72)

4.2 ZERO-SHOT IMAGE CLASSIFICATION

ImageNet. ImageNet (Deng et al., 2009) is one of the golden benchmarks for assessing vision-
related models. The results of our experiments are summarized in Tab. 1, where the significant
performance improvements achieved by LIST are evident. Specifically, LIST surpasses CoCa by
absolute margins of 6.2% and 7.3% in top-1 zero-shot classification accuracy, utilizing 160K and
600K pairs for training, respectively. Additionally, it is noteworthy that LIST, when trained with
600K data pairs, outperforms baseline models trained with 2.8M pairs — approximately four times
the data used for LIST.

VTAB. We further assess the performance of LIST using the VTAB benchmark (Zhai et al., 2019),
which is a comprehensive collection of datasets designed to evaluate models from multiple perspec-
tives. Our experiments, conducted on the CLIPBenchmark codebase (LAION, 2022), focus on a
subset of VTAB that includes realistic image datasets: the natural sets featuring Caltech101 (Fei-Fei
et al., 2004), CIFAR100 (Krizhevsky, 2009), DTD (Cimpoi et al., 2014), Flowers102 (Nilsback &
Zisserman, 2008), Pet (Parkhi et al., 2012), and SVHN (Netzer et al., 2011); and the specialized
set with EuroSAT (Helber et al., 2017) and RESISC45 (Cheng et al., 2017). The results, detailed
in Tab. 2, reveal that LIST, trained with 600K paired data, consistently surpasses CoCa across all
categories, with an average improvement of 9.4% in absolute terms. Notably, LIST also slightly
outperforms CLIP/CoCa models trained with a larger dataset of 2.8M pairs, underscoring its capa-
bility of leveraging the abundant unpaired data. Note that, we omit the results for the baselines when
trained on CC160K because they perform at random-guess level. We conjecture this issue might be a
result of the large distribution shift from the training data to the test data, and LIST can significantly
bypass it thanks to the leverage of unpaired data and diverse synthetic captions.

4.3 ZERO-SHOT IMAGE-TEXT RETRIEVAL

We evaluate LIST on the MS-COCO image-text retrieval task (Lin et al., 2014). We directly follow
the setting in CLIPBenchmark (LAION, 2022) and report the results on both image-to-text retrieval
and text-to-image retrieval in Tab. 3. On both tasks and in terms of all metrics, we can see that, even
compared to the baselines using 20x more pairs, LIST consistently outperforms them by a large
margin, e.g., as large as 7% compared with CoCa, suggesting the generalizability of LIST to tasks
other than classification.

4.4 7ZERO-SHOT AUDIO CLASSIFICATION

We extend the application of LIST to audio-language alignment, a challenging scenario typically
constrained by the availability of only a few thousand paired examples, such as the 53K pairs in
combination from AudioCaps (Kim et al., 2019) and Clotho (Drossos et al., 2020) datasets, and
730K unpaired audios from AudioSet (Gemmeke et al., 2017) dataset. Without any twists-and-bells,
we observe that LIST obtains 43.9% 0-shot audio classification accuracy on the ESC-50 (Piczak,
2015) dataset, outperforming CoCa by 2%. This demonstrates the capability of LIST to generalize
beyond vision-language tasks to the alignment of other modalities, even in a small-data regime.
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Table 4: Zero-shot classification accuracy (%) on the ESC-50 validation set. The number in
braces denotes the performance gain of LIST compared to CoCa.

NUM. OF DATA ESC-50 ZERO-SHOT ACCURACY
METHOD
Paired Unpaired Topl Top5
CLAP (Elizalde et al., 2023) 53K 0 41.5 74.1
CoCa (Yu et al., 2022) 53K 0 42.1 75.2
LIST 53K 730K 43.9 (+1.8) 76.6(+1.4)

Table 5: Compositionality evaluation on SugarCrepe. The number in braces indicates the per-
formance improvement achieved by LIST over CoCa. The table shows that LIST, trained with only
160K paired data, even surpasses CoCa trained ~ 20x larger dataset of 2.8 million pairs in 4 out of
7 entries, and matches it in one.

METHOD # DATA REPLACE SwWAP ADD
Paired Unpaired Obj.  Attr. Rel. Obj.  Attr.  Obj.  Attr.

CLIP (Radford et al., 2021) 2.8M 0 88.98 7145 6629 5935 57.68 7527 68.21

CoCa (Yu et al., 2022) 2.8M 0 90.07 73.73 69.20 53.25 5946 7643 68.50

CLIP (Radford et al., 2021) 160K 0 86.08 66.75 5494 59.35 5150 73.13 69.94
LaCLIP (Fan et al., 2023) 160K 0 89.23 6599 57.18 60.57 56.01 77.21 70.81

CoCa (Yu et al., 2022) 160K 0 85.64 66.12 5541 56.50 5195 7436 6691
LIST 160K 2.6M 90.13 7272 6529 62.60 5946 79.15 73.12
(Gain over CoCa) (+4.5) (+6.5) (+9.9) (+6.1) (+7.5) (+4.8) (+6.2)

CLIP (Radford et al., 2021) 600K 0 88.86 70.81 63.58 59.76 5541 76.82 67.92
LaCLIP (Fan et al., 2023) 600K 0 89.89 7145 61.02 58.13 60.51 78.78 67.63
CoCa (Yu et al., 2022) 600K 0 87.71 69.53 6351 58.13 5646 7692 68.50
LIST 600K 22M  90.86 75.51 6636 64.23 61.26 79.78 78.18

(Gain over CoCa) (+32) (+6.0) (+2.9) (+6.1) (+4.8) (+2.9) (+9.7)

4.5 COMPOSITIONALITY EVALUATION

Recent studies (Thrush et al., 2022; Yuksekgonul et al., 2022; Hsieh et al., 2023) have raised ques-
tions about the compositional capabilities of vision-language models, uncovering a tendency for
these models to behave more like bag-of-words systems rather than fully understanding attributes,
relationships, and the order of objects. In this context, we explore the compositional understanding
of LIST using the SugarCrepe dataset (Hsieh et al., 2023), which is carefully crafted by altering
captions through objects/attributes replacements, swaps, and additions and relations replacements.
As shown in Tab. 5, LIST is compared with baseline models under various configurations, demon-
strating that our method significantly outperforms the baselines with an equivalent amount of paired
data. Notably, LIST, even when trained with only 160K paired data, surpasses CoCa trained with a
much (~ 20x) larger dataset of 2.8 million pairs in 4 out of 7 entries, and matches it in one. This
highlights the exceptional ability of LIST to effectively utilize unpaired data, thereby enhancing the
compositional understanding in vision-language models.

4.6 ANALYSES

Scale LIST along data-/model-axes. We conduct experiments with 600K/1.5M data pairs from
CC3M and 3M/10M unpaired images from LAION400M (Schuhmann et al., 2022), with results
detailed in Fig. 3a. We observe a promising scaling behavior of LIST w.r.t. data size: i) when
the number of paired data is fixed, LIST’s performance monotonously improves as the quantity of
unpaired images increases; and ii) when the number of unpaired images is fixed, LIST enjoys a con-
sistent performance boost with more paired data. Moreover, despite the different sources of paired
and unpaired data, LIST significantly outperforms baselines using only paired data, a gain further
amplified when mixing data distributions from both sources (see Sec. C). In Fig. 3b, our evaluation
of LIST’s scalability using the ViT-L/T5-L model shows a significant performance improvement,
mirroring the trends seen in CoCa’s performance. The above experiments underscore LIST’s ability
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Figure 3: Scaling LIST along data- and model-axes. Sources of paired and unpaired data: a)
CC3M and LAION400M; and b) CC3M as in Sec. 4.1.

Table 6: Impact of caption refinement. The Table 7: Number of training loops in
synthesis of captions for paired data followedby =~ LIST. Model performance progressively im-
their merge with original captions using LLMs  proves with each training loop, but tends to

yields the best results. plateau at the second iteration.

DatA D, &(D,)INSTEP2 £(Dp) IN STEP 5 #CYCLES O 1 2
MERGE X X X v MODEL M, M, M, M., M,
M, 28.36 30.44 33.16 3492 ImageNet 30.44 36.03 3492 36.21 34.98

to scale with the data and model size and its capability to cope with distribution discrepancy between
paired and unpaired data, highlighting its potential in more practical scenarios.

Caption refinement. We conducted a series of experiments to evaluate the effectiveness of our cap-
tion refinement approach, which leverages LLMs. The results are comprehensively summarized in
Tab. 6. Our observations indicate that while the text-only caption augmentation in Step 2 of Tab. 3.1
significantly enhances the performance compared to the baseline D,,, the process of generating cap-
tions for paired data using the trained vision-language model and subsequently merging them with
original captions through LLMs leads to even further improvements. This set of experiments high-
lights the importance of generating captions based on visual cues, the synergy between synthetic
and original captions, and the advantages of employing LLMs to seamlessly integrate these diverse
information sources.

Number of training cycles. Tab. 7 provides a summary of our experiments exploring the impact
of the number of LIST loops on model performance. It is observed that the model’s performance
improves progressively with respect to each training loop. However, this enhancement appears to
plateau after the second iteration. Consequently, for the sake of efficiency, we have chosen to limit
LIST to a single loop as the default setting.

5 CONCLUSION

This paper introduces the Language-Image Self-Training (LIST) framework, a novel methodology
for multi-modal alignment. LIST’s distinctive approach, which adeptly leverages the untapped po-
tential of unpaired data, mitigates the traditional reliance on large-scale, paired multi-modal datasets.
This framework, characterized by its synergistic cycle of model training and data synthesis, and fur-
ther enhanced by the integration of Large Language Models, significantly improves both data quality
and model performance. Comprehensive evaluations on a wide range of standard zero-shot classi-
fication, retrieval, and compositionality benchmarks not only demonstrate LIST’s effectiveness in
enhancing vision-language alignment but also highlight its capability to generalize to new modali-
ties, e.g., audio-language.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, lain Barr, Yana Hasson, Karel
Lenc, Arthur Mensch, Katherine Millican, Malcolm Reynolds, et al. Flamingo: a visual language
model for few-shot learning. Advances in Neural Information Processing Systems, 35:23716—
23736,2022. 1,3

Romain Beaumont. img2dataset: Easily turn large sets of image urls to an image dataset. https:
//github.com/roml1504/img2dataset, 2021. 6

Avrim Blum and Tom Mitchell. Combining labeled and unlabeled data with co-training. In Pro-

ceedings of the eleventh annual conference on Computational learning theory, pp. 92—-100, 1998.
3

Andrei Z Broder. On the resemblance and containment of documents. In Proceedings. Compression
and Complexity of SEQUENCES 1997 (Cat. No. 97TB100171), pp. 21-29, 1997. 3, 6

Liangliang Cao, Bowen Zhang, Chen Chen, Yinfei Yang, Xianzhi Du, Wencong Zhang, Zhiyun Lu,
and Yantao Zheng. Less is more: Removing text-regions improves clip training efficiency and
robustness. arXiv preprint arXiv:2305.05095, 2023. 3

Gong Cheng, Junwei Han, and Xiaoqiang Lu. Remote sensing image scene classification: Bench-
mark and state of the art. Proceedings of the IEEE, 105(10):1865-1883, Oct 2017. ISSN 1558-
2256. doi: 10.1109/jproc.2017.2675998. URL http://dx.doi.org/10.1109/JPROC.
2017.2675998. 8

M. Cimpoi, S. Maji, I. Kokkinos, S. Mohamed, and A. Vedaldi. Describing textures in the wild. In
Proceedings of the IEEE Conf. on Computer Vision and Pattern Recognition (CVPR), 2014. 8

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-scale hi-
erarchical image database. In 2009 IEEE conference on computer vision and pattern recognition,
pp- 248-255, 2009. 7, 8, 18

Hanze Dong, Wei Xiong, Deepanshu Goyal, Rui Pan, Shizhe Diao, Jipeng Zhang, Kashun Shum,
and Tong Zhang. Raft: Reward ranked finetuning for generative foundation model alignment.
arXiv preprint arXiv:2304.06767, 2023. 3

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An
image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020. 1,2, 5, 17

Konstantinos Drossos, Samuel Lipping, and Tuomas Virtanen. Clotho: An audio captioning dataset.
In IEEE International Conference on Acoustics, Speech and Signal Processing, pp. 736-740.
IEEE, 2020. 7, 8

Benjamin Elizalde, Soham Deshmukh, Mahmoud Al Ismail, and Huaming Wang. Clap: Learning
audio concepts from natural language supervision. In IEEE International Conference on Acous-
tics, Speech and Signal Processing, pp. 1-5. IEEE, 2023. 2,9

Lijie Fan, Dilip Krishnan, Phillip Isola, Dina Katabi, and Yonglong Tian. Improving clip training
with language rewrites. arXiv preprint arXiv:2305.20088, 2023. 1,3,6,7, 8,9

Li Fei-Fei, Rob Fergus, and Pietro Perona. Learning generative visual models from few training
examples: An incremental bayesian approach tested on 101 object categories. Computer Vision
and Pattern Recognition Workshop, 2004. 8

S Fralick. Learning to recognize patterns without a teacher. IEEE Transactions on Information
Theory, 13(1):57-64, 1967. 3

Jort F Gemmeke, Daniel PW Ellis, Dylan Freedman, Aren Jansen, Wade Lawrence, R Channing
Moore, Manoj Plakal, and Marvin Ritter. Audio set: An ontology and human-labeled dataset for
audio events. In 2017 IEEE international conference on acoustics, speech and signal processing
(ICASSP), pp. 776-780. IEEE, 2017. 7, 8

11


https://github.com/rom1504/img2dataset
https://github.com/rom1504/img2dataset
http://dx.doi.org/10.1109/JPROC.2017.2675998
http://dx.doi.org/10.1109/JPROC.2017.2675998

Under review as a conference paper at ICLR 2025

Caglar Gulcehre, Tom Le Paine, Srivatsan Srinivasan, Ksenia Konyushkova, Lotte Weerts, Abhishek
Sharma, Aditya Siddhant, Alex Ahern, Miaosen Wang, Chenjie Gu, et al. Reinforced self-training
(rest) for language modeling. arXiv preprint arXiv:2308.08998, 2023. 3

Andrey Guzhov, Federico Raue, Jorn Hees, and Andreas Dengel. Audioclip: Extending clip to
image, text and audio. In ICASSP 2022-2022 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), pp. 976-980, 2022. 3

Junxian He, Jiatao Gu, Jiajun Shen, and Marc’ Aurelio Ranzato. Revisiting self-training for neural
sequence generation. arXiv preprint arXiv:1909.13788, 2019. 3

Patrick Helber, Benjamin Bischke, Andreas Dengel, and Damian Borth. Eurosat: A novel
dataset and deep learning benchmark for land use and land cover classification. arXiv preprint
arXiv:1709.00029, 2017. 8

Dan Hendrycks, Steven Basart, Norman Mu, Saurav Kadavath, Frank Wang, Evan Dorundo, Rahul
Desai, Tyler Zhu, Samyak Parajuli, Mike Guo, et al. The many faces of robustness: A criti-
cal analysis of out-of-distribution generalization. In Proceedings of the IEEE/CVF international
conference on computer vision, pp. 8340-8349, 2021a. 16

Dan Hendrycks, Kevin Zhao, Steven Basart, Jacob Steinhardt, and Dawn Song. Natural adversarial
examples. In Proceedings of the IEEE/CVF conference on computer vision and pattern recogni-
tion, pp. 15262-15271, 2021b. 16

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
neural information processing systems, 33:6840-6851, 2020. 1

Cheng-Yu Hsieh, Jieyu Zhang, Zixian Ma, Aniruddha Kembhavi, and Ranjay Krishna. Sug-
arcrepe: Fixing hackable benchmarks for vision-language compositionality. arXiv preprint
arXiv:2306.14610, 2023. 9, 19

Jiaxin Huang, Shixiang Shane Gu, Le Hou, Yuexin Wu, Xuezhi Wang, Hongkun Yu, and Jiawei
Han. Large language models can self-improve. arXiv preprint arXiv:2210.11610, 2022a. 3

Po-Yao Huang, Hu Xu, Juncheng Li, Alexei Baevski, Michael Auli, Wojciech Galuba, Florian
Metze, and Christoph Feichtenhofer. Masked autoencoders that listen. Advances in Neural Infor-
mation Processing Systems, 35:28708-28720, 2022b. 5

Rongjie Huang, Mingze Li, Dongchao Yang, Jiatong Shi, Xuankai Chang, Zhenhui Ye, Yuning Wu,
Zhiqing Hong, Jiawei Huang, Jinglin Liu, et al. Audiogpt: Understanding and generating speech,
music, sound, and talking head. arXiv preprint arXiv:2304.12995, 2023. 1, 3

Gabriel Ilharco, Mitchell Wortsman, Ross Wightman, Cade Gordon, Nicholas Carlini, Rohan
Taori, Achal Dave, Vaishaal Shankar, Hongseok Namkoong, John Miller, Hannaneh Hajishirzi,
Ali Farhadi, and Ludwig Schmidt. Openclip. https://github.com/mlfoundations/
open_clip,2021. 7,17

Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh, Hieu Pham, Quoc Le, Yun-Hsuan
Sung, Zhen Li, and Tom Duerig. Scaling up visual and vision-language representation learning

with noisy text supervision. In International conference on machine learning, pp. 4904—4916,
2021. 3

Chris Dongjoo Kim, Byeongchang Kim, Hyunmin Lee, and Gunhee Kim. Audiocaps: Generating
captions for audios in the wild. In Proceedings of the Conference of the North American Chap-
ter of the Association for Computational Linguistics: Human Language Technologies, Volume 1
(Long and Short Papers), pp. 119-132, 2019. 7, 8

Alex Krizhevsky. Learning multiple layers of features from tiny images. Technical report, University
of Toronto, 2009. 8

Taku Kudo and John Richardson. Sentencepiece: A simple and language independent subword
tokenizer and detokenizer for neural text processing. arXiv preprint arXiv:1808.06226,2018. 17

12


https://github.com/mlfoundations/open_clip
https://github.com/mlfoundations/open_clip

Under review as a conference paper at ICLR 2025

Zhengfeng Lai, Haotian Zhang, Wentao Wu, Haoping Bai, Aleksei Timofeev, Xianzhi Du, Zhe Gan,
Jiulong Shan, Chen-Nee Chuah, Yinfei Yang, et al. From scarcity to efficiency: Improving clip
training via visual-enriched captions. arXiv preprint arXiv:2310.07699, 2023. 1, 3

LAION. Clipbenchmark. https://github.com/LAION-AI/CLIP_benchmark, 2022. 8

Dong-Hyun Lee et al. Pseudo-label: The simple and efficient semi-supervised learning method for
deep neural networks. In Workshop on Challenges in Representation Learning, ICML, volume 3,
pp- 896, 2013. 3

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image pre-
training for unified vision-language understanding and generation. In International Conference
on Machine Learning, pp. 12888-12900, 2022. 1, 3

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-
image pre-training with frozen image encoders and large language models. arXiv preprint
arXiv:2301.12597,2023a. 3

Xian Li, Ping Yu, Chunting Zhou, Timo Schick, Luke Zettlemoyer, Omer Levy, Jason Weston, and
Mike Lewis. Self-alignment with instruction backtranslation. arXiv preprint arXiv:2308.06259,
2023b. 3

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dolldr, and C Lawrence Zitnick. Microsoft coco: Common objects in context. In Computer
Vision—ECCV 2014: 13th European Conference, Zurich, Switzerland, September 6-12, 2014,
Proceedings, Part V 13, pp. 740-755. Springer, 2014. 8

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. arXiv
preprint arXiv:2304.08485, 2023. 3, 17

Ilya Loshchilov and Frank Hutter. Sgdr: Stochastic gradient descent with warm restarts. arXiv
preprint arXiv:1608.03983, 2016. 17

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101,2017. 17

Chenghao Mou, Chris Ha, Kenneth Enevoldsen, and Peiyuan Liu. text-dedup. https://
github.com/ChenghaoMou/text—-dedup, 2023. 6

Norman Mu, Alexander Kirillov, David Wagner, and Saining Xie. Slip: Self-supervision meets
language-image pre-training. In European conference on computer vision, pp. 529-544. Springer,
2022. 16

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Bo Wu, and Andrew Y Ng. Reading
digits in natural images with unsupervised feature learning. Advances in Neural Information
Processing Systems, 2011. 8

Thao Nguyen, Samir Yitzhak Gadre, Gabriel Ilharco, Sewoong Oh, and Ludwig Schmidt. Improving
multimodal datasets with image captioning. arXiv preprint arXiv:2307.10350, 2023. 1, 3,4, 6

M-E. Nilsback and A. Zisserman. Automated flower classification over a large number of classes.
In Proceedings of the Indian Conference on Computer Vision, Graphics and Image Processing,

Dec 2008. 8
OpenAl. Chatgpt. https://openai.com/chatgpt, 2023. 6

Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy Vo, Marc Szafraniec, Vasil Khalidov,
Pierre Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin EI-Nouby, et al. Dinov2: Learning
robust visual features without supervision. arXiv preprint arXiv:2304.07193,2023. 5, 17, 18

O. M. Parkhi, A. Vedaldi, A. Zisserman, and C. V. Jawahar. Cats and dogs. In IEEE Conference on
Computer Vision and Pattern Recognition, 2012. 8

13


https://github.com/LAION-AI/CLIP_benchmark
https://github.com/ChenghaoMou/text-dedup
https://github.com/ChenghaoMou/text-dedup
https://openai.com/chatgpt

Under review as a conference paper at ICLR 2025

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, et al. Pytorch: An imperative style, high-
performance deep learning library. Advances in neural information processing systems, 32, 2019.
17

Karol J Piczak. Esc: Dataset for environmental sound classification. In Proceedings of the 23rd
ACM international conference on Multimedia, pp. 1015-1018, 2015. 8

Filip Radenovic, Abhimanyu Dubey, Abhishek Kadian, Todor Mihaylov, Simon Vandenhende, Yash
Patel, Yi Wen, Vignesh Ramanathan, and Dhruv Mahajan. Filtering, distillation, and hard nega-
tives for vision-language pre-training. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 6967-6977,2023. 1, 3

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748-8763,2021. 1,2,3,7,8,9, 18,19

Alec Radford, Jong Wook Kim, Tao Xu, Greg Brockman, Christine McLeavey, and Ilya Sutskever.
Robust speech recognition via large-scale weak supervision. In International Conference on Ma-
chine Learning, pp. 28492-28518, 2023. 1

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J Liu. Exploring the limits of transfer learning with a unified text-to-text
transformer. The Journal of Machine Learning Research, 21(1):5485-5551, 2020. 5, 17, 18

Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray, Chelsea Voss, Alec Radford, Mark Chen,
and Ilya Sutskever. Zero-shot text-to-image generation. In International Conference on Machine
Learning, pp. 8821-8831, 2021. 1,3

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pp. 10684-10695, 2022. 1, 3

Shibani Santurkar, Yann Dubois, Rohan Taori, Percy Liang, and Tatsunori Hashimoto. Is a cap-
tion worth a thousand images? a controlled study for representation learning. arXiv preprint
arXiv:2207.07635, 2022. 3

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman, Mehdi
Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al. Laion-5b: An
open large-scale dataset for training next generation image-text models. Advances in Neural
Information Processing Systems, 35:25278-25294,2022. 1,9

Henry Scudder. Probability of error of some adaptive pattern-recognition machines. IEEE Transac-
tions on Information Theory, 11(3):363-371, 1965. 3

Vaishaal Shankar, Rebecca Roelofs, Horia Mania, Alex Fang, Benjamin Recht, and Ludwig
Schmidt. Evaluating machine accuracy on imagenet. In International Conference on Machine
Learning, pp. 8634-8644. PMLR, 2020. 16

Piyush Sharma, Nan Ding, Sebastian Goodman, and Radu Soricut. Conceptual captions: A cleaned,
hypernymed, image alt-text dataset for automatic image captioning. In Proceedings of the 56th
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp.
2556-2565,2018. 6

Tristan Thrush, Ryan Jiang, Max Bartolo, Amanpreet Singh, Adina Williams, Douwe Kiela, and
Candace Ross. Winoground: Probing vision and language models for visio-linguistic composi-
tionality. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, pp. 5238-5248, 2022. 9

Yonglong Tian, Lijie Fan, Phillip Isola, Huiwen Chang, and Dilip Krishnan. Stablerep: Synthetic
images from text-to-image models make strong visual representation learners. arXiv preprint
arXiv:2306.00984, 2023. 3

14



Under review as a conference paper at ICLR 2025

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971,2023. 2, 6,7

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural informa-
tion processing systems, 30,2017. 1,2,5, 17

Qizhe Xie, Minh-Thang Luong, Eduard Hovy, and Quoc V Le. Self-training with noisy student
improves imagenet classification. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 10687-10698, 2020. 3

I Zeki Yalniz, Hervé Jégou, Kan Chen, Manohar Paluri, and Dhruv Mahajan. Billion-scale semi-
supervised learning for image classification. arXiv preprint arXiv:1905.00546, 2019. 3

Kaicheng Yang, Jiankang Deng, Xiang An, Jiawei Li, Ziyong Feng, Jia Guo, Jing Yang, and
Tongliang Liu. Alip: Adaptive language-image pre-training with synthetic caption. In Pro-
ceedings of the IEEE/CVF International Conference on Computer Vision, pp. 2922-2931, 2023a.
3

Xiaofeng Yang, Fengmao Lv, Fayao Liu, and Guosheng Lin. Self-training vision language berts with
a unified conditional model. IEEE Transactions on Circuits and Systems for Video Technology,
2023b. 3

Jiahui Yu, Zirui Wang, Vijay Vasudevan, Legg Yeung, Mojtaba Seyedhosseini, and Yonghui
Wu. Coca: Contrastive captioners are image-text foundation models.  arXiv preprint
arXiv:2205.01917,2022. 1,3,4,5,7,8,9, 17, 18, 19

Qiying Yu, Quan Sun, Xiaosong Zhang, Yufeng Cui, Fan Zhang, Yue Cao, Xinlong Wang, and
Jingjing Liu. Capsfusion: Rethinking image-text data at scale. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 14022—-14032, 2024. 1, 3

Mert Yuksekgonul, Federico Bianchi, Pratyusha Kalluri, Dan Jurafsky, and James Zou. When and
why vision-language models behave like bags-of-words, and what to do about it? In The Eleventh
International Conference on Learning Representations, 2022. 9

Xiaohua Zhai, Joan Puigcerver, Alexander Kolesnikov, Pierre Ruyssen, Carlos Riquelme, Mario
Lucic, Josip Djolonga, Andre Susano Pinto, Maxim Neumann, Alexey Dosovitskiy, et al. A
large-scale study of representation learning with the visual task adaptation benchmark. arXiv
preprint arXiv:1910.04867, 2019. 8, 16, 19

Xiaohua Zhai, Xiao Wang, Basil Mustafa, Andreas Steiner, Daniel Keysers, Alexander Kolesnikov,
and Lucas Beyer. Lit: Zero-shot transfer with locked-image text tuning. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 18123-18133, 2022. 5

Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid loss for language
image pre-training. In Proceedings of the IEEE/CVF International Conference on Computer
Vision, pp. 11975-11986, 2023. 16

Barret Zoph, Golnaz Ghiasi, Tsung-Yi Lin, Yin Cui, Hanxiao Liu, Ekin Dogus Cubuk, and Quoc Le.
Rethinking pre-training and self-training. Advances in neural information processing systems, 33:
3833-3845, 2020. 3

15



Under review as a conference paper at ICLR 2025

Table 8: Linear probing on VTAB (Zhai et al., 2019) & robustness evaluation on several variants
of ImageNet benchmark, ImageNetv2 (Shankar et al., 2020), ImageNet-A (Hendrycks et al., 2021b),
and ImageNet-R (Hendrycks et al., 2021a).

METHOD LINEAR PROBING ON VTAB ZERO-SHOT CLASSIFICATION

Natural Specialized INv2 IN-A IN-R
CoCa 84.07 92.80 34.09 29.33 49.11
LIST 85.54 (+1.5) 93.58 (+0.8) 36.08 (+2.0) 30.41 (+1.1) 53.69 (+4.5)

Table 9: Influence of the number lable 10: Impact of pretrained vision & language com-
of augmented captions m. Within Ponents. While pretrained models are advantageous on
each block, M, is trained using syn-  their own, their combination with self-training significantly

thetic data produced by M,,. enhances overall efficacy.

IMAGENET PRETRAINED IMAGENET
MODEL m "7 7 MODEL

Topl  Top5 Vision Language Topl Top5
M, 1 2836 5128 M, x X 227 701
M, 1 3227 5798 M, X X 3.14 823
M. 5 3352 5885 M, v X 2290 4045
M, 5 3044 53.02 M, v v 3044 53.02
M, 5 3603 59.05 M, v v 3603 59.05

A ADDITIONAL ANALYSES

Linear probing & robustness evaluation. In Tab. 8, we report the averaged linear probing re-
sults over 5 natural datasets and 2 specialized datasets of VTAB (Zhai et al., 2019) and assess
LIST’s robustness on three ImageNets variants with image/label distribution shifts, namely Ima-
geNetv2 (Shankar et al., 2020), ImageNet-A (Hendrycks et al., 2021b), and ImageNet-R (Hendrycks
etal., 2021a). We can see that LIST performs consistently better than CoCa on all entries, verifying
its efficacy under various settings and robustness to distribution shifts.

Number of augmented captions m. Tab. 9 presents a detailed analysis of how varying the num-
ber of captions m impacts different stages of the LIST framework. Within each block of the table,
M, is trained using synthetic data produced by IM,,. A key observation is that training with mul-
tiple captions benefits both M,, (compare 1st and 4th rows) and M,, (compare 2nd and 3rd rows).
Furthermore, this approach also enhances the quality of the generated captions. This improvement
is particularly evident when comparing the 3rd row with the 5th row, where the models employ
captions generated by M, trained with just one caption (1st row) and five captions (4th row), re-
spectively.

Pretrained image/text components. To discern the contributions of the self-training framework
versus the utilization of pretrained image encoders and text encoder-decoders, we carried out com-
parative experiments involving models with and without these components. The results, as shown in
Tab. 10, reveal that the integration of more pretrained components consistently and significantly en-
hances model performance when trained on paired data (as evidenced by comparing the 1st, 3rd, and
4th rows) and also improves the quality of the generated captions (noted in the comparison between
the 2nd and 5th rows). Furthermore, our findings show that self-training, independent of the use of
pretrained models, is adept at extracting valuable information from unpaired data, as demonstrated
by the decent performance of M, trained solely on unpaired data. The addition of pretrained models
further amplifies the efficacy of self-training, unlocking its full potential.

Comparison to SLIP and SigLIP. As displayed in Tab. 11, we can see that applying extra self-
supervision with the unpaired data (SLIP (Mu et al., 2022)) only brings marginal gain, partly because
all models here already use SSL pretrained model. SigCLIP (Zhai et al., 2023) offers considerable
gains over CLIP but still largely underperforms LIST. Moreover, we note that these explorations
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Table 11: Zero-shot image classification on IN-1K, with 600K pairs available for each methods.

METHOD CLIP SLIP SigLIP LIST LIST + SigLIP
Torl Acc. 33.68 33.82 36.40 41.01 42.09

Table 12: Zero-shot image classification on IN-1K, with 600K pairs available for each methods.

CAPTION SOURCE Raw Synthetic (LLaVA) Synthetic (Ours)
0-shot acc. 29.98 27.82 31.82

are orthogonal to ours: incorporating SigLIP with LIST can further improve the model performance
by 1% in absolute. These experiments demonstrate the effectiveness of the self-training scheme in
LIST and indicate further improvements of LIST by adopting better loss functions.

Comparison to simply using Multi-Modal LLMs for captions generation. Existing MLLMs,
such as LLaVA (Liu et al., 2023), are trained using a mixture of common data sources (e.g., CC3M)
and often include components exposed to billions of data pairs (e.g., the CLIP encoder). Using
them to refine captions might hinder the effort to isolate the effective contributions of self-training.
Nonetheless, we observed that captions generated by LLaVA lack diversity. Training on these cap-
tions results in lower loss but also lower accuracy than using raw captions (see Tab. 12, all entries
with one caption per image).

B TRAINING CONFIGURATIONS

We perform all our experiments on the OpenCLIP codebase (Ilharco et al., 2021) with Py-
Torch 2.0 (Paszke et al., 2019) and the automatic mixed precision training. The input image un-
dergoes a weak augmentation, i.e., random flip, random crop, and is then resized to 224 x 224.
The input text is tokenized by a SentencePiece tokenizer (Kudo & Richardson, 2018), with a max-
imal length of 40 tokens to avoid computation burden. In our experiments, we use the base-size
Transformers (Vaswani et al., 2017), i.e., ViT-Base/14 (Dosovitskiy et al., 2020) pretrained by DI-
NOv2 (Oquab et al., 2023) for the vision encoder E, and T5-Base (Raffel et al., 2020) for the
language encoder-decoder E;, D;. The model is trained using the AdamW (Loshchilov & Hutter,
2017) optimizer, with a batch size of 2,048 for both images and texts, a weight decay set to 0.2, an
initial T set to 1/0.07 (Ilharco et al., 2021), and the cosine annealing learning rate decay (L.oshchilov
& Hutter, 2016). We keep the image encoder fixed, except for the attentional pooling layer. The hy-
perparameters « and /3 in Eq. 8 are set to 1 and 2, respectively, following (Yu et al., 2022).

During the training process, we observed that the language decoder D; necessitates a larger gradient
update step compared to the language encoder. In light of this, specifically for effective caption
synthesis, we opt to train the model for 128 epochs with a learning rate of 0.002. Additionally, we
adjust the training process by scaling down the gradient of the text encoder by a factor of 0.1. For
the evaluation phase, involving both synthetic and original data, the models are trained for a shorter
duration of 32 epochs, employing a reduced learning rate of 0.0005, in line with the standard setting
of OpenCLIP (Ilharco et al., 2021). To facilitate future research, code and synthesized data will be
made publicly available concurrently with the official release of this paper.

C MIXING PAIRED DATA AND UNPAIRED DATA

Going further than training solely on the augmented real data pairs or the synthetic data pairs, we
also explored training on a mixture of both types of data sources. The learning process can be
formulated as:
M,y = argminE(g 4y p,, L(2, y; M),
M 12)
where D,,, = w - E(D,) + (1 —w) - E(Dy,).

Here, £(-) is the loss function defined in Eq. 8. w € [0, 1] is a weighting term and controls the
proximity of D,, to £(D,), and thus toD,,. In practice, we implement the weighting by sampling
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Figure 4: The captioner model M compromises 1) a vision encoder to encode the image into a
global embedding for contrasting and local embeddings for captioning, 2) a bidirectional language
encoder to encode caption into a global embedding for contrasting, and 3) a unidirectional language
decoder trained to predict next tokens, conditioned on the vision local embeddings.

Table 13: Zero-shot classification accuracy (%) on the ImageNet-1K (Deng et al., 2009) valida-
tion set. This table utilizes a frozen ViT-Base encoder pretrained by DINOv2 (Oquab et al., 2023)
and a trainable T5-Base encoder-decoder (Raffel et al., 2020) where relevant. The number in braces
denotes the performance gain of LIST compared to CoCa.

METHOD # DATA IMAGENET

Paired Unpaired Topl Top5
CLIP (Radford et al., 2021) 2.8M 0 40.25 62.27
CoCa (Yu et al., 2022) 2.8M 0 39.94 62.18
CoCa (Yu et al., 2022) 160K 0 29.98 55.61
LIST 160K 2.6M 36.03 (+6.1) 59.05 (+3.4)
LISTp4w 160K 2.6M 36.99 (+7.0) 59.69 (+4.1)
CoCa (Yu et al., 2022) 600K 0 33.71 58.70
LIST 600K 2.2M 41.01 (+7.3) 64.29 (+5.6)
LISTp4u 600K 2.2M 41.50 (+7.8) 64.80 (+6.1)

w * N sample pairs from £(D,) and (1 — w) * N sample pairs from £(D,,) for each mini-batch of
size N.

The models are trained over 64 paired data epochs® on the CC160K dataset with a weighting factor
w = 0.25. For the CC600K dataset, training is conducted for 32 paired epochs with w = 0.5, a
decision influenced by the unpaired data volume being less than four times the volume of paired
data. All other experimental settings, including batch size, learning rates, and etc, remain consistent
with those described in Sec. 4.1.

Tables 13, 14, and 15 summarize the results of mixing paired and unpaired data. It is evident that
merging these two data sources (i.e., LIST,, as indicated in the tables) typically enhances per-
formance. This improvement is particularly notable in the case of CC160K, where the volume of

’In this context, *paired data epochs’ refers to the repetition of the paired data 64 times during training.
Given the inclusion of samples from unpaired data, the effective number of training epochs is (1 + i) X
relative to the paired data epochs.
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Table 14: Zero-shot classification accuracy on the VTAB benchmark (Zhai et al., 2019). The
number in braces indicates the performance improvement achieved by LIST over CoCa. We have
omitted the baseline results for CC160K, as they did not surpass the performance level of random
guesses.

METHOD # DATA NATURAL SPECIALIZED AVG.

- 3 8 s -

e = > @ < O

e E B 5] Z %) 2]

g o, = é a 3 7 o) o n

'z = < = = 2 > > 5 m

[ =] @] O [a) = ~ %] m ~
CLIP (Radford et al., 2021) 2.8M 0 74.38 72.13 6293 21.58 14.80 7.60 29.57 31.12 39.26
CoCa (Yu et al., 2022) 28M 0 7393 71.88 3548 2592 1594 10.99 30.57 32.52 37.15
LIST 160K 2.6M 67.16 58.45 21.38 11.81 995 9.82 23.61 2692 28.64
LISTp+u 160K 2.6M 74.08 73.13 36.54 18.85 13.46 13.47 33.76 26.79 36.26
CoCa (Yu et al., 2022) 600K 0 6892 61.85 2394 11.89 9.62 7.59 32.00 2440 30.03
LIST 600K 2.2M 74.98 75.50 40.16 20.49 15.70 18.35 40.00 30.51 39.46
(Gain over CoCa) (#5.1) (+13.6) (+16.2) (+8.6) (+6.1) (+10.8) (+8.0) (+6.1) (+9.4)
LISTp+u 600K 2.2M 75.69 76.41 41.65 21.69 17.17 18.67 44.28 32.86 41.05
(Gain over CoCa) (+6.8) (+14.6) (+17.7) (+9.8) (+7.6) (+11.1) (+12.3) (+8.4) (+11.0)

Table 15: Compositionality evaluation on the SugarCrepe dataset (Hsieh et al., 2023). The num-
ber in braces indicates the performance improvement achieved by LIST over CoCa.

# DATA REPLACE SWAP ADD

METHOD
Paired Unpaired Obj.  Attr. Rel. Obj.  Attr.  Obj.  Attr.
CLIP (Radford et al., 2021) 2.8M 0 88.98 7145 6629 5935 57.68 7527 68.21
CoCa (Yu et al., 2022) 2.8M 0 90.07 7373 69.20 53.25 59.46 7643 68.50
CoCa (Yu et al., 2022) 160K 0 85.64 66.12 5541 56.50 5195 7436 66.91
LIST 160K 26M  90.13 7272 6529 62.60 59.46 79.15 73.12
(Gain over CoCa) (+4.5) (+6.5) (+9.9) (+6.1) (+7.5) (+4.8) (+6.2)
LISTp4w 160K 26M  90.01 73.73 66.50 6138 59.61 78.95 73.99
(Gain over CoCa) (+44) (+7.6) (+10.1) (+4.9) +7.7) (+4.6) (+7.1)
CoCa (Yu et al., 2022) 600K 0 87.71 69.53 63.51 58.13 56.46 7692 68.50
LIST 600K 22M  90.86 7551 6636 6423 6126 79.78 78.18
(Gain over CoCa) (+3.2) (+6.0) (+2.9) (+6.1) (+4.8) (+2.9) (+9.7)
LISTp4u 600K 22M 9146 73.48 66.07 64.63 6592 8050 73.12
(Gain over CoCa) (+3.8) (+4.0) (+2.6) (+6.5) (#9.5) (+3.6) (+4.6)

unpaired data is approximately 20 times greater than that of the paired data. However, it’s notewor-
thy that the performance gains on the SugarCrepe dataset are not as significant as those observed
in other datasets. This could be due to the models undergoing fewer gradient updates compared
to those trained solely on synthetic data while compositional understanding requires more training
epochs to differentiate the altered hard-negative captions.

D LIMITATIONS

A notable limitation of the LIST framework lies in its reliance on a small, initial paired dataset,
potentially restricting the diversity of concepts learned and thereby limiting its ability to generalize
diverse captions for unpaired data. This reliance might affect the model’s scalability and adaptability,
particularly in new domains or complex tasks that differ significantly from the initial training data.
However, it’s important to note that LIST does employ pretrained language encoder-decoders and
off-the-shelf LLMs, which were trained on large-scale and diverse unimodal data. This integration
enables the introduction of new and unseen concepts into the framework. This aspect of LIST
potentially aids in mitigating some of the generalization limitations by infusing a wider range of
knowledge and concepts beyond the initial dataset.
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E BROADER IMPACT

While LIST, as all other works leveraging LLMs, inherits biases from training on the web data, it
consistently outperforms baselines using only original captions. This indicates that the diversity
from associating m captions per image, along with the use of unpaired data, generally outweigh the
risks posed by noisy synthetic captions. Furthermore, the process of image captioning considerably
improves the alignment of captions with visual content, evidenced by CLIP Score, thus reducing hal-
lucination. To address other biases, we encourage the use of bias-reduced LLMs and extra filtering
before LIST’s practical deployment.
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