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ABSTRACT

We study data-balancing for mitigating biases in contrastive language-image pre-
training (CLIP), identifying areas of strength and limitation. First, we reaffirm prior
conclusions that CLIP can inadvertently absorb stereotypes. To counter this, we
present a novel algorithm, called Multi-Modal Moment Matching (M4), designed
to reduce both representation and association biases in multimodal data. We use
M4 to conduct an in-depth analysis taking into account various factors, such as the
model, representation, and data size. Our study also explores the dynamic nature of
how CLIP learns/unlearns biases. In particular, we find that fine-tuning is effective
in countering representation biases, though its impact diminishes for association
biases. Also, data balancing has a mixed impact on quality: it tends to improve
classification but can hurt retrieval. Interestingly, data and architectural improve-
ments seem to mitigate the negative impact of data balancing on performance; e.g.
applying M4 to SigLIP-B/16 with data quality filters improves COCO image-to-
text retrieval @5 from 86% (without data balancing) to 87% and ImageNet 0-shot
classification from 77% to 77.5%! Finally, we conclude with recommendations for
improving the efficacy of data balancing in multimodal systems.

1 INTRODUCTION

Recent advances on multimodal systems have been breathtaking, including in zero-shot classifica-
tion (Radford et al.,[2021}; |[Zhai et al., | 2022b; Yu et al.| 2022a; |Jia et al., |2021), text-to-image genera-
tion (Saharia et al., 2022} |Yu et al.| [2022b} |Chang et al., 2023 Rombach et al.||2022; Ramesh et al.,
2022)), image captioning (Alayrac et al., 2022; (Chen et al., 2022) and music generation (Agostinelli
et al., 2023)) to name a few. However, such systems can inflict harm if left unchecked, such as by
amplifying biases, causing performance disparities, or encoding narrow cultural perspectives.

Contrary to the traditional supervised learning setup, which is well-understood, multimodal systems
present novel ethical challenges. They typically operate with an open-vocabulary, in which the set of
input and/or output tokens is unbounded. Hence, statistical definitions for bias such as demographic
parity (Dwork et al.,[2012; Zafar et al.,[2017; Mehrabi et al.,|2019) or equalized odds (Hardt et al.,
2016} Kleinberg et al.,[2016) do not extend easily to such systems and might even yield contradictory
results under different setups (Akyiirek et al.,[2022). Second, externalization in multimodal systems —
by allowing users to interact with the system in ways that can disclose its internal reasoning — along
with the open-vocabulary nature can expose users to biases in unanticipated ways. Third, data in
multimodal systems is potentially biased, perpetuating societal stereotypes (Birhane et al., 2021)).

For concreteness, consider the following examples. If we query the text-to-image Imagen (Saharia
et al.}2022) with the prompt: “clipart picture of a manager dressed in black talking to a secretary
dressed in blue,” we get the generated image samples shown in Figure 1| (left), in which managers are
men and secretaries are women. Similarly, if we ask for pictures of pilots and flight attendants, we
get the sample of pictures shown in Figure[T] (right). Similar examples are reported by [Wang et al.
(2023)),|Cho et al.| (2022), Tan et al.| (2020) and [Mishkin et al.| (2022) using GANs (Goodfellow et al.,
2014)), Stable Diffusion (Rombach et al.,[2022) and DALL-E (Ramesh et al.,[2021)).

Moreover, zero-shot classifiers are also susceptible to biases as highlighted by |[Hall et al.| (2023))
and Birhane et al.| (2021), which we demonstrate in Figure [I| using contrastive image-language



Published as a conference paper at ICLR 2024

Figure 1:ToP: Text-to-image models prompted for occupations, such as manager / secretary (left) or
pilot / ight attendant (right) can re ect societal stereotypes. Refer to Se€fion 1 for the exact prompts.
BOTTOM: CLIP can encode societal stereotypes, such as by associating cars with men. Seéz]Section 4,

pretraining (CLIP)|(Radford et &l., 2021). Evidently, CLIP encodes societal stereotypes, such as
by associating ties, cars, and tools with men. Such unintended biases can in ict harm by shaping
social narratives. In addition, due to their open vocabulary nature, users can apply such models in
unanticipated ways, e.g. so-called “corner cages” (Birhang et al.| 2021), to promote prejudices.

In this work, we do not claim to offer a comprehensive solution to the complex issues discussed
above. Rather, we examine in depth the effectiveness of one remediation stidamyalanc-

ing. Speci cally, we investigate the impact of debiasing data in multimodal systems that align
embeddings/representations across modalities in the contrastive learning setup.

We focus on contrastive learning for the following reasons. First, it captures many of the complexities
involved in multimodal systems, including open vocabulary, externalization, lack of data distribution
at inference time, and lack of well-established de nitions of bias. Second, such systems exhibit strong
societal biase$ (Hall et al., 2023; Birhane €t al., 2021). Third, they are more amenable to analysis than
generative models (e.g. when studied in the zero-shot visual classi cation setting or in cross-modal
retrieval). Fourth, they are increasingly used in critical domains like healthcare (Sellergren et al.,
2022 Tiu et al., 2022; Zhang etlal., 2023), and are popular ingredients in many models, as seen in
Florence|(Yuan et al., 2021), CoCa (Yu etfal., 2022a), and OWL-VIT (Minderer &t al., 2022a). Finally,
biases in such models can manifest downstream, e.g. in captioning and retrieval (Béfg etlal., 2022).

To enable this analysis, we develop a data balancing algorithm, called Multi-Modal Moment Matching
(M4), and analyze it theoretically (see Secfign 5). Using M4, we conduct a comprehensive evaluation
of the effectiveness of data balancing for obtaining desirable model behavior, identifying areas of
strength and limitation, while accounting for factors such as the model, representation, and training
data sizes. We also examine how quickly CLIP learns/unlearns biases, among other evaluations.
In total, we train over 150 models. To the best of our knowledge, an empirical evaluation of this
magnitude for data balancing in multimodal systems has never been conducted before (seg]Section 6).
Broadly speaking, our results are nuanced, and suggest that while data balancing has a positive impact
on the model bias with a mixed impact on its quality, it is insuf cient for obtaining fair behavior
downstream. This echoes prior observations in vision; le.g. Wang et al|(2019).

2 PRrRELIMINARIES

For a brief overview, CLIP contains two towers for vision and language, which are encoder-only
transformers| (Vaswani et al., 2017). Denotig- (v; t) for an image-text pair, lez¥; zt) 2
R" R' be the corresponding outputs of the two towers, each is embedéd WWe refer tor as

whose corresponding representations(ake:::;zl) 2 R" ", CLIP assigns a probability score

to each caption by rst calculating the logits= (hz¥; zi)x2n; 2 R" and then applying softmax
normalizationp = SoftMax( I=T), whereT 2 R* is a learnable temperature.

To study the effectiveness of data bias mitigation in CLIP, we introduce a data balancing algorithm

that tackles biases in rst-order statistics (such as perceived gender imbalances) and second-order
statistics (such as correlating occupations with a particular perceived gender).
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