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Abstract
Pretrained visual-language models have made significant ad-
vancements in multimodal tasks, including image-text re-
trieval. However, a major challenge in image-text matching
lies in language bias, where models predominantly rely on
language priors and neglect to adequately consider the vi-
sual content. We thus present Multimodal ASsociation Score
(MASS), a framework that reduces the reliance on language
priors for better visual accuracy in image-text matching prob-
lems. It can be seamlessly incorporated into existing visual-
language models without necessitating additional training.
Our experiments have shown that MASS effectively lessens
language bias without losing an understanding of linguistic
compositionality. Overall, MASS offers a promising solution
for enhancing image-text matching performance in visual-
language models.

code — https://github.com/JiwanChung/mass aaai

1 Introduction
Recently, pretrained visual-language models have show-
cased impressive performance across a broad spectrum of
multimodal tasks (Li et al. 2022; Alayrac et al. 2022; Wang
et al. 2022b), including simple image-text retrieval (Chen
et al. 2015; Young et al. 2014). In particular, CLIP (Radford
et al. 2021) has emerged as one of the most popular models
for image-text matching. The image-text similarity score de-
rived from CLIP is shown to be effective for assessing image
caption quality (Hessel et al. 2021), providing reward signals
to train multimodal models (Yu et al. 2023), and building a
large-scale image search system (Beaumont 2022).

However, CLIP falters when the given task requires accu-
rate language modeling. Recent benchmarks have unveiled
CLIP’s deficiency in modeling linguistic compositionality
(Thrush et al. 2022; Nikolaus et al. 2022; Yuksekgonul
et al. 2022). Furthermore, current visual-language models
also have demonstrated inconsistent outcomes on image-
text matching that demand comprehension of linguistic con-
structs, such as the existence and quantity of objects or
coreference (Parcalabescu et al. 2022; Shekhar et al. 2017).

As an alternative to the contrastive objective in CLIP, re-
cent studies (Petryk et al. 2024; Tschannen et al. 2024) re-
vealed that log-likelihood induced from the autoregressive
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Figure 1: Captions retrieved with each method given the im-
age, where only MASS succeeds in ruling out the failure
modes. Models trained Image-Text Contrastive (ITC) objec-
tives such as CLIP (Radford et al. 2021) fail to model lin-
guistic structure. Token Likelihood (TL) of image caption-
ing models including OFA (Wang et al. 2022b) shows over-
reliance on its language prior. Our MASS amends the lan-
guage bias of image captioning models for accurate image-
text matching capability.

image captioning objective features a better understanding
of linguistic structures, including compositionality. The ob-
jective fosters language generation capability in the trained
models, inducing stronger linguistic understanding.

Still, there is a caveat in directly using the image caption-
ing models to assess image-text similarity. While training
for the captioning objective, the models inherently build a
prior for language distribution on what text sequence is more
likely regardless of the given image. As shown in Figure 1,
overreliance on this prior leads to weaker visual condition-
ing and then to incorrect image-text matching. Drawing in-
spiration from previous research (Niu et al. 2020), we refer
to such phenomenon as language bias. Language bias refers
to the propensity of visual-language models to rely heavily
on language priors in the training data instead of properly
conditioning their output on the given images. It has been
repeatedly reported that language bias is a major bottleneck
in visual question-answering (Agrawal, Batra, and Parikh
2016; Zhang et al. 2016; Agrawal et al. 2018; Si et al. 2022),
and other vision-language tasks (Srinivasan and Bisk 2021;
Salin et al. 2022).

In this paper, we present Multimodal ASsociation Score
(MASS) as an inference-time framework designed to reduce
language bias in image-text matching. MASS aims to mea-
sure the strength of the association between image and text
modality without involving the textual prior. Our approach
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A young man holding a tennis racquet on a tennis court. 

A female tennis player with her arm out. 

?
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(a) Image-Text Search (b) Suppressing Marginal Likelihood

A young man holding a tennis

A young man holding a tennis

Figure 2: (a) Given an image of a girl playing tennis, the visual-language model falsely retrieves captions describing the
subject as male by relying on language bias. (b) On the other hand, MASS reduces such gender bias by adopting pointwise
mutual information which suppresses the text-only marginal likelihood. We provide the corresponding experimental results
in section 4.3.

uniquely functions as follows: Given a pretrained visual-
language model, we first extract the image-conditional and
text-only likelihood per text token. We then compute the
pointwise mutual information of each image and text to-
ken and aggregate them for the text sequence to create a
debiased scalar similarity score. Importantly, MASS can be
computed for any off-the-shelf visual-language model that
outputs image-conditioned text likelihood. Also, it does not
require any additional training.

We first demonstrate that MASS can mitigate language
bias in visual-language models by evaluating it with mul-
timodal color (section 4.1), number (section 4.2), and gen-
der (section 4.3) bias benchmarks. Our results indicate that
MASS significantly improves performance over CLIP (Rad-
ford et al. 2021) and raw token likelihood (TL) in the
datasets with clear language bias (color), explicit bias in la-
bels (number), and practical image search problems (gen-
der) about reliance on language bias. We further evalu-
ate MASS’s capability to maintain linguistic understanding
against two visual-linguistic compositionality benchmarks;
Winoground (Thrush et al. 2022) and SVO-Probe (Hen-
dricks and Nematzadeh 2021). MASS greatly enhances the
performance of the backbone visual-language model in both
experiments and outperforms the strong baselines.

The main contributions of this paper are threefold. Firstly,
we present MASS as an effective framework for language
bias reduction in image-text matching tasks. Secondly, we
demonstrate that MASS can both reduce language bias and
maintain linguistic understanding with various biases and
compositionality benchmarks. Lastly, our approach does not
necessitate additional training and can be directly applied to
a wide variety of visual-language models for robust image-
text matching.

2 Image-Text Similarity Functions
Our objective is to identify a similarity function that ac-
curately pairs image and text, even in the presence of lan-
guage bias in the pretrained model. Given an image c ∈ C
and a text x ∈ X , the similarity function S(c,x) evalu-
ates the closeness of alignment such that parallel image-text
pairs have high scores. We divide the similarity functions by
the granularity of the training objectives: Image-Text Con-

trastive Learning (ITC) and Image-Text Matching (ITM)
provide scores on sequence-level (section 2.1), while Token-
Level supervision (TL) such as supervised image captioning
applies token-level (section 2.2) feedback.

2.1 Sequence-Level Similarity Functions
The sequence-level similarity functions are defined on top
of dual vision-language encoders. The dual encoders may
be either separate (i.e., architectures with independent en-
coders per modality as CLIP (Radford et al. 2021) and the
lower modules of ALBEF (Li et al. 2021)) or intertwined
(e.g., the upper module of ALBEF) in terms of architecture.
Image-Text Contrastive Learning. ITC is a training objec-
tive for learning multimodal joint embedding space based
on the Noise Contrastive Estimation (Oord, Li, and Vinyals
2018). We use separate image and text encoders fϕ, gψ as
often used with the ITC objective (Radford et al. 2021).

ITC requires the aligned image and text pair (c,x) and
a set of misaligned text x̃ typically sourced from other text
within the minibatch. ITC first obtains vector embeddings
of each image and text and computes the cosine similarity
of them to build image-text pair logits, which are then used
to calculate the cross-entropy loss. We use the term ITC both
to denote the training objective and corresponding similarity
function SITC induced from the trained model with param-
eters ψ̄ and ϕ̄. In experiments, we include CLIP (Radford
et al. 2021) as the baseline similarity function of this type.

SITC(c,x) :=
fϕ̄(c)

T · gψ̄(x)
||fϕ̄(c)|| · ||gψ̄(x)||

(1)

Image-Text Matching. ITM is a binary classification objec-
tive that decides whether a pair of image and text (c,x) is
aligned or not (Li et al. 2021; Wang et al. 2022a,b; Li et al.
2022). While both ITM and ITC require negative samples
for training, ITC typically compares a positive sample with
a large number of negatives, while ITM determines the cor-
rectness of a single sample. In practice, ITM is often used
to train intertwined models (Li et al. 2021, 2022), which we
adopt for explanation here.

For each pair of images and text (c,x), an intertwined
image-text encoder fϕ,ψ processes both to yield a multi-
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modal vector representation. Then, a linear classifier hω is
applied on top of the representation to build a binomial logit
for the cross-entropy loss. At inference time, the probabil-
ity of the image-text pair being true is used as the simi-
larity function output SITM(c,x). In our setting, all base-
lines marked ITM fall into this category. Note that OFA uses
the text generation head to obtain the ITM score instead of
a separate linear classifier. Refer to the corresponding pa-
per (Wang et al. 2022b) for details.

SITM(c,x) =
exp(hω̄(fϕ̄,ψ̄(c,x)))

1 + exp(hω̄(fϕ̄,ψ̄(c,x)))
(2)

2.2 Token-Level Similarity Functions
Token-Level Likelihood. Let us divide a sample of text into
a sequence of tokens x = {x1, · · · , xl} of length l. The
token-level functions require models to output the image-
text alignment score for each text token. A popular training
objective that admits such constraint is image captioning.
Given a pair of image-text (c,x), an image captioning model
with parameter θ is trained to maximize the log-likelihoods
log pθ of the text sequence x factorized in an autoregres-
sive manner. With trained parameter θ̄, the model likelihood
for the probability of the next token conditioned on both the
image and previously generated text pθ̄(xt|x<t, c) can be
treated as an approximation to the true conditional likeli-
hood p(xt|x<t, c).
Aggregation. The token-level likelihood of an image cap-
tioning model can be directly used as the token-level simi-
larity function (Petryk et al. 2024). For all token-level sim-
ilarity scores, we compute the mean of all text token scores
in the sequence to build the sequence-level image-text align-
ment metric. We denote this type of similarity function with
TL in the experiments.

STL(c,x) :=
1

l

∑
t<l

pθ̄(xt|x<t, c) (3)

3 Multimodal ASsociation Score
Directly using likelihood from autoregressive visual-
language models as an image-text similarity function is
problematic since this does not represent pure image-text
similarity. For instance, image captioning models are also re-
quired to generate linguistically plausible captions. Whether
the token xt matches the given image c or not, the model can
assign a high likelihood if it was exposed frequently with the
prefix x<t in the training process. To address this ignorance
of the context, pointwise mutual information PMI(x; c)
has been utilized in NLP tasks such as the conversation
model (Li et al. 2015) and text summarization (Van der Poel,
Cotterell, and Meister 2022). However, its application to the
visual-language model has yet to be investigated, and we
propose it as an effective method for reducing language bias
in image-text matching.

PMI(x; c) := log
p(x, c)

p(x)p(c)
= log

p(x|c)
p(x)

(4)

3.1 Language Bias Reduction
Formally, consider the log-likelihood of a given image and
text pair (c,x) from trained parameter θ̄, processed in an au-
toregressive manner. According to Bayes’ rule, we can de-
compose the log-likelihood to two distinct terms based on
whether image c is related to the text x or not. We label
the term not related to the c as the linguistic log-likelihood
and the term that is related to the c as the association log-
likelihood.

log pθ̄(x|c) = log pθ̄(x)︸ ︷︷ ︸
linguistic

+ log
pθ̄(c|x)
pθ̄(c)︸ ︷︷ ︸

association

(5)

Under this perspective, the linguistic log-likelihood rep-
resents the linguistic plausibility of text x. While the term
is independent of the image context, it can overrule the sim-
ilarity between image c and text x measured by the asso-
ciation term when the model relies on text bias. As such,
a simple remedy for the likelihood-based similarity func-
tions would be to regularize the log-likelihood by subtract-
ing the linguistic log-likelihood. For the token-level similar-
ity function, we can deduct the token-level linguistic log-
likelihood log pθ̄(xt|x<t) from token-level log-likelihood
log pθ̄(xt|x<t, c) for each token xt.

It is noteworthy that if pθ̄(x) and pθ̄(x|c) are accurately
estimating the ground-truth marginal density p(x) and con-
ditional density p(x|c), this approach equates to estimat-
ing the pointwise mutual information. In this sense, we
denote this similarity function as Multimodal ASsociation
Score (MASS), which is calculated by averaging each to-
ken’s pointwise mutual information over the total length l.

SMASS(c,x) :=
1

l

∑
t<l

log
pθ̄(xt|x<t, c)
pθ̄(xt|x<t)

(6)

3.2 Estimating the Marginal Likelihood
The autoregressive visual-language model inherently as-
sumes an image input c, as it is trained to estimate the
conditional log-likelihood log p(x|c). As a result, we can-
not directly obtain the token-level marginal log-likelihood
log pθ̄(xt|x<t), which is required to calculate the MASS
score. One possible solution is to use a Monte Carlo approxi-
mation by uniformly sampling N random image c̃. For each
token xt, we can approximate the marginal log-likelihood
log pθ̄(xt|x<t) by taking the average of the conditional log-
likelihood log pθ̄(xt|x<t, c̃) over random images c̃i.

log pθ̄(xt|x<t) =
∫
C
log pθ̄(xt|x<t, c)dc (7)

≈
1

N

N∑
i=1

log pθ̄(xt|x<t, c̃i) (8)

However, this approach requires N more forward passes
to compute the score for one image-text pair, and it is also
challenging to ensure the accuracy of the approximation. As
an alternative, we discovered that using image input as a
null image c∅, which is a ’black-filled’ image, is a good al-
ternative for estimating log pθ̄(xt|x<t). For the rest of the
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This tomato is gray.

This tomato is red.

There are exactly 4 dishes.

There are exactly 1 dish.

(a) Top: A sample from our color debiasing experiment. A model
without language bias would say the tomato is gray. Bottom: A sam-
ple from the counting benchmark.

(b) Results on Natural Colors Dataset (Anwar et al. 2020). MASS
effectively debiases TL both in sample and type-level.

Figure 3: Data samples and experimental results from our
color debiasing experiment.

paper, we use log pθ̄(xt|x<t, c∅) as the approximation of
log pθ̄(xt|x<t) to calculate MASS.

SMASS(c,x) ≈
1

l

∑
t<l

log
pθ̄(xt|x<t, c)
pθ̄(xt|x<t, c∅)

(9)

4 Experiments: Language Debiasing
We show that MASS effectively reduces language bias
in three different domains; natural color association (sec-
tion 4.1), object number counting (section 4.2), and gen-
der balance in image search (section 4.3). The improvement
is especially substantial when the tested data have a differ-
ent language bias from the training data of the base visual-
language model.
Backbones. We use OFA (Wang et al. 2022b) as the back-
bone VL model for both ITM, TL, and MASS similarity
functions. Also, we experiment with alternative backbones
of BLIP-2 (Li et al. 2023) and LLaVA (Liu et al. 2024). Note
that ITM is not applicable for LLaVA since it only has the
language modeling head.

4.1 Debiasing Colors
When there is linguistic bias in the data, the visual-
language models trained on them would likely reflect the

bias (Birhane, Prabhu, and Kahembwe 2021; Ross, Katz,
and Barbu 2021). However, evaluating the model for bias
is not a simple problem: how do we know when the model
only relies on the text context without looking at the image?

Here, we devise a toy experiment where the model should
perform perfectly if it truly looks at the image. The Natu-
ral Color Dataset (NCD) (Anwar et al. 2020) is a dataset of
various fruits colored either in the natural color or in gray.
Given a gray image of a fruit, we asked the model if the color
is gray. Surprisingly, the token likelihood score said no for
many fruits and vegetables.
Approach and metrics. We use only the grayscale images
from the NCD dataset, which leaves 723 images consisting
of 20 different fruits. Given an image, we build a true caption
”The fruit is gray.” and an adversarial caption ”The fruit is
color.”, in which fruit and color are variables replaced with
the type of the fruit and its natural color. Then, we compute
the difference between the score of the true caption and that
of the adversarial caption given the image. Intuitively, the
score should always be greater than zero for an image-text
matching algorithm without severe language bias.
Results. Fig 3b compares MASS and token likelihood of
the captioning model (TL) on the color debiasing experi-
ment. We report the ratio of the biased samples and the bi-
ased types (fruit or vegetable types of mean value lower than
zero) here. TL prefers its language bias over the image con-
text in a third of the categories. In contrast, MASS effec-
tively reduces language bias, resulting in mean differences
that are consistently above zero for all but one category.

4.2 Debiasing Numbers
VL models are known to prefer specific numbers such as 0,
1, and 2 (Parcalabescu et al. 2021), regardless of the actual
number of objects in an image. Here, we test MASS on the
task of counting the number of visual entities.
Approach. We adopt the counting benchmark in VALSE
dataset (Parcalabescu et al. 2022). VALSE formulates count-
ing tasks as foils. Given an image, a model is asked to dif-
ferentiate the true caption with the correct number from the
false caption with the wrong number (foil). The benchmark
consists of three sets: a set with balanced number distribu-
tion in the foils (balanced), a set that only uses small num-
bers (small), and a set in which true captions have only large
numbers and foils have only small numbers (adversarial).
Note that models typically understand small numbers better
since most images in training data do not have many objects.
Hence, the adversarial set is especially hard for models with
language bias.
Metric and baselines. We report pairwise ranking accuracy
metric, which formulates the counting task as an image-text
alignment scoring problem. Other baselines here include the
multitask models such as LXMERT (Tan and Bansal 2019)
and 12-in-1 (Lu et al. 2020).
Results. Table 1 shows that our MASS outperforms all base-
lines except one in all subsets. Importantly, the score ex-
cels at the adversarial set and performs on par with the best
model 12-in-1. As the adversarial set is designed to be hard
for models with language bias, this result further verifies that
the improvement of MASS comes from language debiasing.
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balanced Small Adv.
Models ITM/C TL MASS ITM/C TL MASS ITM/C TL MASS
Chance 16.7 16.7 16.7
CLIP 62.1 - - 62.5 - - 57.5 - -
LXMERT 62.2 - - 69.2 - - 42.6 - -
12-in-1 76.7 - - 80.2 - - 77.3 - -
OFAlarge 66.8 65.4 70.0 (↑3.2) 71.7 71.1 73.2 (↑1.5) 72.0 66.8 76.7 (↑4.7)

Table 1: Counting experiment in VALSE dataset (Parcalabescu et al. 2022). Adv. denotes the adversarial set with explicit
language bias. The best numbers given the same backbone are bolded.

Gender Bias ↓ Recall ↑
Model Method Bias@1 Bias@5 Bias@10 Recall@1 Recall@5 Recall@10

T2I

SCAN ITC 13.8 21.3 24.8 25.4 54.1 67.8
FairSample ITC 11.3 19.2 22.9 26.8 55.3 68.5
CLIP-clip ITC 6.7 14.7 16.1 27.3 50.8 62.0
CLIP ITC 8.8 15.7 18.9 36.5 61.0 71.6

OFAlarge

ITM 13.2 19.5 23.3 35.3 67.1 76.9
TL 8.2 15.4 19.2 38.0 65.1 74.4
MASS 9.2 15.9 18.3 55.6 75.2 79.5

I2T

CLIP ITC 4.0 11.4 15.4 56.9 80.0 87.0

OFAlarge

ITM 6.3 12.7 15.7 42.1 79.7 88.9
TL 6.6 12.4 15.3 33.4 70.7 84.8
MASS 3.5 9.9 13.4 57.3 84.7 89.8

Table 2: Gender bias reduction experiment on MS-COCO test split. T2I denotes text-to-image retrieval and I2T denotes image-
to-text. We compare our image-text matching score (MASS) with the baselines on both the gender bias metric Bias@K and the
retrieval metric Recall@K. The best numbers are bolded and the second-best numbers are underlined.

4.3 Debiasing Genders
We now turn to a more practical problem of balancing gen-
der bias in image-text matching. Here, we adopt the con-
ventional experiment setup (Wang, Liu, and Wang 2021) to
evaluate the gender bias of a text-based image search algo-
rithm. The hypothesis is simple: given a gender-neutral text
query, the retrieved images should contain a similar number
of men and women in them.
Approach. We evaluate our method in both text-to-image
and image-to-text retrieval tasks using the test split of MS
COCO dataset (Chen et al. 2015).1 Our text-to-image exper-
iment follows Wang et al.’s setup. First, we neutralize each
caption in the dataset by replacing any gender-specific word
with the corresponding gender-neutral alternatives. Then,
we perform text-to-image retrieval on the COCO dataset us-
ing neutralized captions.

For the image-to-text retrieval task, we follow a similar
approach; however, neither captions nor images are neutral-
ized to align with the definition of the bias score described
below. Instead, retrieval is performed using original cap-
tions. Neutralization of images (e.g., masking gender-related
features) was avoided as it led to a loss of critical contex-
tual information necessary for valid retrieval comparisons.
We utilize CLIP (Radford et al. 2021) to retrieve the top
20 candidates, followed by re-ranking the list using image-
text matching algorithms. This two-stage retrieval strategy is

1We use the Karpathy split (Karpathy and Fei-Fei 2015) with
5000 test images.

commonly adopted to improve evaluation efficiency (Wang
et al. 2022a; Li et al. 2023).

For the gender debiasing experiments, we include addi-
tional baselines from prior debiasing methods: SCAN (Lee
et al. 2018), FairSample (Lee et al. 2018), and CLIP-
clip (Wang, Liu, and Wang 2021). It should be noted that
our results for the CLIP model differ from those reported by
Wang et al.due to the use of a larger model scale (ViT-Large
in our study versus ViT-Base in theirs).
Metrics. The bias score suggested in Wang et al. compares
the proportions of masculine and feminine images or cap-
tions in the search results. When Nm and Nf are respec-
tively the number of retrieved images or captions depicting
male and female in dataset D, the bias score for the top K
retrieved results (Bias@K) is defined as follows:

f(x) :=

{
0 if Nm +Nf = 0
Nm−Nf

Nm+Nf
otherwise

(10)

Bias@K :=
1

|D|
∑
x∈D

f(x) (11)

Note that the query x is an image to retrieve a list of cap-
tions in image-to-text retrieval, and vice versa for text-to-
image. We use the words in captions to decide whether an
image or caption contains gender-specific information: refer
to Wang et al. (Wang, Liu, and Wang 2021) for more details.

We also evaluate the standard recall metric as an indica-
tor of correctness: for each query, recall is one when the re-
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trieved samples contain any of the ground-truth image-text
pairs and zero in the other case. A good algorithm should be
able to minimize bias and keep the recall high.
Results. Table 2 summarizes the results of our gender de-
biasing experiments. In the text-to-image setting, MASS
outperforms all other baselines by a wide margin in re-
call, while maintaining the bias score close to the best non-
debiasing method (TL) of the baselines. Also, while a previ-
ous debiasing-specific method (CLIP-clip) effectively ame-
liorates gender biases, it comes at an expanse of high degra-
dation of recall accuracy.

On image-to-text retrieval, the captions retrieved by
MASS contained much more balanced gender keywords
than the baselines. Further, MASS still shows the best re-
call among others, proving that its social bias reduction does
not come at an expanse of correctness. In conclusion, MASS
is the best option here for gender-debiased retrieval.

5 Experiments: Linguistic Complexity
As MASS is built on captioning models, it could suffer less
from the well-known linguistic insensitivity defect (Yuksek-
gonul et al. 2022) of ITC-based models such as CLIP (Rad-
ford et al. 2021). However, we still need to verify whether
the debiasing effect of MASS also comes at a loss of this lin-
guistic capability. Thus we investigate whether MASS can
outperform the baselines in a visual-language composition-
ality benchmark (section 5.1) and a benchmark to test the
capability to distinguish subject, noun, and verb in a cap-
tion (section 5.2). Both tasks require understanding linguis-
tic structures beyond basic bag-of-words representations.

5.1 Winoground
The Winoground benchmark (Thrush et al. 2022) evaluates
a VL model’s capability to understand compositionality. A
sample in Winoground consists of two images and two cap-
tions with two correct and two wrong image-text pairs. Im-
portantly, the two captions contain the same set of words
but in a different order. This way, a model that perceives
captions as bag-of-words (Yuksekgonul et al. 2022) without
understanding visual-linguistic compositionality cannot do
well on the task.
Metrics and baselines. We use the suggested set of met-
rics (Thrush et al. 2022): Textscore which compares captions
given the images, Imagescore which compares images given
the captions, and Groupscore that is true only if both are
true. Note that Groupscore is the preferred metric since the
other metrics can overestimate model performance by sep-
arating score computations for captions in the same sam-
ple (Elazar et al. 2021). Baselines include popular VL mod-
els (VinVL (Zhang et al. 2021), LXMERT (Tan and Bansal
2019), and CLIP (Radford et al. 2021)).
Results. Table 3 shows MASS outperforms all baselines by
a wide margin in the main metric (Groupscore). The same
OFAlarge model saw more than twofold improvement by us-
ing MASS over the ITM score. Also, note that MASS with
OFAlarge is the only option that surpasses random chance
in Groupscore. Finally, MASS’s contribution is better rep-
resented in Imagescore than in Textscore, indicating that

MASS can balance the unusually low Imagescore of the
baselines with the Textscore.

We also observe a similar trend of results with an alter-
native backbone model (BLIP-2 (Li et al. 2023)) as MASS
improves the base token likelihood method (TL) across all
scores. However, there are considerable gaps in Textscore
between ITM and TL. We suspect that the advanced training
techniques used to optimize the ITM head in BLIP-2, such
as hard negative mining (Li et al. 2021), contributed to its
better performance over the OFA model. Still, MASS helps
close the performance gap in the Groupscore.

5.2 SVO-Probes
SVO-Probes (Hendricks and Nematzadeh 2021) is another
benchmark testing VL models’ sensitivity to linguistic alter-
ations. Here, the models are given a true caption and a false
caption with either the subject, verb, or object changed to
break the image-caption alignment.
Metrics and baselines. Unlike the original dataset pa-
per (Hendricks and Nematzadeh 2021), we here use
Winoground-style metrics for evaluation to prevent over-
valuing a VL model’s response as in the previous section
(section 5.1). Note that the original accuracy metric does not
accept an arbitrary similarity function since it requires a bi-
nary decision on the image-text pair match. We include the
vanilla CLIP model as the baseline here.
Results. As in the Winoground experiment, Table 4 also
shows that MASS can improve image-text matching in data
with linguistic complexities. MASS outperforms all base-
lines on each metric, showing that it distinguishes the lin-
guistic aspects better than other methods.

6 Related Work
Visual-Language Model. Early visual-language models
like LXMERT (Tan and Bansal 2019) established visual-
language alignment based on pretrained text encoder repre-
sentations. Later, the success of CLIP (Radford et al. 2021)
introduced contrastive learning as a core method for visual-
language models, leading to further research like ALBEF (Li
et al. 2021), which incorporates contrastive loss as a part
of its multi-task losses. BLIP-2 (Li et al. 2023) demon-
strated that frozen large language models can enhance im-
age captioning performance. OFA (Wang et al. 2022b) fur-
ther extend visual-language models to a wider range of tasks
including image generation. Recent visual instruction tun-
ing models allow prompt-based control of visually condi-
tioned knowledge. LLaVA (Liu et al. 2024) extend the pre-
trained language model LLAMA to multimodal inputs. A
prior study (Lin et al. 2024) proposes a framework for mit-
igating language priors in vision-language models by intro-
ducing ’null images’ and leveraging Pointwise Mutual Infor-
mation (PMI), techniques similar to those presented in this
work. Although both works share methodological elements,
they were developed independently and address different ob-
jectives: (Lin et al. 2024) focuses on theoretical contribu-
tions to vision-language alignment, while this work targets
societal bias reduction and introduces new evaluation met-
rics, such as bias-aware Text-to-Image retrieval.
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Text Image Group
Models ITM/C TL MASS ITM/C TL MASS ITM/C TL MASS
Human 89.5 88.5 85.5
Chance 25.0 25.0 16.7
VinVL 37.8 - - 17.8 - - 14.5 - -
LXMERT 19.3 - - 7.0 - - 4.0 - -
CLIP 30.8 - - 10.5 - - 8.0 - -
OFAlarge 26.4 26.8 32.0 (↑5.2) 16.5 29.8 31.5 (↑2.7) 9.5 15.8 20.3 (↑4.5)

base 26.8 23.8 30.3 (↑3.5) 10.8 25.3 21.3 (↓4.0) 6.5 12.5 15.3 (↑2.8)
tiny 22.8 15.5 18.0 (↓4.8) 7.8 14.8 17.5 (↑2.7) 4.5 5.0 8.0 (↑3.0)

BLIP-2T5 42.5 22.8 26.8 (↓15.7) 19.5 21.5 32.0 (↑10.5) 15.5 11.0 18.0 (↑2.5)
OPT 42.5 23.3 22.8 (↓19.7) 19.5 24.8 29.8 (↑5.1) 15.5 12.5 15.0 (↓0.5)

LLaVA - 27.0 32.3 (↑ 5.3) - 24.7 31.8 (↑ 7.1) - 14.0 19.0 (↑ 5.0)

Table 3: Results on Winoground (Thrush et al. 2022). The best matching algorithm for each model is marked bold.

Text Image Group
Models ITM/C TL MASS ITM/C TL MASS ITM/C TL MASS
Chance 25.0 25.0 16.7
CLIP 61.1 - - 38.3 - - 31.8 - -
OFAlarge 59.0 31.8 66.0 (↑7.0) 47.5 21.5 50.1 (↑2.6) 39.7 12.5 43.0 (↑4.7)

Table 4: Result on SVO-Probes (Hendricks and Nematzadeh 2021). The best numbers are bolded.

Bias in Multimodal Models. Visual-language models of-
ten suffer from language bias induced by their training
dataset. This deficiency has been explored as visual priming
bias (Zhang et al. 2016) and language prior (Agrawal et al.
2018). Language bias is also closely connected to socially
offensive bias, such as gender bias (de Vassimon Manela
et al. 2021) and racial bias (Davidson, Bhattacharya, and
Weber 2019) in language models. Social biases are also ob-
served in the VLMs (Hendricks et al. 2018). Other works
explore diverse categories (Garcia et al. 2023) and metric
extension (Ross, Katz, and Barbu 2021) for social bias un-
derstanding.

7 Conclusion

We introduce MASS (Multimodal ASsociation Score) as
an inference-time framework to address the issue of lan-
guage bias in image-text matching. MASS builds on image
captioning models to extract image-text matching capabil-
ity devoid of their linguistic biases. Specifically, it computes
pointwise mutual information between the image and each
text token and aggregates them to generate a scalar similar-
ity score. The proposed method significantly reduces lan-
guage bias without additional training and demonstrates im-
proved performance in debiasing tasks and visuo-linguistic
compositionality tests, outperforming existing models such
as CLIP and token-level likelihood.

We hope that our research sparks interest in 1. investi-
gating linguistic bias inherent in the image-text alignment
mechanism of the recent visual-language models and 2. de-
vising a method to reduce such language bias in off-the-shelf
visual-language models without incorporating the computa-
tionally overwhelming training process.

Broader Impact
The social bias reduction effect of MASS has two important
limitations. First, it relies on the output of visual-language
models, which may encode hidden biases. Since MASS is
an inference-time method, it cannot audit the information
stored in the models’ parameters. Hence, we acknowledge
that while our framework can reduce social bias, the range
and intensity of its effect may vary with respect to the base
VL model used. Second, we only explore social bias in terms
of language bias. Social bias could be manifested as visual
bias or even in the form of bias that is identified only as com-
binations of image and text (Yamada, Tang, and Yildirim
2022). We hope this research serves as a simple but effective
baseline to initiate a search for more robust approaches to
social bias reduction in image-to-text alignment problems.
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