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Abstract

Recent years have witnessed a significant in-
crease in the performance of Vision and Lan-
guage tasks. Foundational Vision-Language
Models (VLMSs), such as CLIP, have been lever-
aged in multiple settings and demonstrated
remarkable performance across several tasks.
Such models excel at object-centric recogni-
tion yet learn text representations that seem
invariant to word order, failing to compose
known concepts in novel ways. However, no
evidence exists that any VLM, including large-
scale single-stream models such as GPT-4V,
identifies compositions successfully. In this
paper, we introduce a method to significantly
improve the ability of existing models to en-
code compositional language, with over 10%
absolute improvement on standard benchmarks,
while maintaining the performance on more
standard benchmarks. In this paper, we present
a method to considerably improve the composi-
tionality of CLIP-like pre-trained models while
preserving its performance on other tasks. We
will provide model weights that can be used
to swap existing CLIP-like weights and have a
noticeable boost in compositional performance.

1 Introduction

There has been a significant increase in the per-
formance of Vision and Language tasks over the
last few years (Radford et al., 2021; Jia et al.,
2021; Rombach et al., 2022; Alayrac et al., 2022;
Laurencon et al., 2023). Vision-Language Mod-
els (VLMs), such as CLIP (Radford et al., 2021),
have been leveraged in multiple settings, either di-
rectly or indirectly as foundational models, and
demonstrated remarkable performance across sev-
eral tasks (Bommasani et al., 2021; Ramesh et al.,
2021, 2022; Rombach et al., 2022; Castro and Caba,
2022; Li et al., 2023).

Such models excel at object-centric recognition
yet learn text representations that seem invariant
to word order (Thrush et al., 2022; Yuksekgonul
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Figure 1: Our proposed method CLOVE significantly
improves the compositionality performance (as mea-
sured by an average of SugarCrepe’s seven fine-grained
tasks) of pre-trained CLIP-like models while preserv-
ing their performance on other downstream tasks (as
measured by ImageNet). Comparisons with more bench-
marks are presented in Tables 3 and 4. Baselines: RE-
PLACE (Hsieh et al., 2023) and NegCLIP (Yuksekgonul
et al., 2023).

et al., 2023; Castro et al., 2023), failing to compose
known concepts in novel ways (Ma et al., 2023;
Hsieh et al., 2023). For example, as shown in Fig-
ure 1, CLIP has top performance on ImageNet tasks
but falls behind on compositionality benchmarks.

Language compositionality is essential to recog-
nizing more complex concepts in images or making
text-to-image models successfully generate a novel
scene with specific constraints (Hafri et al., 2023).
For instance, in an image depicting “the woman
shouts at the man,” it is important to recognize
who is shouting at whom to understand the scene
correctly.

Yet, no evidence exists that any VLM, includ-



ing large-scale single-stream models such as GPT-
4V (OpenAl, 2023), identifies compositions suc-
cessfully. This assertion is supported by the fact
that existing benchmarks that test compositionality
continue to be an open challenge (Thrush et al.,
2022; Yuksekgonul et al., 2023; Ma et al., 2023;
Hsieh et al., 2023).!

To address these limitations, previous work
has introduced methods to increase the compo-
sitional capabilities of pre-trained VLMs, such
as NegCLIP (Yuksekgonul et al., 2023) and RE-
PLACE (Hsieh et al., 2023). However, such meth-
ods come at a significant cost: they sacrifice the per-
formance on more common object-centric recog-
nition, as measured by ImageNet (Deng et al.,
2009), EuroSAT (Helber et al., 2019, 2018), and
CIFAR100 (Krizhevsky, 2009). For instance, as
shown in Figure 1, NegCLIP showed an increase
(compared to the pre-trained model) in its ability to
address SugarCrepe (Hsieh et al., 2023) composi-
tionality benchmark from 72.9% to 82.5% while, at
the same time, its performance on ImageNet (Deng
et al., 2009) top-1 accuracy dropped from 63.4%
to 55.8%. Similarly, Hsieh et al. (2023) applied
REPLACE to reach a high score of 84.7% on Sug-
arCrepe, but at the cost of a significant drop to
52.9% on its ImageNet accuracy.

In this paper, we introduce a method to signif-
icantly improve the ability of existing two-tower
models to encode compositional language while
keeping the performance on more standard bench-
marks, as shown in Figure 1. Specifically, our con-
tributions are as follows. First, we show that data
curation can significantly impact how a model can
handle compositional knowledge. Second, we con-
firm that training along with hard negatives can
bring additional improvements. Third, we show ex-
perimentally that model patching can be employed
to preserve model performance on previous tasks.
Finally, we combine these ideas into a new model
called CLOVE and show that it can significantly
improve compositionality over a contrastively
pre-trained VLM such as CLIP while maintaining
the performance on other tasks. Upon publication,
we will provide checkpoints that others can use to
substitute their CLIP-like model weights for a ver-
sion with significantly better language composition
abilities.

'See Section 2 for details.

2 Related Work

Benchmarking Compositionality. Several
frameworks have been proposed to measure
model performance on language compositionality.
Shekhar et al. (2017) crafted a benchmark of foil
image captions generated by changing a single
word from the correct captions. Models must iden-
tify if the image-caption pair correspond to each
other, among other tasks. Winoground (Thrush
et al., 2022) carefully built a high-quality dataset
of 400 examples, each consisting of two images
and two captions. These two captions contain the
exact word but in a different order following one
of several strategies (e.g. swapping the subject and
the object). Each image must match the correct
caption for the models to pass this test. Models
cannot simply rely on their ability to recognize
concepts in images, as the elements repeat but are
composed differently.

Diwan et al. (2022) found that passing the
Winoground benchmark successfully requires com-
position skills along with many others, such as
commonsense reasoning and locating tiny objects.
Yuksekgonul et al. (2023) argued that Winoground
is too small to draw statistically significant con-
clusions and built a benchmark called ARO con-
sisting of examples with a single image, a correct
caption, and multiple automatically-generated in-
correct captions. CREPE (Ma et al., 2023) crafted
a benchmark to measure compositionality in terms
of systematicity and productivity. It considers both
seen and unseen compounds, among other phenom-
ena. SugarCrepe (Hsieh et al., 2023) is a recent
benchmark that avoids ungrammatical and nonsen-
sical negative captions while being large. They
showed it cannot be easily solved by computing
the probability of the text captions without looking
at the image. Other benchmarks have also been
created that consider compositionality as well as
other phenomena, such as VALSE (Parcalabescu
et al., 2022), RareAct (Miech et al., 2020), VL-
Checklist (Zhao et al., 2022), Cola (Ray et al.,
2023), SVO-Probes (Hendricks and Nematzadeh,
2021), and CLEVR (Johnson et al., 2017).

Methods to Improve Compositionality. Sev-
eral works have shown that VLMs cannot rec-
ognize compositions successfully (Shekhar et al.,
2017; Miech et al., 2020; Parcalabescu et al., 2022;
Thrush et al., 2022; Hendricks and Nematzadeh,
2021; Yuksekgonul et al., 2023; Castro et al., 2023;
Ma et al., 2023). For this reason, NegCLIP (Yuk-



sekgonul et al., 2023) was proposed to improve
how CLIP (Radford et al., 2021) composes con-
cepts. It consists of adding hard negative texts
by taking the captions from the training batch and
automatically generating sentences with the exact
words but in a different order. This approach makes
the model distinguish between an image and the
caption in the correct order compared to the exact
words in an arbitrary order (as well as the other
negative captions within the batch). Hsieh et al.
(2023) build upon NegCLIP and CREPE (Ma et al.,
2023) and propose three ways to generate random
negatives: REPLACE, SWAP, and NEGATE. All
these methods start from a Scene Graph representa-
tion of the sentence and operate over it. REPLACE,
which had the best overall results, performs single-
atom replacements. SWAP exchanges two atoms
within the scene graph. Finally, NEGATE intro-
duces negation words (i.e., no or not). We build
upon NegCLIP (Yuksekgonul et al., 2023) and RE-
PLACE (Hsieh et al., 2023) while we propose to
use synthetically-generated captions to scale them
up, as well as applying model patching (Ilharco
et al., 2022) to avoid catastrophic forgetting. As
far as we know, we introduce the first method that
significantly improves the composition skills of
contrastively-trained models while preserving their
zero-shot performance on other downstream tasks.

Cap and CapPa (Tschannen et al., 2023) are two
recently introduced methods that employ caption-
ing instead of contrastive learning (as in CLIP) to
train VLMs. Tschannen et al. (2023) showed that
these methods present an excellent performance
on compositionality as measured by ARO (Yuksek-
gonul et al., 2023) and SugarCrepe (Hsieh et al.,
2023). As these methods rely on captioning and
thus on computing the probability of the text given
an image, they are inefficient for retrieval and clas-
sification. For ARO, they showed that they can
achieve high performance without looking at the
image (they call it a “blind decoder”). For Sugar-
Crepe, the authors did not compute this specific
baseline. Hence, we cannot infer the extent to
which these models handle compositions success-
fully. Our method is different from them as it builds
on top of CLIP-like two-tower models, which are
efficient for retrieval and classification, and it does
not rely on computing the probability of text, which
is generally unimportant for such settings as all
texts are equally likely (unlike in image caption-

ing).

3 Increasing Compositionality in
Contrastive VLMs

To address the compositionality limitations ob-
served in previous models, we propose strategies
to address the three main aspects of developing a
contrastive VLM: data curation, contrastive learn-
ing, and model tuning. We introduce CLOVE, a
model that leverages the strengths of an existing
pre-trained contrastive VLM and enhances it with
language composition skills. Figure 2 shows an
overview.

CLOVE includes the following steps, presented
in more detail below:

3.0 Pre-trained Model. Our goal is to improve
the compositionality of an existing pre-trained
VLM. We select a pre-trained CLIP model or
pre-train one as an initial step.

3.1 Synthetic Captions. Synthetic data genera-
tion can be effectively used to enlarge the
training data. We use a large dataset with
synthetic captions.

3.2 Hard Negatives. Contrastive VLMs rely on
the availability of negative training data. We
add randomly generated hard text negatives to
the dataset and train a fine-tuned model with
increased compositionality capabilities.

3.3 Model Patching. The pre-trained model and
the fine-tuned model are combined through
model patching. Patching allows us to keep
the compositionality obtained with the fine-
tuned model while recovering the pre-trained
model performance on previously supported
tasks.

3.0 Pre-trained Model

Rather than starting from scratch, we aim to en-
hance the composition capabilities of an exist-
ing contrastive VLM. This work uses CLIP (Con-
trastive Language-Image Pre-training; Radford
et al., 2021), a pre-training method demonstrating
impressive zero-shot performance on classification
and retrieval tasks involving vision or language. It
involves learning image and text representations
in a joint space by leveraging large-scale weakly-
supervised datasets. These datasets contain image-
text pairs with varying degrees of correspondence.
For each image, the model must learn the corre-
sponding positive text from a set that includes this
text and a random sample of NV — 1 other texts
(negative samples) by employing the InfoNCE ob-
jective (Oord et al., 2018). Similarly, the model
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Figure 2: Our CLOVE method consists of three steps. First, obtain synthetic captions for a large image dataset.
Second, fine-tune a pre-trained CLIP-like model on it along with hard negative texts. Third, patch the original model

with the fine-tuned one.

must identify which image corresponds to a given
text. CLIP is trained with mini-batch gradient de-
scent, where this objective is applied to each pair in
the N-sized batch, and the negatives are typically
sourced from the rest of the batch.

3.1 Synthetic Captions

Synthetic captions provide a great hybrid between
the training dataset size and the quality of the cap-
tions. We leverage LAION-COCO (Schuhmann
et al., 2022b), a 600-million dataset with images
from the 2-billion-sized English subset of LAION-
5B (Schuhmann et al., 2022a) that were captioned
with BLIP ViT-L/14 (Li et al., 2022), which was
fine-tuned on COCO and filtered with two versions
of OpenAl-pre-trained CLIP (Radford et al., 2021;
ViT-L/14 and RN50x64). Even though the captions
are limited in style (typically following the style
of COCO captions), the LAION-COCO authors
found that the synthetically generated captions have
a similar quality to those written by humans. We
believe these captions focus more on describing
visual information than the captions from its origi-
nal dataset (LAION), based on multiple examples
from this dataset. See Section 4.1 for an ablation
of the training dataset.

3.2 Hard Negatives

Yuksekgonul et al. (2023) proposed NegCLIP, an
extension of CLIP’s training procedure that gen-
erates a hard negative text for each example in
the batch by rearranging the image caption words.
These generated negatives are included within the
negative test sets of the learning objective. Hsieh
et al. (2023) proposed an alternative called RE-
PLACE and showed that the model can achieve

better compositionality skills if such negatives are
generated from carefully selected single-word re-
placements. These replacements are performed
on one of the entities, relations, or attributes ob-
tained from first parsing the sentence as a scene
graph, then selecting an alternative word from its
antonyms or co-hyponyms by leveraging Word-
Net (Fellbaum, 2010)%. These methods rely on
high-quality captions. Otherwise, the generated
negatives will have changes that cannot be visually
appreciated or will mostly be ungrammatical or
nonsensical, and the model’s downstream perfor-
mance will be severely affected. Take the following
example from LAION that accompanies an image
of a cardholder: “5x Orange Ball Wedding Party
PLACE CARD HOLDER Table Name Memo Pa-
per Note Clip.” If we apply REPLACE, supposing
we can parse the sentence correctly, the word “ta-
ble” could be replaced with “bed”. However, this
would not make it a negative since the table is addi-
tional contextual information the caption included
that cannot be visually appreciated. Such a change
will introduce more noise to the model’s training
process.

For this reason, these works have employed the
COCO captions (Lin et al., 2014; Chen et al., 2015)
dataset. COCO consists of images along with
high-quality human-annotated captions that de-
scribe them. Nevertheless, with 600,000 image-text
pairs, COCO is at least three orders of magnitude
smaller than the typically used image-text train-
ing datasets. This issue limits learning and makes
models overfit. Additionally, COCO presents a
limited number of objects and actions. 700 out

“More precisely, the method proposes to look for words
that share a grand-co-hypernym.



of the 1000 object classes in ImageNet-1k are not
present in COCO (Venugopalan et al., 2017). We
propose combining these hard-negative techniques
with a synthetic-caption dataset, such as LAION-
COCO (Schuhmann et al., 2022b) (introduced in
the previous subsection).

3.3 Model Patching

NegCLIP (Yuksekgonul et al., 2023) and RE-
PLACE (Hsieh et al., 2023) make models im-
prove significantly on language compositional
skills. However, in exchange, they sacrifice the
performance on general object recognition, as mea-
sured by their ImageNet performance. For this rea-
son, we propose applying one of such methods and
subsequently employing a method called “model
patching” (Ilharco et al., 2022). Model patching
makes a fine-tuned model recover the performance
on previously supported tasks. This procedure con-
sists of performing a weight-space average between
the pre-trained and the fine-tuned models. Con-
cretely, for each pre-trained model weight w/? and
fine-tuned model weight w!”', we compute their
weighted average to obtain a new model weight w;:

w; = (1 — a)wfT + awfT (1)

i
In Section 4.3, we show that this method helps
the model gain compositionality properties while

maintaining its object-recognition performance.

3.4 Implementation Details

Unless otherwise noted, the implementation details
are the following.

We write our code on Python 3.10 using Py-
Torch (Paszke et al., 2019) v2.1, starting from
open_clip’s (Ilharco et al., 2021; Cherti et al.,
2023) codebase. We run the experiments using
the AdamW optimizer (Loshchilov and Hutter,
2019), with a linear learning rate warmup for 2000
steps to le-6, later decayed with a cosine sched-
ule (Loshchilov and Hutter, 2017). We use a weight
decay of 0.1. Our initial pre-trained model is ViT-
B-32 from OpenAl (Radford et al., 2021). We
train the models through one billion examples by
randomly sampling with replacement from shards
of up to 10000 samples, where the final size of
each depends on the image availability at down-
load time. We successfully downloaded about 80%
of LAION-400M (Schuhmann et al., 2021), 80%
of LAION-COCO (Schuhmann et al., 2022b), and
60% of COYO-700M (Byeon et al., 2022) images.

The text captions are in English. We employ one
node with 8x A100 Nvidia GPUs and 96 CPU cores
(p4d.24xlarge from AWS) for four days and a
half. The batch size is 256 per GPU.

The choice of learning rate was based on mul-
tiple preliminary experiments to make sure it was
not learning too slowly or that it was making the
training loss go up. The training steps and samples
were selected to ensure we gave enough time for
the method to learn and converge. The choice of to-
tal batch size and compute budget was determined
based on our availability compute and consider-
ing that CLIP-like methods need a large batch size.
All reported experiments are based on a single run
since they are computationally expensive.

We re-implemented REPLACE (Hsieh et al.,
2023) with the following changes and decisions,
primarily because the code for this part is unavail-
able. We skip employing BERT (Devlin et al.,
2019) to filter the generated negatives and instead
proceeded to replace words based on the frequency
of the new words, which is a first-order approxi-
mation of computing probabilities with a contex-
tualized model. For the replacements, given that
the authors do not mention prepositions but we
find them replaced in the provided data, we pro-
ceeded to replace prepositions. For the replace-
ment words, we try to respect the rest of the sen-
tence by conjugating them (e.g., the person for the
verbs, and the number for the nouns) and using
a similar casing to the replaced word. We used
spaCy (Honnibal et al., 2020) v3.7.2 (the model
en_core_web_sm) and pyinflect v0.5.1. We em-
ployed a different Scene Graph Parsing implemen-
tation, SceneGraphParser v0.1.0. We avoid re-
placing a word with a potential synonym by look-
ing at the synsets in common of their lemmas from
WordNet (Fellbaum, 2010), leveraging NLTK (Bird
et al., 2009) v3.8.1. We managed to reproduce the
same numbers the original authors reported. We
will make our code publicly available to make it
easy for anybody to reproduce and build on top of
our results.

We set oo = 0.6 for the model patching based on
the ablation from Section 4.3.

4 Experiments

We conduct three ablations studies and a compari-
son with related work on multiple benchmarks. In
Section 4.2, we evaluate if employing hard negative
texts during training improves the recognition per-



formance of compositions. We compare different
training datasets in Section 4.1. In Section 4.3, we
test the importance of patching the original model
after training with hard negative texts. Finally, in
Section 4.4, we compare our method to previous
ones. Unless otherwise noted, all evaluations are
zero-shot, meaning we performed no in-domain
fine-tuning on a benchmark-specific training split.

4.1 The Importance of Synthetic Captions

We hypothesize that training dataset quality is es-
sential to model compositionality performance. For
example, in LAION (Schuhmann et al., 2021), a
dataset commonly used to train CLIP-like models,
you can find examples that present excessive infor-
mation that cannot be easily mapped to visual con-
cepts depicted in any image, such as: “Platinum
Dance Academy T-shirt. Orders must be placed by
Friday, September 26th. Delivery approximately 2
weeks or less.”

Datasets with high-quality annotations such as
COCO (Lin et al., 2014; Chen et al., 2015) can be
used. However, such datasets are typically small
(less than a million samples). A hybrid approach,
with high-quality data and a large dataset, can be
obtained using synthetic captions, as described in
Section 3.1. We are interested in comparing this
dataset with LAION-400M or COCO directly, as
well as two ways to combine the datasets: a) con-
catenation and b) sampling with equal probabil-
ity.> Note that these ways of combining LAION
and COCO differ from LAION-COCO, a different
dataset (see Section 3.1). In addition, we consider
COYO-700M (Byeon et al., 2022), a large-scale
dataset that was constructed similarly to LAION-
400M.

Table 1 compares the performance of fine-tuning
a pre-trained CLIP model on different datasets with-
out employing negatives. LAION-COCO (Schuh-
mann et al., 2022b) presents the best results overall,
with a large margin on ARO. For this benchmark,
it is the only presented dataset that significantly
outperforms the pre-trained model. In the case
of the SugarCrepe benchmark, we observe that
all datasets provide improvements over the pre-
trained model. Interestingly, Betker et al. (2023)
also found synthetic captions helpful for text-to-
image generation models. They show synthetic
captions help such models generate images that
align better with the input text.

3Note LAION-400M is about 700 times larger than COCO.

Fine-tuning dataset \ Attr.  Rel. C-Ord. F-Ord.

pre-trained | 635 59.8 477 59.9
Without hard negative texts
COYO 63.6 554 34.8 434
LAION (L) 649 64.0 40.2 47.0
COCO (©) 62.5 61.6 73.8 39.8
concat. L & C 659 59.0 43.7 50.3
sample unif. L& C | 64.6 55.7 59.8 29.7
LAION-COCO 654 66.0 70.5 76.9
With hard negative texts

COYO 69.5 75.6 71.7 79.7
LAION (L) 679 72.6 78.3 85.4
COCO (©) 70.2 67.6 90.9 74.5
concat. L & C 70.1 76.2 83.4 88.6
sample unif. L& C | 69.9 71.6 82.7 60.8
LAION-COCO 69.0 774 91.7 93.6

Table 1: The zero-shot performance of fine-tuning CLIP
with different datasets, with and without hard negative
texts. The best results are in bold. An underline indi-
cates results within 1% of best.

| Attr.  Rel. C-Ord. F-Ord.
pre-trained | 635 59.8 477  59.9
fine-tuned | 654 66.0 70.5 76.9
+ negatives | 69.0 774  91.7 93.6
+ negatives* | 69.4 754 775  86.1

Table 2: The importance of employing negatives to
improve the zero-shot performance on recognizing com-
positions. The best results are in bold. An underline
indicates results within 1% of best. *The last row shows
the results of using half the batch size — there are gains
even when the total device memory is the same, given
that employing negatives effectively doubles the batch
size.

4.2 The Importance of Hard Negatives

Yuksekgonul et al. (2023); Hsieh et al. (2023)
showed that employing randomly generated text
negatives as part of the training process can sig-
nificantly improve the language compositional-
ity skills of pre-trained models. We apply RE-
PLACE (Hsieh et al., 2023) to obtain randomly
generated hard negative text along with the LAION-
COCO dataset (Schuhmann et al., 2022b) and com-
pare it to fine-tuning without negatives. We present
the results in Table 2. In this setting, we can
observe that employing negatives improves per-
formance over not using them, as measured by
the ARO benchmark (Yuksekgonul et al., 2023)
(its tasks are, in the order that we show them:
VG-Attribution, VG-Relation, COCO-Order, and
Flickr30k-Order).
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Figure 3: The effect of applying model patching to
both an object-centric benchmark (ImageNet, Deng
et al., 2009; x-axis) and a compositionality benchmark
(ARO, Yuksekgonul et al., 2023; the four y-axes rep-
resent its four tasks), when varying the value of the
weight in the average, a. The value of « varies from
0 (the pre-trained model) to 1 (the fine-tuned model)
in 0.05 increments, and the lines connect such points.
We can obtain models with good zero-shot performance
in ImageNet and compositionality when « is around
0.4-0.7. Note the four y-axes were adjusted to make the
pre-trained and fine-tuned model points match to focus
on how the lines vary between them.

4.3 The importance of Model Patching

Existing methods to improve CLIP’s composition-
ality by employing negatives used by Yuksekgonul
et al. (2023); Hsieh et al. (2023) do so by consid-
erably hurting the model’s performance on more
standard object-centric benchmarks such as Ima-
geNet (Deng et al., 2009).

Figure 3 presents the effect of varying this value
for both a compositionality benchmark and an
object-centric one. When « is around 0.4-0.7, the
model performs well on both.

4.4 CLOVE: Bringing Compositionality into
CLIP

We compare our method to other baselines in Fig-
ure 1. Our method presents an average 10% ab-
solute improvement on SugarCrepe (Hsieh et al.,
2023) (over its seven fine-grained tasks), a chal-
lenging benchmark on compositionality, over a pre-
trained CLIP model while having an ImageNet per-
formance within 1%. Our method presents results
comparable to other existing methods without los-
ing ImageNet performance. Additionally, we show
that our method performs better than others on
compositionality when we do not apply the model
patching step.

In Table 3, we show a comparison of our
method with others in three compositionality

benchmarks: ARO (Yuksekgonul et al., 2023), Sug-
arCrepe (Hsieh et al., 2023) (over its three coarse-
grained tasks), and SVO-Probes (Hendricks and
Nematzadeh, 2021). Note that, for SugarCrepe, we
employ the macro-average to compute the coarse-
grained task results like in (Tschannen et al., 2023)
and unlike the original paper, since we are inter-
ested in measuring the global phenomena instead
of giving importance to the task sample sizes. See
Appendix A for the performance on SugarCrepe
for each fine-grained task. In Table 4, we compare
the same methods in other types of benchmarks.
These are: ImageNet (Deng et al., 2009), Stanford
Cars (Krause et al., 2013), CIFAR10 (Krizhevsky,
2009), CIFAR100 (Krizhevsky, 2009), MNIST (Le-
Cun et al., 1994), EuroSAT (Helber et al., 2019,
2018), Oxford Flowers 102 (Nilsback and Zisser-
man, 2008), and Describable Textures (DTD) (Cim-
poi et al., 2014). Following Radford et al. (2021),
we employ the top-1 accuracy metric for them, ex-
cept for Oxford Flowers 102, where we use the
mean per class.

Our method presents a high compositionality
recognition performance overall while having com-
parable performance to the pre-trained model in the
rest of the benchmarks. Existing methods achieve
high numbers on compositionality at the cost of a
significant drop in other tasks.

5 Conclusions

In this paper, we introduced CLOVE — a method
to considerably improve the compositionality of
CLIP-like pre-trained models while preserving
their performance on other tasks. The method con-
sists of fine-tuning contrastive VLMs with hard neg-
ative texts by leveraging synthetically captioned im-
ages, as they can provide a great trade-off between
quality and quantity. Subsequently, our method
patches the original model with the fine-tuned one
to convey the best of two worlds — compositional
skills while maintaining the performance on other
tasks.

We showed experimentally that CLOVE im-
proves the performance of such models on mul-
tiple tasks, both compositionality-related and non-
compositionality-related. We ablated the different
components of our method and showed their im-
portance: the data quality, the use of hard negatives
in training, and the model patching.

Our code and pre-trained models are publicly
available at http://anonymous.edu. Our code


http://anonymous.edu

ARO SugarCrepe SVO-Probes
Attr.  Rel. C-Ord. F-Ord. | Repl. Swap Add. | Subj. Verbs Obj. | Avg.
pre-trained | 63.5 59.8 47.7 59.9 | 80.1 623 728 | 840 793 878 | 69.7
NegCLIP 70.5 80.1 87.0 90.1 85.1 753 859 | 909 847 923 | 84.2
REPLACE 712 729 80.1 86.7 882 748 895 | 92.0 846 93.0 | 833
Ours w/o patching | 69.0 774  91.7 93.6 886 761 905 | 882 837 91.6 | 85.0
Ours (o = .6) 69.7 727 86.6 92.1 870 746 858 | 905 864 933 | 839

Table 3: Zero-shot results on three compositional benchmarks. The best results are in bold. An underline indicates

results within 1% of best.

| IN Cars CIFARI0O CIFARI00 MNIST EuroSAT Flowers DTD | Avg.

pre-trained | 634 59.7 89.8 64.2 48.9 50.5 66.6 44.4 | 60.9
NegCLIP 55.8 45.6 85.9 60.9 453 329 559 39.0 | 52.7
REPLACE 529 427 84.6 60.2 36.6 343 51.9 345 | 49.7
Our w/o patching | 53.1 48.7 88.5 62.0 40.4 46.9 43.2 363 | 524
Ours (o = .6) 62.8 56.8 914 68.1 48.7 574 61.1 412 | 60.9

Table 4: Zero-shot results on eight image classification tasks. The best results are in bold. An underline indicates

results within 1% of best.

will allow for an easy replacement of CLIP-like
weights with the ones we provide, considerably
boosting the language composition performance.

Limitations

Our work is limited in the following ways.

Our method does not solve the compositional-
ity problem completely. The performance of our
method on the compositionality benchmarks still
presents a gap regarding the human performance
reported by the papers associated with each of the
employed benchmarks.

Employing synthetic captions can introduce un-
desired noise. Image captioners may sometimes
hallucinate, introducing incorrect concepts or in-
accurate descriptions of such objects. This is es-
pecially true for quantities, such as when there are
four horses in the scene, but the synthetic caption
mentions three. Future work can focus on methods
to improve the synthetic caption quality.

We did not study the effect of the performance
of the patched models on different demographics.
It could be the case that some demographics are
misrepresented in some task performance (compo-
sitional or not) after the model has been patched.
Users should be careful about this aspect.

In this work, we focus on two-tower models
because of their efficiency for classification and re-
trieval. We leave the study of single-tower models
for future work.
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Replacement Swap Addition
Obj. Att. Rel. | Avg. | Obj. Att. | Avg. | Obj. Att. | Avg. | Task Avg. Avg.

pre-trained | 90.8 80.2 69.1 | 80.1 | 61.0 63.8 | 623 | 77.1 685 | 72.8 | 717 72.9
NegCLIP 926 859 768 | 85.1 | 75.6 75.1 | 753 | 88.8 83.0 | 85.9 82.1 82.5
REPLACE 935 902 809 | 8.2 | 740 755 | 748 | 909 88.0 | 89.5 84.2 84.7

Ours w/o patching | 93.0 91.0 81.6 | 88.6 | 744 779 | 76.1 | 86.2 94.7 | 90.5 85.1 85.5
Ours (o = .6) 938 89.1 782 | 870 | 744 748 | 746 | 844 873 | 858 82.5 83.1

Table 5: Results on SugarCrepe. The best results are in bold. An underline indicates results within 1% of best.
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