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Abstract

Paired image-text data with subtle variations in-between

(e.g., people holding surfboards vs. people holding shov-

els) hold the promise of producing Vision-Language Mod-

els with proper compositional understanding. Synthesiz-

ing such training data from generative models is a highly

coveted prize due to the reduced cost of data collection.

However, synthesizing training images for compositional

learning presents three challenges: (1) efficiency in gen-

erating large quantities of images, (2) text alignment be-

tween the generated image and the caption in the exact

place of the subtle change, and (3) image fidelity in ensur-

ing sufficient similarity with the original real images in all

other places. We propose SPARCL (Synthetic Perturbations

for Advancing Robust Compositional Learning), which inte-

grates image feature injection into a fast text-to-image gen-

erative model, followed by an image style transfer step, to

meet the three challenges. Further, to cope with any resid-

ual issues of text alignment, we propose an adaptive mar-

gin loss to filter out potentially incorrect synthetic samples

and focus the learning on informative hard samples. Eval-

uation on four compositional understanding benchmarks

demonstrates that SPARCL significantly improves the com-

positionality of CLIP, boosting the average accuracy of

the CLIP base model by over 8% across all benchmarks

and outperforming state-of-the-art methods by 2% on three

benchmarks.

1. Introduction

Current Vision-Language Models (VLMs) still face limita-

tion in accurately interpreting compositional relationships

between objects and attributes, as demonstrated by numer-

ous evaluations [32, 62, 88, 106, 113]. This limitation pri-

marily stems from the absence of subtle variations in the

training data [42] (e.g., the subtle variations between the

two captions in Figure 1 (a)). As a result, it becomes pos-

sible to maximize empirical image-caption alignment us-

Source caption: Two people carrying surfboards on a beach.

Target caption: Two people carrying shovels on a beach.

Source image Edited image Generated image

(a) Difficulty in accurately creating precise variations.

+ Real positive caption: 

A double decker bus 

parked at a station.

+ Synthetic positive 

caption: A double-decker 

bus parked at a bus 

station with a few 

passengers getting on.

+ Real positive caption: 

A man is stirring a silver 

pot filled with food.

- Synthetic negative 

caption: A man is stirring 

a copper pot filled with 

food.

+ Real positive caption: 

Random people sitting in 

a public transport bus.

- Synthetic negative 

caption: Random 

animals riding a purple 

elephant.

Wrong GenerationHard Sample Easy Sample

(b) Inconsistency in cross-modal alignment quality of synthetic samples.

Figure 1. Challenges in generating and training on synthetic data:

(a) When generating an image with subtle variations based on a

real image and a target caption specifying the variations, an image

editing model [6] struggles with text alignment (middle), while

an image generation model [75] fails to maintain image fidelity

(right). (b) Synthetic positive and negative image-caption pairs

show different levels of alignment quality. The subtle variations in

the synthetic negative caption (left) make it difficult to distinguish

from the positive; the over-modified negative caption (middle) is

easy to distinguish; and the hallucinated content in the synthetic

positive caption (right) results in an incorrect positive.

ing shortcut features [23] rather than genuinely learning nu-

anced distinctions. While collecting training samples with

subtle variations could enhance compositionality, this ap-

proach is time-consuming and labor-intensive, rendering it

impractical at scale.

Advances in generative models [7, 12, 20, 43, 61, 75,



78, 91, 105, 110] now facilitate the synthetic generation of

training samples with subtle variations between paired sam-

ples [11, 18, 49, 68, 71, 79, 83, 86, 106, 108, 109]. By start-

ing with real image-caption pairs, generative models can

create subtle edits to both captions and images, providing

valuable training data with minimal manual effort. These

generated variations enable VLMs to enhance their compo-

sitionality by learning from the nuanced differences.

However, generating and training on synthetic data

presents two key challenges. The first is the difficulty of

efficiently and accurately creating precise variations in syn-

thetic images. To generate large-scale training data with

precise variations, the image generation process must meet

three criteria: efficiency in producing large quantities of im-

ages, text alignment of the generated image to the corre-

sponding caption, which is subtly changed from the origi-

nal caption, and image fidelity in ensuring the generated im-

age otherwise closely matches their real counterpart. Never-

theless, current image generation methods struggle to meet

all three criteria simultaneously. Per-sample optimization

methods [44, 82, 94, 112] lack efficiency, while zero-shot

image editing methods [6, 22, 63] and text-to-image (T2I)

models [75, 78] often fail to achieve proper text alignment

and image fidelity, respectively, as illustrated in Figure 1

(a). The inaccurate synthetic variations produced by these

models can mislead the learning of VLMs. To alleviate this

issue, we take a fast T2I model, which excels in efficiency

and text alignment, and inject real image features into the

text prompt features in order to enhance image fidelity. By

combining this approach with AdaIN [35], we manage to

substantially improve the image generation process per the

three criteria.

Still, the generated data do not perfectly meet the text

alignment criterion, and we propose to deal with the re-

maining problems with an innovative approach to model

training. As Figure 1 (b) shows, the similarity between syn-

thetic positive and negative pairs may vary, resulting in a

mixture of hard text-image pairs, easy pairs, and incorrect

pairs. Instead of treating all positive and negative samples

uniformly, we propose a novel loss that differentiates be-

tween positive, hard negative, and easy negative samples.

Further, we propose an adaptive margin that helps to filter

out potentially incorrect generations and focus the learning

on informative hard samples.

In summary, we propose SPARCL, which integrates im-

age feature injection into a fast T2I model to improve the

quality of synthetic variations in images and employs an

adaptive margin loss to leverage the varying alignment qual-

ity in synthetic samples for training VLMs. Evaluations on

four compositional understanding benchmarks demonstrate

that SPARCL significantly enhances VLM compositional-

ity, improving CLIP by over 5% on VL-CheckList [113]

and 7% on SugarCrepe [32], while surpassing state-of-the-

art methods by 1% and 2% on the two benchmarks. The

main contributions of this paper are as follows: (1) we pro-

pose image feature injection to enhance the quality of syn-

thetic variations in images, which provide valuable training

data to improve the compositionality of VLMs; (2) we intro-

duce an adaptive margin loss to leverage varying levels of

cross-modal alignment in synthetic samples to effectively

differentiate positive and negative samples; (3) experimen-

tal results validate that SPARCL significantly improves the

compositional understanding capabilities of CLIP models.

2. Related Work

2.1. Limitations in Compositionality of VLMs

While VLMs excel in many multi-modal tasks [40, 52,

53, 74, 84, 101, 115], they still struggle with composi-

tional understanding—the ability to interpret novel combi-

nations of known visual and textual components. Bench-

marks like What’sUp [42] reveal difficulties in understand-

ing spatial relationships, SPEC [70] highlights issues with

object size, position, and count, and ARO [106] uncovers

limitations in understanding attributes, relations, and word

order. Winoground [88], SNARE [96], and VL-CheckList

[113] also expose these shortcomings. SugarCrepe [32] ad-

dresses hackable biases in prior benchmarks, where text-

only models achieve artificially high performance, by intro-

ducing fluent and meaningful hard negatives. Their findings

suggest that previous benchmarks overestimated composi-

tional understanding. Building on this, SugarCrepe++ [19]

further introduces semantically equivalent but lexically var-

ied captions as hard positives and shows the difficulties of

VLMs in distinguishing between lexical variations.

2.2. Improving Compositionality of VLMs

Prior approaches to improving the compositionality of

VLMs can be broadly classified into the following cate-

gories: (1) Leveraging detailed image captions: Detailed

captions from dense captioning models [17, 54], simula-

tion platforms [9], and video annotations [45] are collected

to train VLMs. However, these samples often lack pairs

with subtle variations, limiting their contribution to com-

positionality. (2) Distilling from pretrained models: SDS-

CLIP [3], SF-CLIP [80] and IL-CLIP [114] distill knowl-

edge from pretrained image generation models and visual-

language foundation models. IL-CLIP [114] refines repre-

sentations through iterative learning with pretrained vision

and language agents. However, pretrained models also face

limitations in compositionality [34, 90]. (3) Incorporat-

ing structural knowledge: MosaiCLIP [85] and Structure-

CLIP [36] incorporate scene graph knowledge in text fea-

tures. CLIP-SGVL [28] and 3VL [103] train VLMs to pre-

dict scene graphs. [66] utilizes scene graphs as prompts

to elicit compositional knowledge from VLMs without fur-



ther training. However, these methods rely on models

trained with expensive dense structure annotations (e.g.,

scene graphs). (4) Utilizing synthetic negative samples:

Rule-based tools [30] or large language models (LLMs)

[15, 73] are used to generate negative captions by editing

real captions [10, 11, 18, 68, 83, 86, 106, 109]. Image

generation models [75] are also used to create or edit im-

ages for training [49, 71, 79, 108]. Despite their utility,

efficiently generating large amount of images with precise

variations remains challenging due to the inherent limita-

tions of generative models. (5) Applying fine-grained align-

ment constraints: MCD [46] enforces multi-scale alignment

across images with varying augmentations and the corre-

sponding text captions. SPARC [5] learns local alignment

by associating each text token with a group of local im-

age patches. CE-CLIP [109] applies intra-modal contrastive

loss and cross-modal ranking loss to improve alignment.

However, uniform supervision applied to synthetic samples

with varying alignment quality limits their effectiveness. In

this paper, we propose SPARCL to address two key chal-

lenges in learning from synthetic data: the difficulty in ac-

curately creating precise variations and the inconsistency in

cross-modal alignment quality in synthetic data.

2.3. Training with Synthetic Data

Synthetic data for training machine learning models have

been studied in various fields [14, 26, 48, 64, 67, 76, 77,

93, 99]. Synthetic data generated through simulations and

graphics engines supports a wide range of tasks [16, 72, 95].

However, these synthetic datasets often diverge signifi-

cantly from real-world data. Recent advances in genera-

tive models [7, 12, 43, 61, 75, 78, 91, 105, 110] have made

it possible to synthesize data that more closely resembles

real-world scenarios. Synthetic data are widely used in both

language tasks [21, 31, 60, 64, 65, 87, 97, 98, 100, 116]

and vision tasks [1, 2, 4, 25, 29, 39, 57, 81, 89, 92, 111].

Synthetic data are often noisy, necessitating noise-resistant

training methods [13, 37, 41, 50, 51, 102], especially those

designed for contrastive learning [38, 56]. In this paper, we

generate multimodal samples with subtle variations and fil-

ter out potentially incorrect ones during training to improve

the compositionality of VLMs.

3. SPARCL

To improve the compositional understanding abilities of

VLMs, we propose Synthetic Perturbations for Advancing

Robust Compositional Learning, or SPARCL, which gener-

ates multimodal samples with subtle variations from real

samples and trains VLMs to learn nuanced differences

through synthetic data. In the generation phase, SPARCL

creates positive and negative captions with slight variations

from real captions using an LLM, then generates images

based on the real image and these modified captions through

a fast T2I model. To enhance the quality of subtle variations

in synthetic images, we introduce image feature injection,

which integrates real image features into the text prompt

features of the T2I model to improve fidelity to the real im-

age, as detailed in Sec. 3.2. In the training phase, SPARCL

employs an adaptive margin loss that leverages varying lev-

els of multimodal alignment in the synthetic samples to

effectively learn informative nuanced distinctions, as de-

scribed in Sec. 3.3. The framework of SPARCL is shown

in Figure 2.

3.1. Generating Negative and Positive Captions

Captions with subtle variations are crucial for learning com-

positional knowledge, as shown by previous work that gen-

erates captions by randomly swapping or replacing nouns

and adjectives [106, 109]. However, manually designed

generation rules often introduce nonsensical or grammati-

cally incorrect artifacts, creating shortcut features [23] that

obstruct true compositional understanding [32]. To address

this issue, we use an LLM to generate natural synthetic

captions. To further mitigate the impact of generative ar-

tifacts, we generate both negative and positive captions, en-

suring that VLMs cannot easily differentiate negative cap-

tions from positive ones based solely on artifacts. We de-

note the ith real image-caption pair in the training set as

(Ir
i ,T

r
i ). Given a real caption T r

i , we prompt the LLM to

generate a synthetic negative caption T sn
i and a synthetic

positive caption T
sp
i , as specified by the prompts in Figure

A1 in the Appendix.

3.2. Generating Images via Image Feature Injection

Synthetic images that exhibit subtle variations from real im-

ages while aligning with the captions are valuable but chal-

lenging to generate, as discussed in Sec. 1. Although previ-

ous works [49, 71, 79, 108] have utilized object segmenta-

tion or filtered dissimilar generations to improve fidelity to

real images, they struggle with manipulating relationships

or lack efficiency. We aim to enhance fidelity by injecting

image features into a fast T2I model [61], which already

achieves high efficiency and text alignment.

Image Feature Injection. The images generated by T2I

models lacks image fidelity to real images, as no real image

information is input to the models. To enhance the fidelity

of synthetic images, we inject real image features into the

text prompt features, enabling the model to incorporate in-

formation from the real images.

In T2I models, content and style are separated in the se-

mantic and padding embeddings. The semantic embeddings

(before the embedding of the [EOS] token) usually cap-

ture most of the image content in the text prompts, while

the padding embeddings (after the [EOS] token) usually

represent the image style [104]. Therefore, we can inject

real image features into the padding embeddings to guide



Real caption: There is 

a young male surfer 

riding a wave.

Real image

LLM

Negative caption: There 

is a young female surfer 

riding a wave.

Positive caption: A 

young man surfs on a 

wave.

T2I T2I

Negative image Positive image

(a) Generating synthetic captions and images

(b) Training with real and synthetic samples

Captions

Images
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𝑻1𝑟 𝑻2𝑟 𝑻1𝑠𝑛𝑻2𝑠𝑛𝑻1𝑠𝑝𝑻2𝑠𝑝
Sigmoid 

Loss

Image Feature Injection

Adaptive Margin Loss

There is a young 

female surfer riding 

a wave.

Real image

Synthetic caption CLIP Text 

Encoder

CLIP Image 

Encoder

BOS EOS
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embedding
Padding 

embedding

Global 

embedding 

… …

BOS EOS… …

Synthetic imageNoise

T2I

Positive pairs:

Hard negative pairs:

Easy negative pairs:

(𝑰1𝑟 , 𝑻1𝑟), (𝑰1𝑟 , 𝑻1𝑠𝑝)(𝑰1𝑟 , 𝑻1𝑠𝑛)
(𝑰1𝑟 , 𝑻2𝑟), (𝑰1𝑟 , 𝑻2𝑠𝑛), (𝑰1𝑟 , 𝑻2𝑠𝑝)

Similarity

Similarity

After 

Training

Adaptive 

Margin 

Loss

𝑆𝑖,𝑗1 − 𝑆𝑖,𝑗2
Margin 𝒎

Loss 𝑳
𝛽
𝑚0

𝛽 𝑚0
Wrong Hard Easy

𝑆𝑖,𝑗1 − 𝑆𝑖,𝑗2

Copy

𝑳 = max(0,𝒎 − (𝑆𝑖,𝑗1 − 𝑆𝑖,𝑗2))

Figure 2. An overview of SPARCL. (a) Starting with a real image-caption pair, we generate synthetic positive and negative pairs with subtle

variations using an LLM and a fast T2I model. To improve the quality of subtle variations in synthetic images, we introduce image feature

injection to reduce unintended variations from a standard T2I model (see Sec. 3.2). (b) We train the VLM using both real and synthetic

samples. In addition to a sigmoid loss for distinguishing positive and negative pairs, we apply an adaptive margin loss that leverages

varying alignment levels across training samples to learn informative nuanced distinctions (see Sec. 3.3).

the model in generating images with a similar style to real

images, without affecting the alignment with the captions,

thanks to the decoupling of content and style in the prompt

embeddings.
We extract features for a real image Ir

i and the corre-
sponding synthetic caption T s

i (s ∈ {sn, sp}) using two
aligned feature encoders (e.g., CLIP image and text en-
coders). The image embedding fr

i is the encoder output
at the position of the [CLS] token. The text embedding is
the text encoder output esi = ⟨esi,j⟩

L
j=1, where L is the max-

imum sequence length. Let the index of the [EOS] token in
esi be ksi , ksi ≤ L. That is, the padding token [PAD] is used
as input to the text encoder at positions between ksi and L.
The key step of SPARCL is to replace the text embeddings
at those positions with the image embedding, producing a
new sequence of text embeddings, êsi ,

ê
s
i = ⟨es

i,1, e
s
i,2, . . . , e

s
i,ki

,fr
i , . . . ,f

r
i

︸ ︷︷ ︸

L−ks

i
times

⟩. (1)

The embeddings êsi is then used as input to the T2I model

to generate a synthetic image Ĩs
i . This process, depicted

in Figure 2, reduces unintended variations in synthetic im-

ages generated by the standard T2I model and enhances im-

age fidelity to real images, thereby improving the quality of

synthetic subtle variations.

Style Transfer. To further reduce the domain gap between

synthetic and real images, we use AdaIN [35] to transfer

the style of the synthetic image to that of the real image.

We use a pretrained AdaIN encoder to extract content fea-

tures from Ĩs
i and style features from Ir

i . We normalize

the content features using instance normalization and then

scale and shift them with the mean and variance of the style

features. The transformed features are fed into a pretrained

AdaIN decoder to generate Is
i , which is subsequently used

for model training.

3.3. Training with Real and Synthetic Samples

After generating captions and images, each

real image-caption pair (Ir
i ,T

r
i ) is extended to

(Ir
i ,T

r
i , I

sn
i ,T sn

i , I
sp
i ,T

sp
i ) by adding one synthetic

negative and one synthetic positive pair. We then train

the VLM using these extended samples. Given a batch of

n sample groups, {(Ir
i ,T

r
i , I

sn
i ,T sn

i , I
sp
i ,T

sp
i )}ni=1, we

organize the images by concatenating all real, synthetic

negative, and synthetic positive images into an image batch

IB of 3n images, and similar all captions into a caption



batch TB of 3n captions.
We calculate the similarity between each image-caption

pair in the batch. The similarity between the ith im-
age IB

i and the jth caption TB
j is given by Si,j =

c(EI(I
B
i ), ET (T

B
j )), where c(·, ·) denotes cosine similar-

ity, and EI and ET represent the image and text en-
coders of the VLM, respectively. We then define the
ground-truth alignment variable Mi,j , which takes value
1 if the image matches with the caption, and −1 other-
wise. Clearly, the only positive image-caption pairs are
(Ir

i ,T
r
i ), (I

sn
i ,T sn

i ), (Isp
i ,T

sp
i ), (Ir

i ,T
sp
i ) and (Isp

i ,T r
i ).

To account for multiple positive associations of an image
or a caption, we apply a sigmoid-based contrastive loss
[8, 107] to encourage higher similarity for positive pairs and
lower similarity for negative pairs,

Lcon = −
1

3n

3n∑

i=1

3n∑

j=1

log
1

1 + exp(−Mi,j(Si,j/τ + b))
, (2)

where τ is the temperature parameter and b is a bias term.

Adaptive Margin Loss. Despite best efforts toward con-

trolling generative models, synthetic samples may still have

variable quality in terms of the alignment between text and

imagery. That is, purported positive (resp. negative) pairs

may not be semantically similar (resp. dissimilar). To ac-

count for variation in synthetic data quality, we propose to

differentiate between real data and synthetic data and be-

tween easy negatives and hard negatives. Further, we pro-

pose an adaptive margin that filters out potential incorrect

samples and prioritizes learning from hard samples.

For each image in a batch, we define four sets of cap-

tions, a positive set P, a hard negative set Nh, an easy neg-

ative set Ne, and a real negative set Nr, which represent

different levels of alignment within the batch. If the image

is a real or synthetic positive image,

• P contains the real positive captions T r
i and the synthetic

positive captions T
sp
i of the current, i-th image.

• Nh contains the synthetic negative captions T sn
i of the

current image.

• Ne = {T r
j ,T

sp
j ,T sn

j |i ̸= j} contains all real and syn-

thetic captions from all other images.

• Nr = {T r
j |i ̸= j} contains all real captions belonging to

the other images.

If the image is a synthetic negative image, the sets Ne and

Nr are unchanged but P and Nh differ:

• P contains the synthetic negative captions T sn
i .

• Nh contains T r
i and T

sp
i .

We define the margin loss for the ith image as:

LI
mar,i =

1

|P| · |Nh|

∑

j1∈P,j2∈Nh

max(0,m+ Si,j2 − Si,j1 )

+
1

|Nh| · |Ne|

∑

j1∈Nh,j2∈Ne

max(0,m+ Si,j2 − Si,j1 )

+
α

|P| · |Nr|

∑

j1∈P,j2∈Nr

max(0,m+ Si,j2 − Si,j1 ).

(3)

This loss encourages positive pairs to have higher similarity

scores than hard negative pairs, which should have higher

similarity than easy negative pairs. Additionally, a weight

α > 1 is applied to comparisons between positive pairs and

real negative pairs to emphasize these comparisons, as real

samples are generally correct, making comparisons involv-

ing them more reliable.
Lastly, we propose an adaptive margin in the above loss.

Let d = Si,j1 − Si,j2 denote the difference between two
similarity scores in Eq. (3). The adaptive margin m is then
computed as follows:

m =







d, d < β

(m0−d

m0−β
γ + 1)m0, β ≤ d ≤ m0

m0 d > m0

(4)

where m0 is a base margin, β < 0 is a cutoff threshold, γ

is a scaling factor. The adaptive margin is designed with

the following rationale: when d < β, the purported positive

pair is much less similar than the purported negative pair,

suggesting the presence of incorrect or mislabeled samples,

so we zero out the loss by setting the margin to d. For

β ≤ d ≤ m0, the margin is scaled, with smaller differ-

ences receiving larger margins to emphasize learning from

harder samples. When d > m0, the samples are already

well-separated with the margin m0, so the margin is capped

at m0, again leading to zero loss. We visualize both the

adaptive margin and the corresponding loss as functions of

d in Figure 2 (b).
The loss for all images is given by LI

mar =
1
3n

∑
i L

I
mar,i. Analogously, we compute LT

mar for all cap-

tions. The total adaptive margin loss is Lmar = LI
mar +

LT
mar. Finally, the overall training loss is a weighted com-

bination of the contrastive loss and the adaptive margin loss,
with weight λ:

L = Lcon + λLmar. (5)

4. Experiments

4.1. Datasets

Training. We use the COCO-2014 dataset [55] as the train-

ing data source. The training set consists of 82,783 images,

each paired with five captions. For each real image-caption

pair, we generate one positive and one negative synthetic

pair. In line with previous approaches [18, 106, 109], we

train the VLMs using both the original COCO-2014 train-

ing data and the synthetic samples.

Evaluation. We evaluate our model on four vision-

language compositional understanding benchmarks: (1)

ARO [106], which consists of 23,937 cases for relation un-

derstanding and 28,748 for attribute understanding. We

exclude the subsets for order understanding, as they con-

tain significant nonsensical and non-fluent artifacts [32].



Table 1. Comparison of accuracy (%) between SPARCL and baselines on four benchmarks. “img.” represents images, “cap.” represents

captions, “syn.” represents synthetic data.

Method

Training Data

ARO VL-CheckList SugarCrepe SugarCrepe++

Source
# real

img.

# real

cap.

# syn.

img.

# syn.

cap.

CLIP [74] (Zero-Shot) - - - - - 61.1 73.2 73.4 59.8

CLIP [74] (Finetune) COCO 82K 410K 0 0 64.1 72.8 79.9 62.3

SDS-CLIP [3] COCO 82K 410K 0 0 57.5 - - -

[79] COCO 0 0 82K 82K 65.0 69.9 - -

AMR-NegCLIP [83] COCO 100K 100K 0 500K 79.4 - 85.2 -

NegCLIP [106] COCO 100K 100K 0 500K 76.0 74.6 82.5 64.9

MosaiCLIP [85] COCO 109K 109K 0 981K 80.3 76.8 - -

FSC-CLIP [68] COCO 100K 100K 0 1.5M - 77.2 85.1 -

CE-CLIP [109] COCO 82K 410K 0 2M 79.7 76.3 85.2 -

COMO [49] COCO 113K 567K 567K 567K - 76.9 - -

SPARCL (our method) COCO 82K 410K 820K 820K 77.2 79.2 87.1 66.1

SPEC [70] LAION 20K 20K 20K 20K 70.1 - - -

CounterCurate [108] Flickr 30K 30K 150K 150K - - 82.8 -

[18] CC3M 3M 3M 0 9M - 75.3 - 55.3

CE-CLIP+ [109] COCO+CC3M 3M 3M 0 15M 80.4 79.3 87.5 -

CLOVE [11] LAION-COCO >1B >1B 0 >1B 73.2 - 85.1 -

IL-CLIP [114] CC12M 12M 12M 0 0 - - 70.3 -

SF-CLIP [80] YFCC15M 15M 15M 0 0 - - 71.2 -

syn-CLIP [9] SyViC 0 0 >1M >1M 69.2 74.8 - -

FiGCLIP [45] VidSitu 20K videos 0 0 67.0 - 74.6 -

(2) VL-CheckList [113], a large-scale benchmark with over

100,000 samples, evaluates compositionality across subsets

of objects, attributes, and relationships, which are further

divided into various fine-grained categories. (3) Sugar-

Crepe [32] includes 7,000 test cases across seven subsets.

In the above three benchmarks, each test case containing

one image, one positive caption, and one negative caption.

(4) SugarCrepe++ [19] includes 4,757 test samples across

five subsets, where each test case consists of one image,

two positive captions, and one negative caption. All bench-

marks involve classifying captions as positive or negative

for the given images. We report the average accuracy across

all subsets of each benchmark and include the accuracy for

each subset in Appendix A3.

4.2. Implementation Details

Models. We use ViT-B/32 and ViT-L/14 architectures from

OpenAI’s CLIP model [74] as our base models, initialized

with pretrained checkpoints. Following syn-CLIP [9], we

integrate LoRA adapters [33] into both the image and text

encoders of CLIP to improve training efficiency and mit-

igate knowledge forgetting. Only the LoRA adapters are

fine-tuned during training.

Training Setups. We use the AdamW optimizer [59] with

a cosine learning rate schedule [58]. Training is conducted

on two Tesla V100 GPUs, with a batch size of 128 sample

groups for ViT-B/32 and 16 for ViT-L/14. The base learn-

ing rate is set to 0.01 for a total batch size of 256, and scaled

linearly [24] based on the actual batch size. Training is per-

formed for 3,000 steps for ViT-B/32 and 15,000 steps for

ViT-L/14, corresponding to fewer than 5 epochs in previous

studies [18, 106, 109]. More details and hyperparameters

settings are in Appendix A2.

4.3. Main Results

We compare SPARCL with several baseline methods: (1)

methods that utilize synthetic samples for training [49, 68,

70, 79, 83, 106, 108, 109], (2) methods that distill knowl-

edge from pretrained models [3, 11, 80, 114], (3) methods

that incorporate knowledge from scene graphs [18, 85], and

(4) methods that leverage detailed image captions [9, 45].

Both SPARCL and the baseline methods use ViT-B/32 as

the base model. The results are presented in Table 1.

We observe that SPARCL achieves the best performance

on VL-CheckList, SugarCrepe, and SugarCrepe++ com-

pared to baselines trained on the same data source, namely

COCO. Specifically, SPARCL surpasses the strongest base-

line by 1.4% on VL-CheckList and 2.5% on SugarCrepe,

underscoring its effectiveness in enhancing compositional

understanding. However, SPARCL performs worse on

ARO than some baselines. We hypothesize that this may

be due to nonsensical or grammatically incorrect artifacts

in the ARO test samples [32], which could favor meth-

ods that utilize rule-based synthetic training samples (e.g.,

[85]) containing similar artifacts. Notably, even with only

50% of the training data, SPARCL outperforms most base-



Table 2. Ablated performance (%) of SPARCL. “SynCap” refers to synthetic captions, “SynImg” refers to synthetic images, “FeatInj”

denotes image feature injection, and “CompSet” indicates the comparison sets used in Eq. (3).

Model Variant SynCap SynImg FeatInj AdaIN
Adaptive Margin Loss

ARO VL-CheckList SugarCrepe SugarCrepe++ Average

CompSet Margin

ViT-B/32

#1 ✘ ✘ ✘ ✘ ✘ 60.49 72.61 79.36 64.85 69.33

#2 ✔ ✘ ✘ ✘ ✘ 71.77 73.52 86.35 64.32 73.99

#3 ✘ ✔ ✘ ✘ ✘ 62.62 71.70 79.97 64.84 69.79

#4 ✔ ✔ ✘ ✘ ✘ 71.86 75.54 85.43 65.22 74.51

#5 ✔ ✔ ✔ ✘ ✘ 73.40 76.56 85.54 65.78 75.32

#6 ✔ ✔ ✘ ✔ ✘ 73.79 75.72 85.79 64.49 74.95

#7 ✔ ✔ ✔ ✔ ✘ 74.12 76.35 85.40 66.44 75.58

#8 ✔ ✔ ✔ ✔ All Fixed 76.79 78.59 87.08 65.42 76.97

#9 ✔ ✔ ✔ ✔ All Adaptive 77.15 79.16 87.11 66.12 77.38

#10 ✔ ✔ ✔ ✔ All Adaptive Inversed 76.67 79.26 86.68 65.30 76.97

#11 ✔ ✔ ✔ ✔ Only (P,Nh) Adaptive 77.48 80.48 86.15 64.70 77.20

ViT-L/14

#1 ✘ ✘ ✘ ✘ ✘ 59.80 73.26 81.49 64.90 69.86

#2 ✔ ✘ ✘ ✘ ✘ 72.16 75.44 87.38 64.44 74.85

#3 ✘ ✔ ✘ ✘ ✘ 60.70 72.23 82.58 66.63 70.54

#4 ✔ ✔ ✘ ✘ ✘ 75.20 78.29 87.29 64.61 76.35

#5 ✔ ✔ ✔ ✘ ✘ 75.11 78.58 87.54 64.57 76.45

#6 ✔ ✔ ✘ ✔ ✘ 74.88 79.10 87.50 64.62 76.52

#7 ✔ ✔ ✔ ✔ ✘ 74.93 80.04 87.79 65.30 77.01

#8 ✔ ✔ ✔ ✔ All Fixed 75.21 80.75 88.02 66.41 77.60

#9 ✔ ✔ ✔ ✔ All Adaptive 75.83 80.81 88.23 66.83 77.93

#10 ✔ ✔ ✔ ✔ All Adaptive Inversed 75.15 80.71 87.93 66.61 77.60

#11 ✔ ✔ ✔ ✔ Only (P,Nh) Adaptive 76.26 80.57 87.42 66.28 77.63

line methods (see Table 3 for SPARCL performance with

reduced training data). Compared to baselines using ad-

ditional data sources, SPARCL surpasses or matches their

performance. For example, SPARCL outperforms methods

in [11, 18] despite their use of more training data. SPARCL

performs comparably to CE-CLIP+ [109] on VL-CheckList

and SugarCrepe, despite CE-CLIP+ leveraging CC3M as an

additional data source and utilizing significantly more sam-

ples.

4.4. Ablation Study and Analysis

We perform ablation studies to assess the impact of each

component and design choice in SPARCL. The results, pre-

sented in Table 2, show the overall performance.

Synthetic captions vs. synthetic images. To analyze the

impact of synthetic captions and images, we compare Vari-

ant #1 (using only real samples) with Variant #2 (using real

samples and synthetic captions) and #3 (using real samples

and synthetic images). Variant #2 shows a significant im-

provement over Variant #1, with the average accuracy im-

proving from 69.33% to 73.99% for ViT-B/32. However,

Variant #3 obtains only a marginal improvements of about

0.5%. These results suggest that synthetic captions sub-

stantially enhance compositional understanding, while syn-

thetic images alone provide limited benefit, which aligns

with findings in [69]. We hypothesize that generative arti-

facts in synthetic images are more pronounced than in cap-

tions, which negatively affects the effective learning of nu-

anced distinctions by VLMs. When both synthetic captions

and images are used (Variant #4), performance improves

further, indicating a synergistic effect.

Image feature injection vs. AdaIN. To analyze the impact

of image feature injection and AdaIN, we compare Variant

#4 (without image feature injection or AdaIN) with Variant

#5 (with image feature injection only) and #6 (with AdaIN

only). Using ViT-B/32, we observe that Variant #5 out-

performs Variant #4 across all four benchmarks, with an

average gap of 0.8%. While Variant #6 shows a smaller

improvement of 0.4%, it outperforms Variant #5 on ARO

and SugarCrepe. These results suggest that image feature

injection is more effective for improving compositional-

ity than AdaIN, although the two methods are somewhat

complementary. Through the improvements obtained using

ViT-L/14 are a little bit different, both techniques improve

performance over Variant #4. Combining both methods in

Variant #7 leads to further improvements, with a more than

1% increase in average accuracy for ViT-B/32 and a 0.65%

increase for ViT-L/14 over Variant #4. This highlights the

importance of reducing unintended changes in synthetic im-

ages, as such changes could cause the model to rely on them

for distinguishing positive and negative samples rather than

the semantic differences specified in the corresponding cap-

tions. Examples of synthetic images in Figure A3 and A4 in

the Appendix show how image feature injection helps miti-

gate these unintended changes.

Effects of the margin loss and adaptive margin strate-



Table 3. Performance (%) of SPARCL using different subsets of

training samples. “Neg.” represents synthetic negative samples,

“Pos.” represents synthetic positive samples, and “Prop.” repre-

sents the proportion of training samples.

Variant Neg. Pos. Prop. ARO VL-CheckList SugarCrepe SugarCrepe++ Average

#7 ✔ ✘ 100% 72.12 74.65 86.41 57.99 72.79

#7 ✔ ✔ 100% 74.12 76.35 85.40 66.44 75.58

#9 ✔ ✔ 20% 75.90 77.56 85.78 64.44 75.92

#9 ✔ ✔ 50% 77.90 79.38 86.71 64.21 77.05

#9 ✔ ✔ 100% 77.15 79.16 87.11 66.12 77.38

gies. We compare three variants with distinct margin ap-

proaches: (1) Fixed (Variant #8): a fixed margin without

adaptive adjustments; (2) Adaptive (Variant #9): the margin

is calculated according to Eq. (4); and (3) Adaptive Inversed

(Variant #10): a larger margin is applied to samples with

higher similarity differences, representing an inverse ver-

sion of Eq. (4) that prioritizes learning from easier samples.

Comparing Variant #8 with Variant #7, we observe that #8

improves by over 1% for ViT-B/32 and 0.6% for ViT-L/14

in average accuracy, suggesting that margin loss effectively

aids in compositional understanding. Between Variants #8,

#9, and #10, we find that Variant #9 outperforms Variant #8

across all four benchmarks, with an average boost of over

0.3% for both ViT-B/32 and ViT-L/14. In contrast, Variant

#10 results in a performance decline on three benchmarks

and no improvement in average accuracy. These findings

highlight the superior effectiveness of adaptive margins.

Is applying adaptive margin loss only to hard samples

sufficient? To explore whether applying margin loss solely

to hard samples is adequate, we construct Variant #11,

which uses only the positive set P and the hard negative

set Nh for margin loss calculation in Eq. (3), which is sim-

ilar to learning strategies in [49, 109]. When comparing

Variant #11 with Variant #8 and #9, we observe that Vari-

ant #11 performs better on ARO and VL-CheckList, but

worse on SugarCrepe and SugarCrepe++. We hypothesize

that by focusing exclusively on the positive and hard nega-

tive sets, the model may learn nonsensical artifacts present

in the hard negatives. These artifacts improve performance

on ARO and VL-CheckList, where the test samples exhibit

similar patterns, but hinder performance on SugarCrepe and

SugarCrepe++, which are designed to avoid such patterns

[32]. In contrast, Variant #9, which incorporates all sets in

Eq. (3) for margin loss calculation, achieves better results

on SugarCrepe and SugarCrepe++ with only a minor drop

in performance on ARO and VL-CheckList. This suggests

that easy negative samples serve as regularization, prevent-

ing overfitting to the artifacts in hard negative samples.

Effects of synthetic positive samples. We compare the per-

formance of training with only synthetic negative samples

versus using both synthetic negative and positive samples

in Table 3. Based on Variant #7, we train ViT-B/32 with

these two combinations of training data. We observe nearly

3% decrease in average accuracy when using only synthetic

negative samples, compared to using both synthetic nega-

tive and positive samples. This decrease is particularly no-

ticeable on SugarCrepe++, ARO, and VL-CheckList. These

results underscore the importance of incorporating synthetic

positive samples in training, as they provide essential infor-

mation about variations that maintain semantic consistency,

which is critical for compositional understanding.

Influence of model size and training data size. To evalu-

ate the impact of model size on compositional understand-

ing, we compare the performance of ViT-B/32 and ViT-L/14

in Table 2. We find that ViT-L/14 only provides a mod-

est improvement of about 0.5% of average accuracy over

ViT-B/32. This suggests that increasing model size does

not significantly enhance compositional understanding. To

investigate the effect of training data size, we train ViT-B/32

using 20% and 50% of randomly sampled training data and

report the results in Table 3. We observe that performance

improves as the proportion of training data increases, indi-

cating that a larger training set helps the model better cap-

ture compositional knowledge. However, the performance

gain diminishes when the training data size increases from

50% to 100%. Perhaps generating or selecting high-quality

data would be more effective than simplistic data scaling.

Additional experiments on hyperparameter analysis can

be found in Appendix A3.

5. Conclusion

In this paper, we introduce SPARCL to enhance the com-

positional understanding capabilities of VLMs by gener-

ating and training with synthetic data. To tackle two key

challenges in using synthetic data—namely, the difficulty

of generating accurate variations and the inconsistency in

cross-modal alignment quality—SPARCL integrates image

feature injection into a T2I model to improve the quality of

synthetic variations and introduces an adaptive margin loss

to account for varying levels of cross-modal alignment for

effectively learning nuanced distinctions. Experiments on

four visual-language compositional understanding bench-

marks demonstrate the effectiveness of SPARCL.

6. Acknowledgments

This work has been supported by the Nanyang Associate

Professorship and the National Research Foundation Fel-

lowship (NRF- NRFF13-2021-0006), Singapore. Any opin-

ions, findings, conclusions, or recommendations expressed

in this material are those of the authors and do not reflect

the views of the funding agencies.



References

[1] Shekoofeh Azizi, Simon Kornblith, Chitwan Saharia, Mo-

hammad Norouzi, and David J Fleet. Synthetic data from

diffusion models improves imagenet classification. arXiv

preprint arXiv:2304.08466, 2023. 3

[2] Manel Baradad Jurjo, Jonas Wulff, Tongzhou Wang, Phillip

Isola, and Antonio Torralba. Learning to see by looking at

noise. Advances in Neural Information Processing Systems,

34:2556–2569, 2021. 3

[3] Samyadeep Basu, Maziar Sanjabi, Daniela Massiceti,

Shell Xu Hu, and Soheil Feizi. Augmenting clip

with improved visio-linguistic reasoning. arXiv preprint

arXiv:2307.09233, 2023. 2, 6

[4] Victor Besnier, Himalaya Jain, Andrei Bursuc, Matthieu
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Appendix

The Appendix is organized as follows:

• Section A1 presents additional details about SPARCL.

• Section A2 provides further details on the experimental

setup.

• Section A3 includes additional experimental results.

A1. Details of SPARCL

The prompts used as input to the LLM for generating nega-

tive and positive captions are presented in Figure A1.

You are an assistant assigned to help a human user edit

a given sentence that describes an image. Make a minor

change to the sentence by randomly altering, omitting, in-

serting, or replacing one word or phrase. Although the

change should be minor, it must result in a significant dif-

ference in the sentence’s meaning, making it unable to de-

scribe the original image. Use the provided template and

respond with a single, valid sentence.

User: {}
Assistant: Sure! Here’s my edit:

(a) Prompts used to generate negative captions.

You are an assistant assigned to help a user edit a sentence

that describes an image. Make a minor change to the sen-

tence by randomly altering, omitting, inserting, or replac-

ing one word or phrase. The new sentence must strictly

retain the same meaning as the original sentence. Use the

provided template and respond with a single, valid sen-

tence.

User: {}
Assistant: Sure! Here’s my edit:

(b) Prompts used to generate positive captions.

Figure A1. Prompts used to generate negative and positive cap-

tions.

A2. Experimental Setup

Data Synthesis. For caption generation, we utilize the

Llama-2-Chat 13B model1, with the temperature set to 0.9,

top-k set to 100, and top-p set to 0.9 for sampling. For im-

age generation, we use the LCM model2 for its swift infer-

ence with few steps [61]. The pretrained CLIP ViT-L/14

1https://huggingface.co/meta-llama/Llama-2-13b-chat
2https://huggingface.co/SimianLuo/LCM_Dreamshaper_v7

[74] is used as the image feature extractor for injecting im-

age features. We perform 8 inference steps with LCM to

generate each image.

Hyperparameter Selection. First, we use only real train-

ing samples to select τ and b. The optimal values are deter-

mined by searching for the ones that minimize the training

loss at the first training step, aiming to preserve the output

distribution from the pretrained model. After searching, we

set τ = 0.01 and b = −30.0. Next, we select the base

learning rate, weight decay, and LoRA adapter rank based

on performance on the COCO-2014 validation set, in which

the model is trained exclusively on real samples. According

to the performance on the validation set, these hyperparam-

eter are set to a base learning rate of 0.01, weight decay of

0.5, and LoRA adapter rank of 16. Then, we construct a

validation set composed of the CIFAR-10 [47] test set and

a randomly selected 5% of samples from ARO-Attribute

and ARO-Relation, to balance the performance on coarse-

grained and fine-grained tasks. Using this validation set,

we train the model on both real and synthetic samples and

use the validation performance to determine the remaining

hyperparameters: m0, α, β, γ and λ. The effects of these

hyperparameters are shown in Table A5.

A3. Experimental Results

Performance on each subset of the four benchmarks. Ta-

ble A1, A2 and A3 present the performance of different

methods on each subset of the four benchmarks.

Comparison with other images generation methods. We

compare our image generation method with StyleAligned

[27]. For a fair comparison, we use an ablated version

#7 of SPARCL (Sec. 4.4, main paper) without the adap-

tive margin loss. Both methods use synthetic captions that

we generate. As shown in Table A4, StyleAligned per-

forms about 1% worse than our method on the four compo-

sitional benchmarks, which illustrates the effectiveness of

image feature injection in SPARCL. In Figure A2, we show

two synthetic images from StyleAligned, where it fails to

align the generated content with the synthetic captions. We

hypothesize that the diffusion trajectory of the real image

imposes strong constraints on the image generation model,

making StyleAligned difficult to edit the image to match

the synthetic caption. This issue is similar to the zero-shot

image editing methods [6, 22, 63], which provide incor-

rect guidance during model training and lead to limited im-

provements on compositional understanding tasks. More-

https://huggingface.co/meta-llama/Llama-2-13b-chat
https://huggingface.co/SimianLuo/LCM_Dreamshaper_v7


Table A1. Comparison of accuracy (%) between SPARCL and baselines on ARO and VL-CheckList. “img” represents images, “cap”

represents captions, “syn” represents synthetic data.

Method

Training Data

ARO VL-CheckList

Source
# real

img

# real

cap

# syn

img

# syn

cap
Relation Attribute Average Attribute Relation Object Average

CLIP-ZeroShot[74] - - - - - 59.22 62.86 61.03 67.05 66.71 85.72 73.16

CLIP-Finetune[74] COCO 82K 410K 0 0 63.02 65.16 64.09 66.74 64.43 86.86 72.78

SDS-CLIP [3] COCO 82K 410K 0 0 53.0 62.0 57.5 - - - -

[79] COCO 0 0 82K 82K - - - 70.7 53.8 85.1 69.87

AMR-NegCLIP [83] COCO 100K 100K 0 500K 83.2 75.6 79.4 - - - -

NegCLIP [106] COCO 100K 100K 0 500K 81.0 71.0 76.0 70.9 68.9 84.1 74.6

MosaiCLIP [85] COCO 109K 109K 0 981K 82.6 78.0 80.3 70.1 71.3 89.0 76.8

FSC-CLIP [68] COCO 100K 100K 0 1.5M - - - - - - 77.20

CE-CLIP [109] COCO 82K 410K 0 2M 83.00 76.40 79.70 72.62 71.75 84.65 76.34

COMO [49] COCO 113K 567K 567K 567K - - - 73.44 71.16 86.20 76.93

SPARCL COCO 82K 410K 820K 820K 80.10 74.19 77.15 73.72 72.99 90.76 79.16

SPEC [70] LAION 20K 20K 20K 20K 73.7 66.4 70.1 - - - -

[18] CC3M 3M 3M 0 9M - - - 71.97 68.95 85.00 75.31

CE-CLIP+ [109] COCO+CC3M 3M 3M 0 15M 83.6 77.1 80.35 76.76 74.70 86.30 79.25

CLOVE [11] LAION-COCO >1B >1B 0 >1B 69.0 77.4 73.2 - - - -

syn-CLIP [9] SyViC 0 0 >1M >1M 71.40 66.94 69.17 70.37 69.39 84.75 74.84

FiGCLIP [45] VidSitu 20K videos 0 0 68.01 65.99 67.00 - - - -

Table A2. Comparison of accuracy (%) between SPARCL and baselines on SugarCrepe. “img” represents images, “cap” represents

captions, “syn” represents synthetic data.

Method

Training Data

Add Replace Swap
Average

Source
# real

img

# real

cap

# syn

img

# syn

cap
Attribute Object Attribute Object Relation Attribute Object

CLIP-ZeroShot[74] - - - - - 69.22 77.40 80.33 90.98 69.49 64.71 61.63 73.39

CLIP [74] (Finetune) COCO 82K 410K 0 0 78.03 88.12 85.79 93.58 73.83 71.77 68.29 79.92

AMR-NegCLIP [83] COCO 100K 100K 0 500K - - - - - - - 79.92

NegCLIP [106] COCO 100K 100K 0 500K 82.80 88.80 85.91 92.68 76.46 75.38 75.20 82.46

FSC-CLIP [68] COCO 100K 100K 0 1.5M - - - - - - - 85.10

CE-CLIP [109] COCO 82K 410K 0 2M 93.4 92.4 88.8 93.1 79.0 77.0 72.8 85.2

SPARCL COCO 82K 410K 820K 820K 93.49 92.43 88.95 95.82 78.94 81.38 78.77 87.11

CounterCurate [108] Flickr 30K 30K 150K 150K 86.71 90.35 87.94 95.94 76.24 73.57 68.57 82.76

CE-CLIP+ [109] COCO+CC3M 3M 3M 0 15M 94.9 93.8 90.8 93.8 83.2 79.3 76.8 87.5

CLOVE [11] LAION-COCO >1B >1B 0 >1B - - - - - - - 79.92

IL-CLIP [114] CC12M 12M 12M 0 0 - - - - - - - 70.34

SF-CLIP [80] YFCC15M 15M 15M 0 0 - - - - - - - 71.20

FiGCLIP [45] VidSitu 20K videos 0 0 72.5 77.4 81.1 91.8 69.4 66.1 63.8 74.6

over, StyleAligned requires DDIM inversion to obtain the

inverted diffusion trajectory from the real image, making it

computationally expensive and impractical for large-scale

image generation.

Effects of image feature injection. In Figure A3 and A4,

we present examples of synthetic images to illustrate how

image feature injection helps mitigate unintended changes.

In Figure A3, we observe that feature injection helps to gen-

erate images with similar object size and viewing angle to

the real image. For example, in (a), the real image depicts

a wide shot of a girl, while the synthetic image without

feature injection produces a close-up shot despite aligning

with the caption. With feature injection, the synthetic im-

age maintains a wide shot, resembling the real image. Sim-

ilar effects are seen in (b) and (c). In (d), the synthetic im-

age with feature injection preserves the viewing angle of the

real image, whereas the one without feature injection devi-



Table A3. Comparison of accuracy (%) between SPARCL and baselines on SugarCrepe++. “img” represents images, “cap” represents

captions, “syn” represents synthetic data.

Method

Training Data

Replace Swap
Average

Source
# real

img

# real

cap

# syn

img

# syn

cap
Attribute Object Relation Attribute Object

CLIP-ZeroShot[74] - - - - - 65.61 86.80 56.26 45.21 45.18 59.81

CLIP-Finetune[74] COCO 82K 410K 0 0 69.03 90.61 56.33 49.24 46.21 62.27

NegCLIP[106] COCO 100K 100K 0 500K 69.41 89.53 52.27 57.99 55.25 64.89

SPARCL COCO 82K 410K 820K 820K 68.90 89.76 52.34 57.95 61.63 66.12

[18] CC3M 3M 3M 0 9M 56.98 80.93 47.30 48.4 42.98 55.32

Table A4. Performance comparison (%) between SPARCL and

StyleAligned.

Variant ARO VL-CheckList SugarCrepe SugarCrepe++ Average

StyleAligned [27] 72.60 75.03 85.70 65.25 74.65

SPARCL (#7) 74.12 76.35 85.40 66.44 75.58

Real image Synthetic image

(a) Real caption: A pizza sitting on top of a pan next to a 
paper cut out.

      Synthetic caption: A paper cut out sitting on top of a
      pan next to a pizza.

(b) Real caption: A person on skis skiing down a
      mountain slope.
      Synthetic caption: A person on rollerblades rolling
      down a grassy hill.

Real image Synthetic image

Figure A2. Examples of synthetic samples from StyleAligned.

The algorithm did not alter the image content according to the cap-

tion.

ates from it. In Figure A4, we observe that feature injection

helps generate backgrounds that resemble the real image.

For example, in (a), the real image and the synthetic image

without feature injection depicts an outdoor street scene,

creating a noticeable difference. With feature injection, the

single-colored background makes the synthetic image more

similar to the real one. In (b), the sky occupies much of

background in the real image as well as the image gener-

ated with feature injection, whereas the one without feature

injection shows little sky. Also, the basketball is present in

both the real and the synthetic image with feature injection

but not in the middle image. Similar effects are observed

in (c) and (d). These examples show that image feature in-

jection reduces unintended variations not captured by the

caption, enhancing the usefulness of synthetic samples for

training VLMs.

Effects of hyperparameters. Table A5 presents the perfor-

mance of SPARCL with different hyperparameter settings.

For λ, we observe that λ = 0.01 achieves the highest av-

Table A5. Performance of SPARCL with different hyperparam-

eters. “ARO-Rel” refers to the ARO-Relation validation subset,

and “ARO-Att” refers to the ARO-Attribute validation subset, both

consisting of a randomly selected 5% of the full set, as described

in Sec. A2.

λ α m0 β γ
Validation Test

Average
CIFAR-10 ARO-Rel ARO-Att Average

0.0 0.0 - - - 86.56 78.79 76.52 80.62 75.58

0.001 0.0 0.01 0.0 0.0 85.02 78.21 72.72 78.65 75.95

0.01 0.0 0.01 0.0 0.0 83.66 81.77 76.46 80.63 76.78

0.1 0.0 0.01 0.0 0.0 85.02 81.29 78.94 80.47 76.94

0.01 1.0 0.01 0.0 0.0 83.18 81.10 76.52 80.27 77.21

0.01 10.0 0.01 0.0 0.0 86.46 81.89 75.05 81.13 77.27

0.01 100.0 0.01 0.0 0.0 87.64 74.93 75.19 79.25 75.28

0.01 10.0 0.005 0.0 0.0 85.91 79.87 78.76 81.51 77.08

0.01 10.0 0.01 0.0 0.0 86.46 81.89 75.05 81.13 77.27

0.01 10.0 0.02 0.0 0.0 84.85 79.41 75.28 79.85 76.79

0.01 10.0 0.005 -0.02 1.0 86.46 80.08 78.90 81.81 77.38

0.01 10.0 0.005 -0.03 1.0 86.75 81.08 76.43 81.42 77.25

0.01 10.0 0.005 -0.02 3.0 87.31 80.79 76.52 81.54 77.23

erage validation accuracy, leading us to select it for subse-

quent experiments. Similarly, for α, the best performance

is obtained with α = 10.0, which is used in other exper-

iments. When evaluating different values of m0, we find

that m0 = 0.005 yields the best results. Finally, we ex-

amine various combinations of β and γ and observe that

β = −0.02 and γ = 1.0 provide the best validation per-

formance. Thus, this combination is selected as the optimal

hyperparameter setting.



Real image

Synthetic image 

w/o image 

feature injection

Synthetic image 

with image 

feature injection

(a) Real caption: A girl in a pink snowsuit skiing on a ski 
slope.

      Synthetic caption: A pink girl skiing on a slope.

(c) Real caption: A man in suit and tie holding a cell 
     phone posing for a picture.
      Synthetic caption: A suit-clad man posing with a tie-
      adorned cell phone for a picture.

Real image

Synthetic image 

w/o image 

feature injection

Synthetic image 

with image 

feature injection

(b) Real caption: A zebra standing next to a stone wall.
      Synthetic caption: A zebra standing next to a wavy
     stone wall.

(d) Real caption: Woman with bright smock sitting on a
      wooden bench.
      Synthetic caption: Woman with vibrant smock
      sitting on a weathered bench.

Figure A3. Examples of synthetic samples without and with image feature injection. In these examples, the image feature injection

technique achieves alignment of the subject size and the viewing angle with those in real images.

Real image

Synthetic image 

w/o image 

feature injection

Synthetic image 

with image 

feature injection

(a) Real caption: A little kid that is holding a phone.
      Synthetic caption: A little kid who is holding a selfie
      stick.

(c) Real caption: A red fire hydrant next to wall made of 
     stone.
     Synthetic caption: A fiery red fire hydrant stands 
     next to a sturdy stone wall.

Real image

Synthetic image 

w/o image 

feature injection

Synthetic image 

with image 

feature injection

(b) Real caption: A group of guys playing basketball on 
      a city street.
      Synthetic caption: A group of hoopsters dribbling 
      down a concrete floor.

(d) Real caption: A group of giraffes standing next to a 
      building.
      Synthetic caption: A group of giraffes standing next 
      to a skyscraper.

Figure A4. Examples of synthetic samples without and with image feature injection. In these examples, the image feature injection

primarily helps to generate backgrounds that resemble those in real images. For example, in (d), both the first and the third images show

the ground, whereas the second image does not.
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