Self-guided Semantic Inspection for Zero-Shot Composed Image Retrieval

Supplementary Material

A. Computational Complexity Analysis

Algorithm 1 Training Procedure of DiffComp

Require: Standard image-text pairs Dyqain={(I,T)}
Require: Pre-trained vision-language model
1: Initialize DiffComp parameters
2: while not converged do
3:  Sample a mini-batch from Dy
4:  // Contextual Semantic Super-patch (CSS)
5. Group patches into super-patches SP and extract
features f]SP (D)-(2)
// Phrase-guided Selective Masking (PSM)
7. Compute phrase-superpatch similarity matrix and
alignment scores z; (4)-(5)
: Generate binary mask via Gumbel-Softmax (6)-(8)
9:  Apply mask to obtain differentiated feature f7, (11)
10:  // Difference-aware Composition (DAC)
11:  Calculate adaptive interpolation weights o; based on
semantic discrepancy (14)
12:  Perform hierarchical interpolation to form composed
feature feomp (15)-(16)
13:  Calculate total loss £ and update parameters (17)
14: end while
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The complete training process of DiffComp is summa-
rized in Algorithm [. We further analyze the computa-
tional complexity of its three core modules, including Con-
textual Semantic Super-patch (CSS), Phrase-guided Selec-
tive Masking (PSM), and Difference-aware Composition
(DAC). Computational Complexity. We analyze the com-
putational cost of each module in both training and infer-
ence stages:

* CSS divides an input image into N patches and reorga-
nizes them into N, = N/S? super-patches of size S x S.
Its complexity O(LN S?d) is substantially lower than the
standard global attention O(L(N + 1)2d).

* PSM computes phrase-superpatch similarities with com-
plexity O(N; Pd), introducing negligible overhead.

¢ DAC fuses global and local features with complexity
O(N.d).

Among the three modules, CSS dominates the total cost but
remains efficient in practice. For example, with ViT-L/14
and S = 4, it adds only about 7% overhead compared to
vanilla global encoding. PSM is used only during training,
while inference involves CSS and DAC, both of which scale
linearly.

Table 1. Backbone details. Abbreviations: Img.=input image size;
L=transformer layers; W=hidden width; FT-L=fine-tuned layers;
Proj dim=shared embedding dimension.

Visual encoder |Textual encoder | Proj
Img. L W FT-L|L W FT-L |dim

CLIP (ViT-L/14) | 224 24 1024 12 |12 768 12 | 768
CLIP (ViT-G/14) | 224 48 1664 24 (32 1280 24 |1280
BLIP (ViT-L/16) | 224 24 1024 12 (24 768 12 | 256

Backbone

B. Backbone Configurations

Table | summarizes the architectural settings of the back-
bones used in our experiments. For each backbone, we list
the input image size, transformer depth (L), hidden width
(W), and the number of fine-tuned layers (FT-L) for both
visual and textual encoders. The last column (Proj dim) in-
dicates the dimensionality of the shared embedding space
after projection. We adopt partial fine-tuning to maintain
computational efficiency while retaining sufficient adapt-
ability for compositional retrieval tasks.

C. Dataset Details and Complete Results

C.1. Datasets and Evaluation Protocols

FashionIQ [23] contains three categories (Dress, Shirt,
TopTee). Each query pairs a reference image with a mod-
ification text formed by two human-written relative cap-
tions. We follow the Original-Split protocol and report Re-
call@10,50 per category and their average.

CIRR [13] features natural objects and scene compositions,
where each textual modification corresponds to a specific
image pair. Besides overall retrieval, CIRR defines a fine-
grained subset evaluation with visually similar hard nega-
tives. We report overall Recall@1, 5, 10, 50 and subset
Recallgypset @1, 2, 3 using the official online protocol.
CIRCO [1] targets large-scale, real-world composed re-
trieval and provides multiple ground truths per query (avg.
~4.53). Its gallery comprises the full COCO [12] 120K im-
ages, making retrieval significantly more challenging than
CIRR. We use the official validation (220 queries) and test
(800 queries) splits and report mAP@5/10/25/50.
GeneCIS [21] evaluates conditional similarity un-
der four task settings formed by crossing {Focus,
Change} x {Attribute, Object}.  Each task has about
2K queries; for each query, the model retrieves one
ground-truth image from 10-15 visually similar can-
didates constructed from VAW/COCO-Panoptic. @~ We
report Recall@1, 2, 3 for each task and grouped averages



Table 2. Full comparison with state-of-the-art methods on the CIRR test set. Rows shaded in gray correspond to our method, and bold
indicates the best scores among all methods.

Recall@K Recallgypset @K

Method Venue Backbone

K=1 K=5 K=10 K=50 K=1 K=2 K=3
Pic2Word[17] CVPR’23 2390 51.70 65.30 87.80 - - -
SEARLE-XL[1] ICCV’23 2424 5248 6629 88.84 5376 75.01 88.19
Context-I2ZW[19] AAAI'24 25.60 55.10 68.50 89.80 - - -
LinCIR[7] CVPR’24 25.04 5325 66.68 - 57.10 77.40 88.90
KEDs[18] CVPR’24 CLIP 2640 54.80 67.20 89.20 - - -
SlerpTAT[9] ECCV’24 ViT-L/14 3094 5940 70.94 89.18 6470 8292 92.31
PLI[4] ICME’25 26.15 56.82 69.30 89.76 56.22 77.52 89.74
PrediCIR[20] CVPR’25 2720 57.00 70.20 - - - -
HIT[11] ICCV’25 2790 57.60 70.50 90.40 - - -
DiffComp proposed 3236 6290 74.88 9323 6492 8320 91.57
ISA[6] ICLR’24 29.68 58.72 70.79 90.33 - - -
SlerpTAT[9] ECCV’24 BLIP 3398 61.74 7270 8894 6855 85.11 93.21
HIT[11] ICCV’25 ViT-L/16 3690 67.70 79.10 94.70 - - -
DiffComp proposed 39.72 68.64 7942 9543 69.62 8551 93.88

(Focus/Change and Attribute/Object).

C.2. Complete Comparisons.

Result on CIRR. We evaluate DiffComp on the CIRR
benchmark to assess its ability to model fine-grained com-
positional relationships. As summarized in Table 1 of the
main paper, it achieves state-of-the-art performance across
all Recall@K metrics. Under the CLIP-L/14 backbone,
DiffComp surpasses HIT by 4.46% in R@1 and 4.38% in
R@10. Feature-composition approaches, including ours,
consistently outperform pseudo-word methods, demonstrat-
ing stronger compositional generalization. This improve-
ment stems from DiffComp’s ability to explicitly model
structural differences at the super-patch level rather than re-
lying on synthetic token concatenation. Table 2 provides
the full CIRR evaluation, including Recallgypset @K metrics.
SlerpTAT [9] slightly outperforms HIT [11] under CLIP-
L/14, benefiting from its multi-object pseudo-word strategy
and fine-grained visual encoding. However, such pseudo-
word methods rely on indirect token composition, which
often distorts semantic alignment. DiffComp, in contrast,
achieves the best overall and subset results by directly mod-
eling super-patch-level relationships, yielding more faithful
and transferable compositional representations.

Result on GeneCIS. We report averaged Recall@K re-
sults on GeneCIS in Table 3 of the main paper to provide a
compact overview across semantic dimensions. DiffComp
ranks first on Focus and Object averages at both R@1 and
R@2, and achieves the second-best results on Change av-
erages—showing strong robustness across different mod-
ification types. In attribute-centric tasks, DiffComp at-

tains the best Attribute R@1 and competitive Aztribute R@?2
(slightly behind PrediCIR). The complete per-task results
(Focus/Change x Attribute/Object) and grouped averages
are listed in Tab. 3 and 4. These detailed results show that
DiffComp is particularly strong on Focus Attribute and Fo-
cus Object, while maintaining balanced performance across
Change-related subtasks.

D. Evaluation on Larger Backbone Models

To further assess the scalability of DiffComp, we conduct
experiments using a larger backbone, CLIP-ViT-G/14 (de-
noted as CLIP-G). We follow the same training and evalu-
ation protocols as described in the main paper, without in-
troducing any additional supervision or architectural mod-
ification. To balance adaptability and computational effi-
ciency, we fine-tune only the last 24 layers of the 48-layer
visual encoder and the last 24 layers of the 32-layer text
encoder. This design maintains efficiency while preserving
sufficient capacity for compositional reasoning. For CLIP-
G experiments, we fine-tune the models on two NVIDIA
A800 GPUs for 10 epochs with a per-GPU batch size of
64, following the same optimizer and learning rate as in the
base configuration.

As shown in Tab. 5, 6 and 7, DiffComp consistently
improves performance across all benchmarks—FashionlQ,
CIRR, and CIRCO—demonstrating strong scalability and
compatibility with larger vision—language backbones. Even
under this partial fine-tuning setup, DiffComp achieves
substantial gains over recent state-of-the-art methods such
as PrediCIR and LinCIR. These results confirm that our
compositional modules effectively enhance representation
alignment and reasoning ability without full model retrain-



Table 3. Quantitative full results on GeneCIS with CLIP ViT-L/14. ! indicates the results are reproduced from [7]. Rows shaded in gray
correspond to our method, and bold indicates the best scores among all methods.

Focus Attribute Change Attribute Focus Object Change Object
Method Venue
R@1 R@2 R@3 R@]! R@2 R@3 R@! R@2 R@3 R@]! R@2 R@3
Pic2Word' CVPR’23 | 15.65 28.16 38.65 13.87 24.67 33.05 842 18.01 2577 6.68 15.05 24.03
SEARLE' ICCV’23 | 17.00 29.65 40.70 16.38 2528 34.14 7.76 16.68 2531 791 16.84 25.05

Context-I2W  AAAI'24 | 17.20 30.50 41.70 16.40 2830 37.10 870 1790 2690 7.70 16.00 25.40
LinCIR' CVPR’24 | 1690 2995 4145 16.19 2798 36.84 827 1740 2622 740 1571 25.00
PLI ICME’25 | 20.85 3340 43.15 1463 26.14 3546 1255 21.07 30.77 1148 21.68 32.50
PrediCIR CVPR’25 | 1820 3190 42.60 1870 30.40 3540 1270 19.00 3120 16.90 25.50 34.10
DiffComp proposed | 21.55 34.25 44.70 1644 26.52 3693 14.34 25.20 34.08 1545 26.84 37.65

Table 4. Quantitative average results on GeneCIS with CLIP ViT-L/14. T indicates the results are reproduced from [7]. Rows shaded in
gray correspond to our method, and bold indicates the best scores among all methods.

Focus Avg Change Avg Attribute Avg Object Avg
Method Venue
R@! R@2 R@3 R@]! R@2 R@3 R@! R@2 R@3 R@] R@2 R@3
Pic2Word" CVPR’23 | 12.04 23.09 3221 10.28 19.86 2854 1476 2642 3585 755 1653 2490
SEARLE' ICCV’23 | 12.38 23.17 33.01 12.15 21.06 29.60 16.69 2747 3742 7.84 16.76 25.18

Context-I2W  AAAI'24 | 12.95 2420 3430 12.05 22.15 31.25 16.80 2940 3940 820 1695 26.15
LinCIR ' CVPR’24 | 12.59 23.68 33.84 11.80 21.85 3092 1655 2897 39.15 7.84 1656 2561
PLI ICME’25 | 16.70 27.24 3696 13.06 2391 3398 17.74 29.77 3931 12.02 21.38 31.64
PrediCIR CVPR’25 | 1545 2545 3690 17.80 27.95 3475 1845 31.15 39.00 14.80 2225 32.65
DiffComp proposed | 17.95 29.73 39.39 1595 26.68 37.29 19.00 30.39 40.82 14.90 26.02 35.87

ing, achieving both efficiency and generalization when
scaled to larger models.

E. Additional Ablation Studies

This section provides the complete quantitative results cor-
responding to the compact summary in Table 4 of the main
paper. We include the full tables for module combinations,
super-patch size, masking strategy and modeling variants,
as well as the detailed trend of masking ratio.

Effectiveness of the proposed modules We conduct ab-
lation studies on FashionlQ and CIRR to evaluate the
contribution of each core component: Contextual Seman-
tic Super-patch (CSS), Phrase-guided Selective Masking
(PSM), and Difference-aware Composition (DAC). Tab. 8
reports the results across different module configurations.
Row 1 serves as the baseline, using standard ViT patches
with random masking and global linear interpolation, with-
out incorporating any proposed modules. Row 2, which
adds CSS alone, provides strong and consistent improve-
ments across datasets: +0.6% on FashionlQ R@10 and
+1.1% on CIRR R@1. This highlights the benefit of ag-
gregating local patches into semantically coherent units. In
contrast, Row 3 (PSM) yields modest improvements, while
Row 4 (DAC) shows unstable performance, likely due to the
limited semantic granularity of vanilla ViT patches, which
undermines both masking and interpolation effectiveness.

Row 5 (CSS+PSM) and Row 6 (CSS+DAC) achieve fur-
ther substantial gains over Row 2, demonstrating the com-
plementary benefits of PSM and DAC when supported by
a structured semantic representation, where PSM improves
phrase alignment and DAC facilitates more precise seman-
tic integration. Row 7 (PSM+DAC), without CSS, shows
moderate improvements but still underperforms combina-
tions involving CSS, reaffirming the necessity of seman-
tically coherent units. Row 8, our full model that inte-
grates CSS, PSM, and DAC, delivers the best performance
across all metrics. Compared to using the foundational CSS
module alone (Row 2), our full model achieves notable im-
provements of +2.5% on FashionlQ R@10 and +2.9% on
CIRR R@1. These results validate our Differentiate-then-
Compose framework, in which CSS provides a structured
semantic basis, PSM introduces targeted differences, and
DAC reconciles them through adaptive cross-modal com-
position.

Effect of super-patch aggregation variants. Tab. 9 re-
ports the results under different aggregation configurations
in the CSS module. The 1 x 1 setting (i.e., original CLIP
patches) yields the lowest performance, suggesting that al-
though CLIP patches encode strong global semantics, their
lack of local spatial coherence hinders precise correspon-
dence and difference modeling. As the aggregation scale
increases, performance improves steadily up to the 4 x 4



Table 5. Performance comparison using CLIP-ViT-G backbone on the FashionIQ validation set. Bold indicates the best results.

Dress TopTee Shirt Average

Method Venue

R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50
Pic2Word CVPR’23 | 2543 47.65 3524 57.62 33.17 5039 31.28 51.89
SEARLE ICCV’23 | 28.16 50.32 39.83 6145 3646 5535 3481 5571
LinCIR CVPR’24 | 38.08 60.88 5048 71.09 46.76 65.11 45.11 65.70
PrediCIR CVPR’25| 39.70 6240 53.70 73.60 4820 6740 47.20 67.80
DiffComp proposed | 41.30 63.95 54.50 74.70 49.25 67.50 48.35 68.72

Table 6. Performance comparison using CLIP-ViT-G backbone on the CIRR validation set. Bold indicates the best results.

Recall@K Recallgypset @K

Method Venue

K=1 K=5 K=10 K=l K=2 K=3
Pic2Word [17] CVPR’23 | 30.41 58.12 69.23 68.92 8545 93.04
SEARLE [1] ICCV’23 | 3480 64.07 75.11 68.72 84.70 93.23
LinCIR [7] CVPR’24 | 3525 64.72 76.05 63.35 8222 9198
PrediCIR [20] CVPR’25 | 37.00 66.10 77.90 - - -
DiffComp proposed | 38.56 68.25 79.62 69.89 89.05 93.44

Table 7. Performance comparison using CLIP-ViT-G backbone on the CIRCO validation set. Bold indicates the best results.

Method Venue mAP@5 mAP@10 mAP@25 mAP@50
Pic2Word [17] CVPR’23 5.54 5.59 6.60 7.29
SEARLE [1] ICCV’23 13.20 13.85 15.32 16.04
LinCIR [7] CVPR’24 19.71 21.01 23.13 24.18
PrediCIR [20] CVPR’25 23.70 24.60 25.40 26.00
DiffComp proposed 24.43 25.52 26.66 27.31

grid, where moderate spatial grouping encourages the for-
mation of semantically coherent regions while still retain-
ing sufficient fine-grained detail for reasoning. However,
when the grid expands to 8 x 8, the performance begins
to degrade, likely because excessively coarse aggregation
blurs object boundaries and reduces the model’s sensitiv-
ity to subtle local differences. Beyond uniform grid-based
aggregation, we also examine a non-uniform variant based
on K-Means clustering, which adaptively groups spatially
and semantically similar tokens into clusters. This adap-
tive variant achieves slightly higher results on CIRR but
lower on FashionlQ, indicating that while clustering can
capture flexible semantic structures, it may also merge fine-
grained part-level variations into broader clusters, an effect
that is particularly detrimental for fashion images with sub-
tle attribute-level cues. In addition, clustering incurs higher
computational cost and produces clusters with variable sizes
across images. The differing numbers of patches per cluster
make per-cluster local feature extraction difficult to batch
efficiently, reducing training throughput. Overall, these re-
sults suggest that our grid-based super-patch aggregation
provides a favorable balance between semantic abstraction
and spatial consistency, while adaptive clustering, although
conceptually appealing, remains computationally demand-

ing and less convenient for large-scale training with fixed-
length inputs.

Analysis of masking strategies and modeling ap-
proaches. We analyze three key design factors in the PSM
module: masking strategy, mask probability modeling,
and textual guidance granularity. Tab. 10 presents the
ablation results on the FashionIQ validation set. First,
among masking strategies, random masking and cropping
underperform, whereas visually guided masking achieves
stronger results. Random masking, as the baseline, achieves
30.8% R@10. Random cropping performs slightly worse
(29.8%) due to its lack of semantic selectivity, often dis-
carding regions relevant to phrase modifications. CAM-
based masking shows more reasonable effectiveness by em-
phasizing visually salient, class-discriminative areas, im-
proving R@10 to 31.2%. However, since it is guided purely
by visual saliency, CAM-based regions may not always
align with phrase-level textual cues, which limits its pre-
cision in fine-grained correspondence. Overall, structured
and visually guided masking performs better than heuris-
tic random strategies, but its lack of explicit text ground-
ing constrains performance in cross-modal alignment. Sec-
ond, we compare different masking modeling approaches.
Hard Binary modeling makes discrete selections, simpli-



Table 8. Ablation study on FashionIQ and CIRR of three key mod-
ules: CSS, PSM, and DAC. Note that ‘v’ in tables means retaining
it otherwise removing.

Components  FashionlQ CIRR
CSSPSMDACR@10R@50R@1 R@5R@10

29.5 49.7 284 58.6 704
v 30.1 509 295 612 727
v 29.8 50.2 28.9 60.5 71.9
v 293 504 29.6 59.8 723
31.2 52.0 304 613 72.6
30.8 523 31.0 61.8 732
30.7 51.5 299 60.7 72.8
32.6 539 32.4 629 749

v
v
v v
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Table 9. Impact of different super-patch aggregation variants in
CSS on performance.

FashionlQ CIRR CIRCO
R@10R@50R@1 R@5R@10 mAP@5

grid1x1 30.7 51.5 299 60.3 72.8 11.8
grid2x2 319 522 315 614 723 147
grid4x4 32.6 539 324 629 749 162
grid 8x8 29.6 494 29.7 584 69.2 138
clustering 31.6 52.7 32.8 61.8 73.5 155

Variant

fying decision-making but preventing gradient flow, which
hinders optimization and leads to weaker results. Soft Sig-
moid enables continuous gradients but retains partial infor-
mation from most regions, reducing the model’s ability to
focus on truly distinctive differences. Gumbel-Softmax pro-
vides a differentiable approximation to discrete sampling
but may introduce stochastic noise. In our implementation,
we integrate Gumbel-Softmax with a straight-through esti-
mator, allowing discrete decisions during the forward pass
and stable gradients during backpropagation, which effec-
tively supports region suppression and yields the best per-
formance. Finally, we examine the impact of textual gran-
ularity on mask generation. Noun-level guidance focuses
primarily on object entities and often overlooks contextual
cues such as attributes or relationships, resulting in lim-
ited semantic coverage (30.9% R@10). Sentence-level de-
scriptions offer broader contextual information but can in-
troduce unnecessary noise and mismatch the localized na-
ture of visual phrases (31.6% R@10). Phrase-level guid-
ance provides a balanced middle ground, being sufficiently
rich to capture modification intent while maintaining spatial
precision, and achieves the highest performance of 32.6%.
These results confirm the effectiveness of phrase-level su-
pervision as an intermediate semantic unit for fine-grained
vision—language alignment.

Effect of masking ratio. To investigate the influence of

Table 10. Ablation study of different mask generation variants and
modeling approaches on FashionlQ validation set.

Category Method R@10

Dress TopTee Shirt Avg
Random Mask 254 340 32.630.8

g{f;timg Random Cropping 24.1 33.2 32.129.8
& CAM-based 258 348 33.031.2
Maskin Hard Binary 24.8 335 322302
Modellif Soft Sigmoid 26.0 348 335314
£ Gumbel-Softmax 26.8 354 34.232.1

Text Noun-level 254 340 33.930.9
Granularity Sentence-level 25.7 349 34.131.6
Ours PSM 27.0 36.1 34.8 32.6

masking strength, we vary the target masking ratio p in
Eq. (20) from 0.1 to 0.9 during training. As shown in
Fig. 1, model performance on the CIRCO test set exhibits a
rise—then—decline pattern, reaching the best results around
p = 0.7 (e.g.,, 31% R@1 and 67.5% R@50). At low
masking ratios (0.1-0.3), most visual content remains in-
tact, yielding limited visual-textual discrepancy and leading
to trivial contrastive learning signals. As the ratio increases
(0.6-0.7), more text-relevant regions are masked out, intro-
ducing stronger cross-modal contrast and encouraging the
model to rely on complementary textual cues, thereby im-
proving alignment and compositional reasoning. However,
when the masking ratio exceeds 0.8, excessive suppression
of visual content disrupts structural cues and weakens dis-
criminative capacity. The resulting representation becomes
overly text-biased, impairing its ability to match the target
image and causing a noticeable performance drop.

Effect of composition control parameters. Fig. 2 illus-
trates the effects of two control parameters in DAC, cupyge
and ), on FashionIQ and CIRCO benchmarks. As shown in
the left panel, performance improves consistently as cupyge
increases, peaking around 0.8. This suggests that while tex-
tual guidance is crucial for effective composition, retain-
ing a moderate proportion of visual features helps preserve
spatial grounding and complementary semantics. When
apase approaches 1.0 (i.e., relying purely on text), perfor-
mance declines, confirming that overemphasizing textual
cues weakens multimodal balance. In the right panel, vary-
ing A adjusts the weighting between global and local visual
representations. Using only global features (A = 0) already
provides a strong baseline, whereas relying exclusively on
local super-patch features (A = 1) leads to a noticeable drop
due to the loss of holistic structure. Empirically, setting A
around 0.4 yields stable and competitive performance, sug-
gesting that the global context plays a dominant role in com-
position, while incorporating local cues offers complemen-
tary refinements without disrupting global coherence.
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Figure 1. Effect of mask ratio on Recall@k using CLIP-ViT-L/14
on CIRCO test set. Evaluation based on first annotated ground
truth per query.
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Figure 2. Impact of DAC hyperparameters apase and A on re-
trieval performance. Optimal values balance visual grounding and
global-local feature fusion.

F. Additional Visualization and Analysis

In this section, we provide additional qualitative and distri-
butional analysis to better illustrate how our Phrase-guided
Selective Masking (PSM) and Discrepancy-Aware Compo-
sition (DAC) jointly shape the learning dynamics of Dif-
fComp. We begin by examining how PSM constructs dis-
crepancy at the super-patch level, followed by an analysis of
how such perturbations reshape the global image—text con-
sistency distribution. We then present extended visualiza-
tions of inference-time behavior across CIRR, CIRCO, and
FashionlQ benchmarks.

F.1. Visualization of Phrase-guided Masking

PSM evaluates the relevance of each super-patch with re-
spect to the modification phrase and assigns a masking
probability accordingly. As shown in Figure 3, the high-
est probabilities (dark regions) consistently align with re-
gions semantically tied to the modifying phrase—such as
the ball and tackling player in action-oriented examples,
or fine-grained garment regions for attribute-level descrip-
tions. Masking these phrase-aligned regions deliberately
injects semantic discrepancy, forcing DAC to reason over
the remaining evidence and encouraging robust difference-
aware representation learning. This mechanism is central to
reducing shortcut behavior and improving generalization to

ZS-CIR scenarios.

F.2. Image-text consistency distributions.

To better understand how PSM reshapes the training sig-
nal, we analyze the cosine similarity between image and
text embeddings under three types of pairs, as shown in
Figure 4. First, the original CC3M training pairs (Train
(Aligned)) exhibit relatively high similarity, indicating that
most captions closely match their images. Second, zero-
shot composed retrieval benchmarks (7est (ZS-CIR), aggre-
gating CIRR, CIRCO, and FashionlQ) naturally lie in a
lower-similarity regime because the composed query ex-
plicitly describes a different target image. This mismatch
introduces a structural distribution gap between training and
inference. Third, when the CC3M images are perturbed by
PSM and paired with the same texts (Train (PSM-masked)),
the resulting similarity distribution shifts leftwards and
nearly matches the inference regime. This demonstrates
that PSM effectively constructs discrepancy-aware training
pairs whose consistency resembles that of real composed
queries, thereby narrowing the train-test gap and stabilizing
the optimization of DAC.

F.3. Inference-time visual modulation.

To further illustrate how DiffComp adjusts visual retention
under various compositional scenarios, Figure 5 presents
additional examples from both object/scene-level (CIRR)
and attribute-level (FashionlQ) benchmarks. For CIRR,
generic prompts such as “human and wild animal interac-
tion” yield balanced emphasis across subjects, whereas con-
trastive or role-switching modifiers (e.g. “instead of man” or
“posing for camera”) produce strong, localized modulation.
For FashionlQ, concrete attributes (e.g. “gray designs” or
“collar”) lead to sharply localized retention, while abstract
descriptions (e.g. “more casual”) induce broader structural
adjustments. These examples confirm that DiffComp dy-
namically adapts its interpolation strength according to se-
mantic intent, supporting generalizable, fine-grained com-
positional reasoning across visual and textual modalities.

Discussion. PSM is used during training to intentionally
construct image-text discrepancy in a phrase-guided man-
ner. For concrete semantics with clear visual correspon-
dences, it produces focused masking patterns that perturb
aligned training pairs and highlight phrase-relevant differ-
ences. For more abstract or higher-level semantics, the
behavior depends on how the meaning manifests visually.
Some abstract semantics can still be grounded in identifi-
able cues (e.g., “a warmer atmosphere” conveyed through
lighting or contextual objects), allowing PSM to generate
meaningful relevance signals. For abstract semantics that
cannot be associated with any specific spatial region, the
masking probabilities naturally become more diffuse be-



football player gets away from
a tackle

football player during the talks with the player during
match their match

baseball player hits a game-
winning home run.

o

happy successful girl working
on laptop outdoors in cafe and
answering the call

person struggling with the
heavy pumpkin he picked on
Tuesday

woman walking the dog and
talking on the phone.

persoh sends the ball over in
the second game on Tuesday.

, -
sell your house this winter
by person

conservatory and borders in
the flower garden in July.

a bedroom with a queen sized
bed & plush pillows.

large hay bale with a mountain
view on a winter day

Figure 3. Visualization of phrase-guided masking probabilities produced by PSM on CC3M training images. Darker super-patches corre-
spond to higher masking probability, indicating stronger alignment between the super-patch and the modification phrase. By intentionally
masking these phrase-relevant regions, PSM breaks the strong alignment in original CC3M pairs and synthesizes controlled image—text
discrepancy for training. DAC subsequently reconciles this discrepancy, guiding the model toward modification-centric visual reasoning

rather than trivially copying aligned content.
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Figure 4. Image-text cosine similarity distributions under dif-
ferent pair constructions. Train (Aligned) denotes the origi-
nal CC3M training pairs. Test (ZS-CIR) aggregates composed
queries from the CIRR, CIRCO, and FashionlQ benchmarks at
inference time. Train (PSM-masked) measures the similarity be-
tween PSM-masked images and their corresponding texts right be-
fore the DAC module. PSM shifts the training distribution from
the highly aligned regime (e.g. mean p~0.24) towards the harder
ZS-CIR regime (e.g. i+ =~ 0.17), producing perturbed pairs (e.g.
1~0.18) that closely match the test distribution. This reduces the
train-test consistency gap and provides more informative supervi-
sion for learning discrepancy-aware composition.

cause the semantics are expressed at a global rather than lo-
calized level. This reduced spatial selectivity does not hin-

der the method, because PSM serves primarily as a mecha-
nism to induce discrepancy during training, while the core
compositional reasoning is handled by DAC. Abstract se-
mantics in ZS-CIR also rely on global, rather than localized,
differences. In such scenarios, DAC integrates these global
shifts by comparing the full visual feature field with the tar-
get representation implied by the text. Consequently, Diff-
Comp can accommodate abstract semantics through global
feature adjustments while still benefiting from localized
perturbations when the semantics are concrete.

G. Discussion of DiffComp’s Innovations

A central challenge in zero-shot composed image retrieval
(ZS-CIR) is the training-inference gap: during training,
only aligned image-caption pairs are available, whereas in-
ference requires composing a reference image with a modi-
fication text to retrieve a semantically different target. Sev-
eral recent methods attempt to bridge this gap by introduc-
ing visual perturbations, but they differ substantially in how
discrepancies are constructed and resolved. We provide an
extended analysis of DiffComp’s design philosophy and its
distinctions from prior work.

The Differentiate-then-Compose Paradigm. PLI [4] ap-
plies random binary masks to image patches, and Predi-
CIR [20] performs random cropping with a reconstruction-
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Figure 5. Visualization of (1 —«;) under different modification texts and corresponding retrieval results. Darker super-patches indicate
stronger visual retention. Text segments in blue denote the semantic components that most strongly influence visual preservation. For
instance, in (b), the phrase “instead of man” suppresses the human region while emphasizing the animal, illustrating text-driven spatial

modulation.

based predictor. Both produce perturbations agnostic to the
text, so models are trained to recover missing visual infor-
mation generally rather than to reason about specific tex-
tual modifications. Moreover, PrediCIR’s predictor is com-
putationally heavy and lacks mechanisms to explicitly re-
solve conflicts between text and visual regions. DiffComp
shifts this formulation. Phrase-guided Selective Masking
(PSM) leverages phrase-level textual guidance to mask the
most text-aligned image regions, creating controlled, text-
grounded discrepancies that simulate compositional modi-
fications encountered at inference. Difference-Aware Com-
position (DAC) resolves these discrepancies via hierarchi-
cal feature modulation: it anchors valid visual content, sup-
presses conflicting cues, and injects textual semantics pre-
cisely where visual information has been removed. This
tightly coupled loop distinguishes DiffComp from prior
perturbation-recovery pipelines that lack both text ground-
ing and spatial adaptivity. Trained on only 10% of CC3M
for 4 hours, DiffComp outperforms PrediCIR (28h full
dataset) on FashionlQ R@10 (32.6 vs. 30.1) and CIRR
R@1 (32.4 vs. 27.2).

CSS: Semantic Coherence as a Foundation. Contextual
Semantic Super-patch (CSS) provides semantically coher-
ent visual units that serve as the foundation for difference
induction in PSM and localized perception in DAC. Patch-
level approaches such as LAPs [28] operate on fragmented
ViT tokens, leading to quadratic complexity and lacking
spatial coherence for phrase-level grounding. CSS groups
adjacent patches into super-patches and encodes them ef-
ficiently in parallel, incurring only 7% training overhead
with ViT-L/14 (Sec. A). Non-grid alternatives including K-
Means clustering and CAM-based grouping increase com-
putational cost without improving performance (Tab. 9), as
clustering produces variable-sized groups that are difficult

to batch and CAM produces image- or caption-level activa-
tion maps rather than phrase-level correspondences, limit-
ing its ability to guide fine-grained masking.

PSM: Text-Guided Discrepancy Construction. PSM de-
liberately masks the most text-aligned visual regions to in-
duce semantic-grounded discrepancies that mirror inference
conditions. As visualized in Fig. 4, PSM shifts the train-
ing similarity distribution from the highly aligned regime of
CC3M pairs (p = 0.24) toward the lower-similarity regime
characteristic of ZS-CIR benchmarks (¢4 ~ 0.17), produc-
ing perturbed pairs (u ~ 0.18) that effectively narrow the
train-test gap. For concrete phrases with clear visual cor-
respondences, masking is focused. For abstract or global
semantics, masking becomes diffuse, and DAC (as detailed
below) models holistic discrepancies, ensuring DiffComp
accommodates both localized attribute changes and broader
stylistic modifications.

DAC: Spatially Adaptive Composition. Existing compo-
sition strategies vary in fusion granularity and difference
awareness. SlerpTAT [9] applies a single global interpola-
tion weight, ignoring spatial heterogeneity. HIT [11] fuses
tokens in a discrepancy-agnostic manner, and PLI relies on
global feature arithmetic with uniform weighting. DAC
addresses these limitations by weighting fusion according
to measured cross-modal differences. At the super-patch
level, it assigns stronger textual weights to regions where
visual content has been suppressed and weaker weights
to preserved regions. At the global level, DAC captures
holistic distributional shifts to complement localized adjust-
ments, enabling both fine-grained attribute modifications
and broader structural changes within a unified framework.

Module Synergy and Generalization. DiffComp’s gains
arise from the tight integration of CSS, PSM, and DAC.
PSM constructs controlled semantic discrepancies, DAC re-



solves them adaptively, and CSS provides a structured se-
mantic basis. This synergy allows robust compositional rea-
soning with minimal overhead: CSS adds only 7% training
cost with ViT-L/14, and DAC scales linearly. These in-
novations generalize across backbones and datasets. Diff-
Comp consistently outperforms strong baselines on CLIP-
L/14, BLIP-L/16, and CLIP-G/14, and across FashionIQ,
CIRR, CIRCO, and GeneCIS, showing that the observed
gains stem from difference-aware composition rather than
backbone scaling. This combination of paradigm-level nov-
elty, module-level synergy, and empirical validation estab-
lishes DiffComp as a robust and efficient framework for
zero-shot composed image retrieval.

H. Extended Discussion of Related Work
H.1. Zero-shot Composed Image Retrieval

Recently, CIR models have been trained solely on large-
scale image—caption pairs or unlabeled images, enabling
the zero-shot setting. A common strategy reformulates the
retrieval task as text-to-image retrieval through visual-to-
linguistic transformation. Methods such as [6, 17, 19] im-
plicitly transform visual inputs into pseudo-word tokens via
a learned mapping network, which are then concatenated
with the modification text to form the composed query. To
improve pseudo-word quality, some methods incorporate
pre-mapping modules, such as extracting context-aware to-
kens [19] or filtering redundant regions. Others [6, 1] gen-
erate multiple pseudo-words to capture fine-grained details.
Alternatively, LLM-based approaches [26, 27] reformulate
CIR as a natural language inference task, where the refer-
ence image is described in natural language and combined
with the modification text to form prompts for LLMs, which
then generate the target image descriptions for retrieval.
Despite promising zero-shot generalization, such language-
driven paradigms depend heavily on external models and
text generation quality. Our DiffComp avoids these limita-
tions by operating directly in the feature space, modeling
visual and textual discrepancies without auxiliary supervi-
sion or language generation.

H.2. Vision-Language Models for Fine-Grained Un-
derstanding

Vision-language models (VLMs) such as CLIP [16] have
been widely adopted in zero-shot composed image retrieval
(ZS-CIR) [11, 17, 19], owing to their strong cross-modal
alignment and generalization capability. However, CLIP-
style representations are inherently global, prioritizing over-
all scene semantics while underrepresenting localized struc-
tures [3, 5, 14, 24]. This weakness hinders the ability to
reason about region-specific modifications, which is crucial
in CIR tasks. Several efforts [14, 28] attempt to strengthen
local alignment by associating vision patches with text to-

kens, but these methods typically require retraining large
backbones and suffer from high computational cost. Our
CSS module addresses this by grouping adjacent patches
into semantic super-patches, enabling fine-grained compo-
sition while maintaining efficiency and compatibility with
existing VLMs.

H.3. Masking Modeling in Vision-Language Pre-
training

Masked Image Modeling (MIM) has emerged as a funda-
mental paradigm for visual pretraining, as demonstrated
by MAE [8] and BEiT [2]. These approaches improve
data efficiency and representation quality by reconstructing
masked image regions. Inspired by this, masking strate-
gies have also been extended to vision-language pretrain-
ing (VLP). For instance, FLIP [10] adopts random patch
masking to accelerate training; A-CLIP [25] uses attention-
based masking to retain patches most relevant to the text;
E-CLIP [22] applies clustering-based masking to preserve
structural visual information; and CLIP-PGS [15] integrates
edge detection to protect object contours. While these
approaches improve image—text alignment and efficiency,
most of them emphasize preserving alignment rather than
exploring misalignment cues that are crucial for compo-
sitional reasoning. Our Phrase-guided Selective Masking
(PSM) differs by explicitly modeling semantic discrepancy:
it leverages phrase-level textual guidance to mask image
regions most relevant to the modification, thereby induc-
ing cross-modal contrast and enabling the model to learn
discrepancy-aware compositional features.
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