MA-CIR: A Multimodal Arithmetic Benchmark for Composed Image Retrieval

Supplementary Material

Al. More Examples

We provide additional examples of hard negatives for the
color and left-right categories in Fig. A1 and Fig. A2, respec-
tively.

We include examples for the replacement and addition
arithmetic types (omitted in Fig. 4) in Fig. A3 and Fig. A4.
As mentioned in Section 4, we omit the addition cases for
the spatial reasoning and size categories, as these cases rely
on semantic relations defined between two objects. In these
cases, as shown in Fig. A4, the conditioning text (such as “is
ahead of” or “behind” for spatial reasoning, and “the bigger”
or “the smaller” for size) cannot be effectively represented in
an image with an empty background, as the relative location
and size of objects cannot be clearly defined.
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Figure Al. Examples of hard negatives in MA-CIR with “color”
category
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y

Figure A2. Examples of hard negatives in MA-CIR with “left-
right” category

Al.1. Examples of human evaluation.

As shown in Fig. A5, we incorporate the instructions and
examples used in human evaluation for MA-CIR. Each eval-
uator assesses whether the reference image, conditioning

text, and target image are appropriately composed based on
the specified composition and condition types and whether
the generated image is reasonable to recognize the corre-
sponding composition or condition types.

A2. Additional Details and Results
A2.1. Results on backbone size and type

We assess the impact of backbone size and type with various
methods. As verified in Sec. 6, simply using different back-
bones has only a marginal impact. The entire results for Fig.
5 and Fig. 6 are also included here.

Table Al. Impact of fine-tuned backbone types. (Neg-CLIP and
FSC-CLIP)

Method Size |LR TB SR S AC C OR NO|Avg
LinCIR [6] 19.4 22.6 21.7 17.3 23.6 21.8 16.1 16.4{19.9
LinCIR [6] + Neg [19]| ViT-B/32|24.6 25.1 10.6 19.6 22.7 23.5 20.7 23.1|21.2
LinCIR [6] + FSC [14] 25.0 24.7 20.5 24.4 28.9 23.8 17.5 20.9|23.2

LinCIR [6] 21.4 27.6 18.6 20.2 25.2 26.9 21.8 25.0|23.3
LinCIR [6] + FSC [14] 24.6 30.9 28.0 21.4 31.4 21.4 14.7 20.2|24.1

Slerp [7] 23.0 18.5 21.7 20.8 28.1 22.4 14.0 16.4|20.6
Slerp [7] + Neg [19] |ViT-B/32|23.4 28.4 23.6 22.0 28.9 21.4 13.0 17.9|22.3
Slerp [7] + FSC [14] 24.6 28.0 29.8 28.0 31.8 19.7 14.7 17.5|24.3

Slerp [7] 23.0 18.5 21.7 20.8 28.1 22.4 14.0 16.4|20.6
Slerp [7] + FSC [14] 31.8 32.1 24.2 23.8 29.3 21.8 15.1 18.7|24.6

ViT-L/14

ViT-L/14 ‘

Table A2. Impact of backbone sizes (ViT-B/32, ViT-L/14, ViT-
G/14).

Method | Size |[LR TB SR S AC C OR NO|Avg

ViT-B/32{19.4 22.6 21.7 17.3 23.6 21.8 16.1 16.4|19.9
ViT-B/16(23.0 25.1 21.7 25.6 25.6 23.1 19.0 19.8|22.9
ViT-L/14|21.4 27.6 18.6 20.2 25.2 26.9 21.8 25.0{23.3
ViT-H/14|29.0 25.5 16.2 22.0 24.0 20.8 20.4 23.1|22.6
ViT-G/14|21.4 23.1 18.0 17.3 31.0 22.5 26.3 23.9|22.9

ViT-B/32(16.7 25.1 21.7 23.2 31.0 20.1 16.5 15.3|21.2
ViT-B/16(22.6 20.6 21.7 22.0 26.9 18.7 15.4 14.9|20.7
ViT-L/14|23.0 18.5 21.7 20.8 28.1 22.5 14.0 16.4|20.6
ViT-H/14|26.6 23.9 22.4 21.4 29.3 22.5 19.0 16.4|22.6
ViT-G/14|23.0 21.4 28.6 22.0 28.5 19.7 16.1 13.1|21.6

ViT-B/32(28.6 17.3 23.0 37.5 24.4 38.4 29.8 35.1|29.3
ViT-L/14|30.4 24.7 20.7 30.6 21.4 32.3 19.3 23.1|25.3
ViT-G/14|32.1 21.8 25.5 39.9 30.2 42.9 31.9 34.3|32.3

ViT-B/32(36.1 32.1 27.3 30.4 26.9 33.3 10.9 19.4|27.0
ViT-L/14|35.7 34.6 30.4 28.0 31.0 38.4 14.0 19.8(29.0

ViT-L/14|28.2 29.6 25.5 32.7 31.0 31.6 15.8 22.4|27.1
ViT-G/14|25.0 35.4 28.6 28.6 34.7 27.9 13.0 24.3|27.2

LinCIR [6]

Slerp [7]

CIReVL [9]

MagicLens [20]

SPRC [1]

A2.2. Results on additional baselines (MCL [10]
and CoVR [18])

In Tab. A3, we additionally evaluate two baselines trained
on synthetic CIR triplets: CoVR fine-tunes BLIP backbones,
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Alternate a left cup with a teapot Alternate the top weapon with a gun Substitute the animal that is ahead of the other one with a car

Interchange a right cup with a teapot _Modify the bottom weapon into a gun Interchange the animal that is located behind with a car Overwrite the celebratory arrangement
n ~ = ~ placed on the podium, typically used for
d. Color e. Size / f. Action P orasag of

apprec:atlon with a trophy

Adjust the audio device used to amplify
the speaker’s voice during the

change the red dice to green Reassign the bigger one to a pig Displace an animal that is Iymg down with a leopard presentation to a trophy
change the blue dice to pink Exchange the smaller one for a pig Rep/ace an animal that is standing upright with a leopard

Figure A3. Examples of “replacement” arithmetic type for each category are mcluded

a. Left right b. Top bottom c. Spatial reasoning / g. Object reasoning )
: u uu )
Supplement a cup in the left side Add the weapon at the top
Put a cup in the right side Include the weapon at the bottom
. . = Incorporate the celebratory arrangement
/ d. Color f. Action placed' on the podium, typically used for
P! orasag of
apprec:atron.

Embed the audio device used to amplify
the speaker’s voice during the

Put a dog that is lying down on the grass presentation.
Enclose a dog that is standing upright

Add a red one
Append a blue one

Figure A4. Examples of “addition” arithmetic type for each category are included.

Welcome to the Human Evaluation Task
In this task, you will evaluate triplets consisting of a reference image, conditioning text, and a target image.
Each triplet represents a relationship where: reference image + conditioning text = target image.

Your role is to assess the appropriateness of these triplets, ensuring that the conditioning text aligns with the reference/target images and that the images themselves are suitable.

Correct Example:

Reference Image: Target Image:

W
L

v

Conditioning Text: Change the table that has an item placed on it with a chair.

Incorrect Example:

Reference Image: Target Image:

Conditioning Text: Get rid of the right giraffe.

Click the "Start" button when you are ready to begin.

Start

Figure AS. Instructions for human evaluation.
Method [LR[TB[SR| S [ A | C [OR[NO |Avg

while MCL trains adapter modules atop a frozen LLM. Con- CoVR [18]]18.7]25.9/18.0/19.0|34.3|24.8/16.5|17.4|21.8
sistent with our main results, both show limited performance MCL [10] [20.6]23.0|24.222.0|32.6|31.3|14.7|19.4|23.5
on MA-CIR, suggesting a possible need for more carefully Table A3. Additional baselines for MA-CIR

designed synthetic datasets and LLM adaptation.



Table A4. More results on E5-V and “Ours”

Method MA-CIR CIRCO | CIRR FashionIQ
LR TB SR S A C OR NO Avg |mAP@5| R@] R@10 R@50

E5-V [8] (official repo)| 40.1 30.9 26.1 26.8 40.1 41.8 31.6 34.7 34.0 20.5 339 31.8 53.8
E5-V [8] (reproduced)| 38.4 28.8 21.3 25.7 353 43.2 323 343 324 17.6 30.9 28.4 49.1

Ours 47.7 37.8 41.6 56.9 46.6 58.6 41.7 57.2 48.5 26.5 36.8 29.6 50.8
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Figure A6. Generation pipeline.

A2.3. Implementation details on our adaptation.

We use LLaVA-NeXT-8B [12], built on LLaMA-3 8B, with
a frozen ViT-L/14 as the visual encoder. The LLM of LLaVA
is fine-tuned for up to 2000 iterations with a batch size of
64 using a singla A100 Gpu. The best validation model for
CIRR R@1 score (val split) is chosen following [6]. We em-
ploy QLoRA and gradient checkpointing with DeepSpeed
ZeRO-2 for efficient training. The training prompt follows
the format: “[7}.] that modifies this image with [7.]. De-
scribe the modified image in one word: . The prompt for
generating our text triplets is described in Fig. A7. Since
the training environment of the original E5-V model may
differ from ours, we reproduce ES-V under our setup. Due
to the high variance observed in reproducing E5-V, we re-
port the average results over twelve runs for both “E5-V
(reproduced)” and “Ours”. “E5-V (official repo)” refers to a
single-run result. As shown in Tab. A4, “Ours” consistenly
and signifcantly outperforms both “E5-V (reproduced)” and
“E5-V (official repo)”. While “Ours” slightly underperforms
the official E5-V on FashionlQ, it surpasses the fairly re-
produced E5-V under identical settings, demonstrating the
effectiveness of our simple remedy.

A2.4. Results for each arithmetic type in Tab. 1

We provide detailed results for each arithmetic type listed in
Tab. 1. All hard negatives are included in the evaluation as
in Tab. 1; however, the results are measured separately for
each arithmetic type. Note that the difference with results in
Tab. 2 is that all hard negatives are included in Tab. A5. As
explained in the Sec. 6, existing methods struggle more with
negation and replacement arithmetic types compared to the
addition type.

A2.5. Few-shot learning.

We apply few-shot fine-tuning to LinCIR, SEARLE, and
Bi-Blip4CIR on MA-CIR, updating all network parameters,
including CLIP backbones and projection module (or fusion
module). We use a batch-based contrastive loss function,
where the bi-modal query embedding g; and its correspond-
ing target image embedding v; are paired for contrastive
learning:
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Table AS. Detailed results for Tab. 1. N, R, A denotes an arithmetic types: Negation, Replacement, Addition, respectively. “Avg” value in
Tab. 1 may differ slightly from the one shown here, as the average is computed over the metrics available in each respective table.

Left Top Spatial Size Action Color Object Naive
Method Right Bottom Reasoning Reasoning Object Avg
N R AN R AN R AN R A|N R AN R A|N R A|N R A
(a) Zero-shot
Text-only 3.6 238 6.0 |58 228 11.5/25 338 - |00 179 - |8.6 29.6 28.8/0.0 7.3 147/{0.0 3.6 9.7|0.0 6.2 103|11.2
Image-only 7.1 00 7.1(93 00 51(Il.1 25 - |95 12 - |74 00 10.0|7.8 17.4 221|159 1.2 248|156 1.2 24.7|9.1
Image+Text 7.1 24 10.7{10.5 1.3 9.0 (124 25 - [119 3.6 - |124 1.2 162|44 248 34.7|9.1 24 425|7.8 2.5 423|123
Slerp [7] 19.1 345 15.5/11.6 26.6 18.0{13.6 30.0 - |7.1 345 - [13.6 30.9 40.0{ 1.1 30.3 33.7{ 1.1 8.3 28.3|2.2 13.6 32.0{20.3
Slerp+TAT [7] [20.2 42.9 20.2{16.3 32.9 32.1|13.6 37.5 - |8.3 357 - |[18.5 28.445.0(2.2 26.6 47.4/ 0.0 9.5 25.7[2.2 9.9 41.2(23.5
Pic2Word [16] | 9.5 31.0 21.4|17.4 31.7 20.5/ 8.6 250 - |7.1 274 - |11.1 259 40.0| 2.2 38.5 49.5| 6.8 13.1 41.6/ 5.6 13.6 46.4|22.5
SEARLE [3] [20.2 25.0 22.6{23.3 29.1 26.9|17.3 21.2 - |15521.4 - |14.8 23.545.0/2.2 26.6 45.3| 2.3 14.3 33.6/ 5.6 13.6 40.2|122.2
LinCIR [6] 14.3 26.2 23.8(25.6 25.3 32.1{12.4 25.0 - |[13.1 274 - |8.6 24.7425|3.3 27.5484| 1.1 143 43.4|5.6 14.8 51.5|23.2
FTI4CIR [11] |15.5 23.8 23.8|24.4 342 28.2|8.6 27.5 - |9.5 250 - |[18.5222 56.2|7.8 33.0 55.8/2.3 10.7 50.4| 2.2 8.6 50.5(24.5
Context-I2W [17]] 8.3 25.0 20.2|18.6 32.9 20.5|12.4 28.8 - | 6.0 25.0 - |13.6 28.4 43.8| 3.3 31.2 46.3| 2.3 14.3 31.9| 3.3 124 443|21.5
LinCIR+RTD [4]|14.3 26.2 29.8|17.4 34.2 33.3|11.1 33.8 - |15529.8 - |99 24.7 53.8/ 6.7 44.0 55.8| 3.4 21.4 41.6|12.2 23.5 53.6|27.1
CIReVL [9] |32.1 429 13.1|24.4 30.4 5.1 {222 31.2 - |31.0 464 - |22.2 247 31.2{33.3 46.8 38.917.0 26.2 33.6|24.4 40.7 37.1|29.8
E5-V [8] 45.6 32.9 36.7|21.6 30.1 35.6/20.3 22.3 - |18.2 332 - |[18.3 184 69.5(17.8 46.6 63.4[11.6 8.8 65.9[19.0 13.2 66.1{32.5
Ours 70.7 37.3 34.9/40.6 38.0 34.6/43.7 39.5 - [63.3 50.5 - |[44.1 30.0 65.9(55.4 58.0 62.5(42.1 19.8 57.5(62.3 36.7 69.4(48.0
(b) Supervised CIR
Combiner [2] |48 24 95|7.0 2.5 14.1|11.1 25 - |7.1 48 - [11.1 1.2 16.2|44 248 29.5[12.5 24 37.2{12.2 2.5 33.0({11.5
Bi-Blip4CIR [13](19.0 35.7 22.6|15.1 26.6 20.5|12.3 16.2 - |17.9 274 - |17.3 17.3 46.3]20.0 36.7 44.2| 5.7 14.3 39.8|14.4 16.0 41.2|23.9
SPRC [15] 33.3 35.7 15.5(33.7 38.0 16.7(17.3 33.8 - (22.6 429 - |12.4 21.0 60.0|12.2 33.0 48.4| 6.8 15.5 23.0|11.1 17.3 37.1|26.7
(c) Synthetic data-based CIR
Compodiff [5] [13.1 22.6 16.7{11.6 34.2 19.2/19.8 30.0 - [9.5 31.0 - [9.9 284 32.5/3.3 45.0 28.4| 8.0 19.1 31.0| 6.7 22.2 41.2{22.0
MagicLens [20] |44.1 41.7 21.4|34.9 41.8 26.9|129.6 31.2 - |21.4 345 - |12.4 30.9 50.0{15.6 44.0 53.7| 3.4 7.1 27.4{10.0 7.4 39.2|28.6

Table A6. Few-shot learning with SEARLE, LinCIR, and Bi-
Blip4CIR.

Method
SEARLE [3]
+Few-shot FT
LinCIR [6]
+Few-shot FT
Bi-Blip4CIR [13]
+Few-shot FT

LR TB SR S AC C OR NO
22.6 26.3 19.3 18.5 27.7 25.2 18.3 20.5
22.6 25.1 18.0 20.2 22.7 28.9 23.5 25.4
21.4 27.6 18.6 20.2 25.2 26.9 21.8 20.5
17.5 24.7 149 17.3 25.6 25.9 20.4 22.0
25.8 20.6 14.3 22.6 26.9 34.0 21.8 24.6
27.0 22.6 16.8 27.4 26.4 32.3 20.0 23.5

Avg
22.3
23.3
23.3
21.0
23.8
24.5

where c(+, -) denotes the cosine similarity, B is the batch size,
and 7 is a temperature. Here, the bi-modal query embedding
is obtained using the prompt “a photo of [$] that
[T.17, and [$] is the projected text token embedding of I,
with the projection module. Both the reference and target
image embeddings are obtained using the same visual en-
coder. Although LinCIR was originally trained on text-only
data, we fine-tune it using MA-CIR triplets (which include
images), following the same protocol as other methods. The
small-scale training MA-CIR sets (10-64 samples), which do
not overlap with the evaluation set, are used for fine-tuning.
We follow the default training setup for Bi-BLIP4CIR. For
LinCIR and SEARLE, we set the learning rate to 1le — 5

when updating all modules, including the text encoder, im-
age encoder, and projection module. The maximum number
of training iterations is set to 50 for all methods. In Ta-
ble A6, all results show marginal effectiveness, highlighting
the challenging nature of our benchmarks, which cannot be
addressed by simple methods with small-scale training data.

A3. Qualitative Results

In Figs. A8 to A10, we present the top-5 predictions of the
baseline methods: Slerp [7], LinCIR [6], SPRC [1], Mag-
icLens [20], ES-V [8], and our adaptation method. In the
figure, we observe that the zero-shot CIR methods (Slerp,
LinCIR) struggle to handle both arithmetic operations (e.g.,
negation and replacement) and complex semantic relation-
ships. In contrast, MagicLens, E5-V, and our adaptation
method demonstrate better performance in capturing arith-
metic operations, with relevant images ranked higher. In
particular, ES-V and our adaptation method, which leverage
multi-modal large language models (MLLM), exhibit a su-
perior understanding of both arithmetic and semantic types
compared to other methods.



keywords(replace) =["replace", "swap", "substitute", "exchange", "switch", "alter", "modify", "transform", “convert", "adjust", “revise", "i
nterchange", "update", "overwrite", "reassign", "rearrange", "change"]

keywords (remove) =["remove", "delete", "erase", "eliminate", "exclude", "detach", "discard", "withdraw", “subtract", "omit", "extract", “cle
ar", "cancel", "abolish", "dissolve", "wipe", "without"]

keywords (add) =["add", "insert", “"include", "append", "attach", "place", "embed", "introduce", "put", "merge", "integrate", "combine", “inco
rporate”, "join", "implant", "allocate", "deploy", "adjoin", "supplement", "with"]

message = {
“role": "user",

"content": f"""You are required to generate one example considering the given examples. The editing attributes should also be diverse. Make
sure the examples are clear, concise, comprehensive.

Describe the first caption in "{ref_caption}" like "input", the second caption in "OUTPUT_DESCRIPTION" like "output", both "INPUT_DESCRIPTIO
N" and "OUTPUT_DESCRIPTION" should be independent complete sentences, and the description that edits the first caption to the second caption
in “EDIT_DESCRIPTION" like "edit".

Use the following keywords to make the "EDIT_DESCRIPTION" as natural as possible: {keyword}.

The "EDIT_DESCRIPTION" should be natural and only contain one of the keywords mentioned above. Make sure to use each keyword at least once a
cross multiple examples, and do not use "and".

The output should be a list of JSON format as such:

{{ "input": "{ref_caption}",

“edit": "EDIT_DESCRIPTION",

"output": "OUTPUT_DESCRIPTION" }}.

Do not output anything else, an example should have complete keys "input", "edit", and "output"."""

Figure A7. Prompt for text triplet generation by LLMs used in Section 5. It enables independent modification of subject and attribute
information.

LinCIR

Slerp

SPRC

“Swap the larger bear

? t” MagicLens
or a ca

E5-V

Ours

Figure A8. Retrieval results in MA-CIR with “replacement” and “size” type.
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Figure A10. Retrieval results in MA-CIR with “negation” and “color” type.



A4. Impact of artifacts from generative models

Each MA-CIR triplet is constructed through careful manual
and iterative refinement as shown in Fig. A5 and Fig. A6.
Although minor artifacts may be present, human evaluators
consistently judged the MA-CIR triplets to be appropriate for
capturing the intended compositional and arithmetic types.
Moreover, to assess whether the models evaluated in MA-
CIR exhibit similar behavior in the absence of generative arti-
facts, we construct a small-scale dataset (= 100 queries) that
avoids the use of generative or inpainting models. Instead,
we capture real photographs of physical objects arranged
in compositions resembling those in MA-CIR. The results
closely align with the original MA-CIR trends, with average
deviations under 3% from the scores in Tab. 1, suggesting
that minor generative artifacts do not significantly affect the
core findings.

AS. Discussions

MA-CIR does not cover all semantic categories (e.g., object
count, or viewpoint changes). However, as discussed in the
Introduction, MA-CIR is designed to complement existing
CIR benchmarks by focusing on overlooked areas (e.g., nega-
tion and replacement for complex semantics), with sufficient
category diversity to support this focus. Full coverage of all
semantic categories is left as future work.

Beyond R@1, we can include higher values of £ in RQk,
but this may introduce ambiguity in interpreting MA-CIR
results, as candidate images differ only in localized regions.
Namely, this can lead to visually similar but semantically
incorrect retrievals being counted as correct, inflating scores
and potentially misleading fine-grained evaluations of com-
positional understanding. For this reason, we do not report
RQFK beyond RQ1.

Although we employ a refinement and evaluation process
to obtain high-quality images, there may still be inherent
biases introduced by the image generation (or inpainting)
model as well as the human-in-the-loop selection and refine-
ment procedures. We leave more systematic bias analysis
and mitigation strategies as future work.

While our simple remedy improves E5-V on MA-CIR in
all experiments, the performance gain in Tab. 2 is relatively
smaller than Tab. 1. This suggests that the remedy is partic-
ularly effective for improving robustness to hard negatives,
whereas further gains in understanding complex semantics
may require more carefully constructed text triplets or more
advanced methods.
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