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1. Additional Implementation Details

We refer to [3] and [4], following the Chain-of-Thought
[5], to design the prompt for the LLM. We write the sample
prompt to generate the descriptions: ., t,, and ¢,,:

“I have an image. Given an instruction to edit the image,
first generate a description of the edited image, and then
detect the positive and negative parts in the generated de-
scription. Specifically, first, generate the description of the
edited image. Avoid adding imaginary things. Then, divide
the description into positive and negative attributes. Positive
means the parts will appear in the edited image, and nega-
tive means the parts not appear in the edited image. Positive
and Negative should be as simple as possible and combined
by noun phrases in a few words.”

2. Qualitative Results in the Field of Fashion

Due to space constraints in the main text, we only present
qualitative results for the natural image dataset CIRCO [1].
However, composed image retrieval can also be applied to
other domains, such as fashion. Therefore, we supplement
our findings with results from the FashionIQ [2] validation
set.

Figures 1-3 display some successful retrieval examples
of the dress, shirt, and top tee subsets respectively. It can
be observed from the figures that DualCIR can retrieve re-
sults that better match the semantics of the modified text
compared to CIReVL [3]. For example, in the first row
of Figure 1, where the modified text specifies “above the
knees”, CIReVL fails to deliver accurate results while Dual-
CIR successfully obtains them. Furthermore, for more chal-
lenging queries such as the first row of Figure 3 requesting
an “Ed Hardy shirt” in the target image, DualCIR success-
fully identifies a shirt with “Ed Hardy” printed on it.
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Figure 1. Retrieval examples on the dress subset of FashionIQ.
The red boxes indicate incorrect retrieval results, while the green
boxes represent correct results.
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Figure 2. Retrieval examples on the shirt subset of FashionIQ.
The red boxes indicate incorrect retrieval results, while the green
boxes represent correct results.
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Figure 3. Retrieval examples on the toptee subset of FashionIQ.
The red boxes indicate incorrect retrieval results, while the green
boxes represent correct results.

We also present two typical failure cases in Figure 4 and
Figure 5. Due to issues in the labeling and modified text
design of FashionIQ, the recall score does not fully reflect
the method’s performance. However, it is evident from the
examples that DualCIR’s retrieval results are mostly reason-
able based on the existing query requirements.
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Figure 4. A failure case on FashionIQ. The initial 15 retrieved
images do not match the target image. However, it is notable that
almost all the retrieved images meet the query requirement (“is
black colored and less revealing; has a higher neckline and is less
sporty”’) and should be considered valid retrieval results.
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Figure 5. A failure case on FashionIQ.The first 15 retrieved im-
ages did not match the target image. In this example (the target
image needs to be “less attractive and more colorful”), “attractive”
is subjective and difficult to assess as a retrieval criterion. At the
same time, the shirt in the ground truth is red, which may not meet
the requirement of being “colorful.”
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