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Abstract. Composed visual retrieval (CVR) aims to locate a target
image or video that reflects a user’s modification of a reference visual
input. Prior works typically design separate models for images and videos,
resulting in fragmented paradigms, limited reasoning diversity, and poor
adaptability to diverse user intents. We introduce OCTOPUS, a novel
multi-agentic assistant for tool-integrated progressive self-improvement
and user-friendly synergistic compositional retrieval. OCTOPUS features
three cooperative agents – a Perceiver, a Creator, and a Retriever – that
collectively emulate a human-like process of perception, imagination, and
reflection. The Perceiver interprets composed queries, formulates seman-
tic instructions, and refines them through self-reflection. The Creator
employs visual imagination and object-level reasoning tools to generate
diverse textual and visual proxies that capture missing or ambiguous
semantics. The Retriever performs bidirectional retrieval and applies an
evaluation mechanism to ensure alignment between results and user intent.
Comprehensive experiments on five benchmarks demonstrate that OCTO-
PUS consistently outperforms both training-free and supervised baselines.
The code is available at https://github.com/zbzzbzzbz/OCTOPUS.

Keywords: Compositional Visual Retrieval · Zero-shot learning · Mix-
ture of agents · Tool Augmentation

1 Introduction

Composed visual retrieval (CVR), encompassing composed image retrieval (CoIR)
[32] and composed video retrieval (CoVR) [38], is a core vision–language task that
aims to retrieve a target visual instance (Tar) that remains visually consistent with
a reference input (Ref ) while satisfying the semantics of a textual modification
(Mod). By jointly reasoning over visual and linguistic modalities, CVR provides
a foundation for a wide range of real-world applications, including personalized
fashion recommendation [9, 19], and event localization in videos [5].
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Fig. 1: Previous textual inversion method vs. our work.

Traditional CVR methods commonly adopt a late-fusion strategy [6,38], which
combines the semantic representations of the Ref and the corresponding Mod to
perform retrieval. These models are typically trained on human-annotated triplets
{Ref,Mod,Tar} that provide explicit supervision. However, constructing such
triplets is labor-intensive and domain-specific, thereby restricting the scalability
and generalizability of learned models [3]. To overcome these limitations, recent
studies [4,32] have explored zero-shot composed retrieval by leveraging pre-trained
vision-language models (VLM) such as CLIP [30]. These VLM-based methods
employ textual inversion techniques that transform the Ref into pseudo-word
embeddings used for text-based retrieval, effectively removing the need for an-
notated triplets. In parallel, emerging works integrate large language models
(LLM) to generate semantically enriched target descriptions by reasoning over
image captions and modification texts [22], yielding inferred captions that serve
as refined retrieval queries.

Despite these task-specific advances, several key challenges remain: (1) Uni-
fying Fragmented Paradigms: Existing methods often address task-specific
settings in isolation, optimizing for a particular interaction style without pro-
viding a unified framework that generalizes across CVR tasks. Such fragmented
solutions hinder adaptability to diverse user requirements and limit scalability
across both image and video modalities. A universal, task-agnostic system is
therefore needed – one that can flexibly adapt to varying modalities, domains,
and query complexities. (2) Embracing Divergent Reasoning: As illustrated
in Fig. 1(a), most existing approaches rely on textual inversion, which tends to
discard critical visual cues when compressing the Ref into a coarsely edited cap-
tion. This limitation makes it difficult to handle manipulations where key visual
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elements are missing from the reference. To address this, incorporating divergent
reasoning – such as imagining plausible visual scenes [24] or generating diverse
textual hypotheses [43] – is crucial for resolving ambiguous and under-specified
queries in CVR. (3) Reimagining User-friendly Retrieval: The ambiguity
of natural language and the intricate nature of real-world visual content make
prompt-based retrievers (e.g., CLIP) highly sensitive to wording and template
choices. Consequently, users – especially non-experts – often resort to tedious
trial-and-error refinements of their queries, leading to inefficient and frustrating
retrieval experiences [28].

To address these challenges, we draw inspiration from how humans approach
problem-solving: they adapt to complex environments, systematically analyze
problems, inform predictions, and iteratively improve through tool use. Motivated
by this perspective, we propose OCTOPUS, a nOvel multi-agentiC assistanT
for tool-integrated prOgressive self-imProvement and User-friendly Synergistic
compositional retrieval. As illustrated in Fig. 1(b), OCTOPUS adaptively in-
terprets diverse user-defined queries and progressively invokes external tools to
enhance CVR under zero-shot settings. Specifically, OCTOPUS comprises three
training-free agents: (1) Perceiver. Analyzes the composed query and formulates
a strategic, intent-aligned instruction. It then invokes semantic analysis tools to
guide reasoning and self-refinement, producing a concise target instruction for
downstream retrieval. (2) Creator. Leverages visual divergence tools to enrich
interpretation and mitigate ambiguities in the perceiver’s predictions. It first
generates visual proxies aligned with the composed query and then detects corre-
lations between these proxies and textual instructions to derive diverse textual
proxies as semantic augmentations. (3) Retriever. Integrates information from
both agents to perform bidirectional retrieval and employs evaluation tools to
assess candidate instances, verifying their alignment with the user’s intended
modification. Together, these three agents enable OCTOPUS to operate as a
multi-agentic assistant capable of generalizable composed visual retrieval across
complex real-world scenarios, mimicking a human-like perception-imagination-
reflection process.

We conduct extensive experiments on five benchmark datasets and find that
OCTOPUS consistently outperforms all existing CVR methods. For example,
on the FashionIQ dataset, OCTOPUS achieves a notable 12.53% average im-
provement in Recall@10, underscoring its advantage in fine-grained compositional
reasoning. These results validate the strong generalization capability of OC-
TOPUS across diverse domains and retrieval scenarios. To summarize, our key
contributions are threefold: (1) Generalist Compositional Retrieval. We
present the first study on the universal formulation of CVR, capable of han-
dling arbitrary image and video categories within a single unified framework –
marking a new and largely unexplored research direction. (2) Multi-Agentic
Framework. We propose OCTOPUS, the first training-free, multi-agent AI
framework for universal compositional retrieval across images and videos, enabled
by tool-integrated, progressive self-improvement. (3) Collaborative Agent
Design. We develop three plug-and-play agents – the Perceiver, Creator, and



4 Z. Cheng et al.

Retriever – that interact through a perception-imagination-reflection pipeline, en-
abling accurate, interpretable, and user-friendly retrieval. Finally, OCTOPUS is
modular and easily integrated with diverse LLM architectures and retrieval
backbones, while remaining compatible with a wide range of external tools.

2 Related Work

Composed image retrieval [34] aims to retrieve a target image given a com-
posed query. In supervised settings, traditional methods [14,39] typically train
specialized CoIR models on large-scale human-annotated triplets. These models
commonly project image-text pairs into a shared embedding space using con-
trastive learning objectives [30, 31] or cross-modal attention mechanisms [11],
aligning closely with the principles of compositional learning [21,27]. However,
such methods rely heavily on high-quality annotated data, the collection of which
is both labor-intensive and costly. Recently, to address these limitations, many
researchers [8,22,35,44] have introduced zero-shot strategies that leverage VLM or
LLM to perform text-based image retrieval without requiring human-annotated
triplets. Specifically, these methods typically either construct a mapping function
that generates pseudo-tokens of reference images, or employ image captioning
models to produce textual descriptions of the reference image. These representa-
tions are then combined with the textual modifications and used for retrieval.
Composed video retrieval. Recently, researchers have extended the CVR task
from the image domain to the video domain [10,38, 46]. The goal of CoVR is to
retrieve target videos by composing a reference video with a textual modification
description. Specifically, CoVR [38] introduces a new benchmark, WebVid, which
consists of a synthetic training set and a manually curated test set. The authors
adopt a supervised strategy, leveraging BLIP to perform cross-modal alignment
and fusion for retrieval. CVRDE [37] improves query-specific alignment between
source and target videos by utilizing detailed language descriptions of the source
content. EgoCVR [16] presents a retrieval benchmark based on egocentric videos
and proposes a training-free re-ranking strategy to enhance retrieval performance.

However, existing works tend to address task-specific settings in isolation
and often rely on static prompt and prompt-sensitive retrievers, which struggle
in complex retrieval scenarios and user-friendly search experience. In contrast,
OCTOPUS is a multi-agent framework that embodies the characteristics of an
agentic AI assistant, capable of autonomously performing CVR without training
or manual engineering, even in complex real-world retrieval scenarios.
Tool-integrated LLMs. Tool-integrated strategies have emerged as a pivotal
direction for enhancing the reasoning and planning capabilities of LLMs by
enabling interaction with external tools such as search engines [7, 15, 23] and
Python interpreters [12]. This tool-use capability bridges the gap between general-
purpose LLMs and real-world applications, empowering LLM to acquire external
knowledge and perform complex reasoning in dynamic environments [29,33]. Prior
work has primarily explored two complementary approaches for enabling tool-use
in LLMs: prompt engineering and instruction tuning. Prompt engineering focuses
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Fig. 2: Overall framework of OCTOPUS. The perceiver interprets the composed query
to craft and self-refine an intent-aligned target instruction. The creator invokes visual
divergence tools to progressively assess this instruction and resolve ambiguities by
generating visual proxies. The retriever first performs bidirectional retrieval, and then
assess and adjust the retrieved results aligned with the user’s intent.

on designing effective prompts for closed-source LLMs to interact with external
tools, following the thought-action format [45]. Specifically, Chameleon [26]
orchestrates multiple tools using GPT-4 to enhance compositional reasoning,
while ToolChain [48] improves planning efficiency by applying A* search in
the action space. In contrast, instruction tuning aims to improve open-source
LLMs by tuning them on tool-use demonstrations. Toolformer [33] pioneered this
direction by integrating API calls into the language generation process. Notably,
in this work, we are the first to introduce a tool-integrated strategy that designs
a progressive self-improvement mechanism within a multi-agent framework to
enhance the CVR task.

3 Methodology

In this section, we present a detailed description of our OCTOPUS framework.
We begin by introducing the necessary preliminaries in Sec. 3.1. Then, we describe
the three core components of OCTOPUS: the perception agent (Sec. 3.2), the
creation agent (Sec. 3.3), and the retrieval agent (Sec. 3.4). The overall framework
of our proposed OCTOPUS is illustrated in Fig. 2.

3.1 Preliminary

Let {Im
q , Tq} represent a composed query, where Im

q denotes the reference visual
input and Tq is the associated textual instruction. Here, m ∈ {I, V }, where I
denotes a reference image and V denotes a reference video. The goal of composed
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visual retrieval is to retrieve a target instance It ∈ D from a large database
D that the retrieved instance reflects the modifications described in Tq, while
largely preserving the visual characteristics of the reference input Im

q . In zero-
shot settings, mainstream CVR methods typically design a customized mapping
module φ : Im

q → Zq, which projects the visual input Im
q into pseudo-text tokens

or a textual description Zq. A manually crafted prompt (e.g., “a photo of {Zq}
that {Tq}”) is then applied to combine the inverted representation Zq and the
modifying text Tq, thereby producing a composed caption Tt. This caption Tt is
subsequently used for target retrieval via a VLM-based retriever, which encodes
the caption using a text encoder Ψt and the candidate instance I ∈ D using a
vision encoder Ψv. The matching score S is computed using cosine similarity:
S = cos_sim(Ψv(I), Ψt(Tt)).

3.2 Perception Agent

Stage 1: Visual Perception. To unify different modality inputs in the CVR task,
we adopt a language-for-vision mechanism inspired by prior works [22, 43], which
extracts a holistic understanding of visual semantics from the Ref in linguistic
form. The core insight behind this mechanism lies in the compositional nature of
language. In other words, leveraging textual descriptions facilitates the integra-
tion of semantics across diverse input types and modalities. Specifically, in the
CoIR task, given a reference image II

q , the Perceiver invokes a visual captioning
tool ΦC

t to extract global visual semantics and generate a corresponding language
description: CI

q = ΦC
t (II

q ). Analogously, in the CoVR task, given a reference video
IV
q , we uniformly sample N keyframes Fq = {f1, f2, . . . , fN} and apply the same

tool to obtain the textual description CV
q = ΦC

t (Fq). Such a strategy provides
users with clearer insights into the retrieval process, thereby enabling potential
human intervention.
Stage 2: Reasoning. In real-world scenarios, the CVR task often involves
complex scenes with multiple objects and nuanced modifications, driven by
diverse user intentions. Ideally, an intelligent semantic reasoning tool should
effectively interpret the user’s modification intent and adjust the reference visual
caption Cm

q accordingly. Recent advancements in LLM, particularly in content
understanding and compositional reasoning, offer a promising foundation for
semantic manipulation within the language space. Motivated by this, we design an
LLM-based semantic modification tool ΦM

t to produce cohesive and semantically
unified target captions. Specifically, the Perceiver a executes the tool to combine
the dense caption Cm

q with the modification text Tq, accurately interpret the
intended transformation, and generate an initial target caption: T̂t = ΦM

t (P ◦
Cm
q ◦ Tq), where P denotes a simple prompt template following [22]. Notably,

this prompt is largely task-agnostic, enabling the model to generalize well across
diverse retrieval scenarios.
Stage 3: Self-refining. Due to the inherent ambiguity of user intent descriptions,
some generated captions may fail to capture the user’s implicit intent when relying
solely on simple prompts [8, 35]. To address this issue, we introduce a reflection
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mechanism [20] based on LLM, and design a semantic refining tool ΦR
t to self-

refine the initial caption T̂t and produce an intention-aligned caption for retrieval.
The Perceiver employs ΦR

t to filter out inaccurate content in Cm
q and identify

the most relevant manipulated elements aligned with the user’s intent. This tool
is designed to highlight key decisions that preserve the coherence and context
of the Ref while fulfilling the manipulation intent, thereby providing a logical
bridge between the original content and the final description. The refinement
process is formulated as: Tt = ΦR

t (Pr ◦ T̂t ◦ Cm
q ), where Tt denotes the refined

caption, and Pr is a reflection prompt template. Notably, this step also helps
mitigate hallucination issues that may arise during the reasoning phase.

3.3 Creation Agent

Stage 1: Visual Imagination. An agentic assistant for the CVR task should
possess the ability to adaptively predict key visual elements (e.g., objects, scenes,
attributes) that are missing from the reference input, guided by the manipulation
text. To this end, we introduce a visual imagination tool ΦI

t to produce a
visual proxy VP , i.e., a synthesized image generated by a controllable diffusion
model [42], that aligns with the user-provided query, thereby providing additional
visual cues to enhance retrieval. Specifically, given the generated Tar caption
Tt and the Ref caption Cm

q , the Creator invokes the visual generation tool ΦG
t

to first infer a plausible overall scene and layout for the visual proxy, enabling
better alignment with the generative model’s training distribution. A visual proxy
is then synthesized using a generative model (e.g., Qwen-Image [40] or Nano
Banana). Since CVR is inherently a fuzzy retrieval task [43], it is unnecessary to
strictly preserve the visual details of the Ref during the generation process. This
insight motivates us to construct generative prompts by jointly reasoning over
both the generated Tar caption and the Ref caption. Moreover, the Creator is
model-agnostic and flexibly accommodate various generative tools. To minimize
computational overhead, we primarily employ image generation tools. Video
generation tools are avoided due to their substantial time cost.
Stage 2: Semantic Increment. To capture the diverse possible semantics of the
composed target, the Creator invokes an object detection tool ΦO

t to decompose
the visual proxy and Ref into a set of fine-grained, interpretable regions and
recognize salient objects potentially omitted from the target caption Tt. Directly
incorporating all detected objects into Tt would inevitably introduce noise (e.g.,
irrelevant objects). To address this issue, we design an object filtering strategy in
ΦO
t that leverages an LLM to focus on specific objects and their attributes. This

process identifies objects that should be present in the target image (“existent
objects”) and those that should not (“nonexistent objects”) by comparing the
generated content with the composed query. After extracting the set of existent
objects O, we construct a simple prompt Po, inspired by [43], and combine it
with the target caption Tt and the identified objects O as input to the LLM. This
enables reasoning over object-level semantics and generates a set of diverse textual
proxies: T P

t =
{
TA
i = ΦO

t (Tt ◦ O ◦ Po)
∣∣ 0 ≤ i < K

}
, where K is the number of

textual proxies.
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3.4 Retrieval Agent

Stage 1: Bidirectional Retrieval. After obtaining the diverse textual proxies
T P
t and visual proxy VP , a key challenge lies in effectively integrating both

sources of semantic knowledge for retrieval. A straightforward strategy is to
directly combine the text-based similarity with the visual similarity based on
textual and visual proxy. However, directly using the visual proxy features often
places excessive emphasis on irrelevant elements (e.g., background clutter), which
can overshadow the fine-grained semantics captured in the text descriptions.
To address this, we design a bidirectional retrieval strategy that disentangles
semantic relevance between the query and the target from the perspectives of
both visual and textual modalities, and balances the two retrieval signals using
an adaptive gating mechanism.

Specifically, the retrieval agent use a VLM-based bi-retrieval tool ΦR
t (i.e.,

CLIP) to automatically compute semantic similarity for retrieval. For the visual
proxy Vp, we calculate the vision-to-text similarity between the visual proxy and
the textual caption of candidate visual instances in the database. The vision
encoder Ψv(·) of ΦO

t is used to extract visual features of Vp, while the text encoder
Ψt(·) is used to encode the textual captions of candidate visual instances. The
similarity score Sv2t is calculated:

Sv2t =
Ψt(T )

⊤Ψi (Vp)

∥Ψt(T )∥ · ∥Ψi (Vp)∥
. (1)

Analogously, we calculate the text-to-vision similarity score St2v between the
textual proxies T P

t and candidate visual instances, following [43]. The rationale
behind this bidirectional retrieval design is based on the cross-modal alignment
ability of VLM. Furthermore, we design a gating strategy [24] to balance retrieval
results as follows:

Sf = λSt2v + (1− λ)Sb, Sb = St2v ∗ Sv2t, (2)

where Sb represents the balanced similarity and λ is the balancing parameter.
Stage 2: Retrieval Verification. Due to the limitations of VLMs in capturing
nuanced details, certain retrieval outcomes may not accurately reflect user intent.
Thus, we design a retrieval verification strategy that involves an overall evaluation
of the retrieved candidate instances and further re-ranks them according to
evaluation scores. Specifically, the Retriever invokes an LLM-based evaluation
tool ΦE

t to perform pairwise comparisons between the Ref and the top-ranked
candidate instances Vr. By integrating the composed query and the descriptions
of the retrieved candidates, the evaluation tool ΦE

t adaptively determines whether
the candidate instances approximately meet the user’s intent, offering binary
results (Yes or No) along with necessary justifications. This process sequentially
assesses each candidate until one meets the criteria or the threshold α is reached,
which represents the maximum number of candidate instances to evaluate. If a
suitable candidate is found, it is re-ranked to the top. We also consider different
forms of user-edited intent, such as descriptions of desired changes, which are
designed into carefully designed prompts Pv. This process can be summarized as:
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f = {fj}αj=1 = ΦE
t (Vr, C1j ,Pv),

{C21, C22, . . . , C2α} = argsort↓(f),
(3)

where f ∈ R1×α denotes the binary results for candidate instances, and
{C21, C22, . . . , C2α} is the final ranking of candidates. With such design, OCTO-
PUS leverages multimodal collective reasoning to ensure that the top-ranked
candidates satisfies user intent both in fine-grained details and overall semantic
alignment.

4 Experiments

In this section, we first introduce the five evaluation benchmarks and experimental
setup (Sec. 4.1). Quantitative results and comparisons with baselines are presented
in Sec. 4.2. A detailed ablation study is provided in Sec. 4.3, followed by additional
analyses and discussions in Sec. 4.4.

4.1 Experimental Settings

Datasets and Metrics. For effective evaluation, we adopt five benchmarks
spanning three distinct tasks (i.e., CoIR and CoVR) [22,38,46]. Specifically, we
use: (1) Natural image domain: CIRCO [4] and CIRR [25]; (2) Fashion image
domain: FashionIQ [41]; and (3) Video domain: WebCVR [38] and FineCVR [46].
CIRCO contains 123,403 images (4.53 ground-truth images per query). CIRR
includes 36,554 triplets from 21,552 images. FashionIQ has three categories (Dress,
Shirt, Toptee) with 30,135 triplets and 77,683 images. WebCVR provides 2.5K
annotated triplets, and FineCVR contains 1,000,028 training and 6,364 test
triplets.

Following prior works [32,38], we use Recall@k (R@k) as the evaluation metric
on CIRR, FashionIQ, WebCVR, and FineCVR, and mean average precision@k
(mAP@k) for CIRCO, where each query has multiple ground-truth targets.
Baselines. To enable a comprehensive comparison, we select a set of competitive
baselines. For the CoIR task, Pic2Word [32], and LinCIR [13] project image
features into pseudo-word tokens, which are then fused with the text prompt for
retrieval via CLIP. CIReVL [22], LDRE [43], AutoCIR [8], IP-CIR [24], and
OSrCIR [35] leverage LLM by combining the caption of the reference image
with the textual modification, utilizing the language reasoning capabilities of
LLMs to guide retrieval. For the CoVR task, CoVR [38], CVRDE [37], and
CVRDM [36] jointly encode the reference video and textual instruction to
produce a unified representation for retrieval.
Implementation. For the retriever, we employ ViT-B/32 and ViT-L/14 CLIP
models from OpenAI [30], along with the ViT-G/14 CLIP from OpenCLIP [18].
The feature dimensions are as follows: 512 for B/32, 768 for L/14, and 1024
for G/14. By default, we use GPT-4o-Mini [1] as our LLM, with additional
ablations considering both Qwen2.5-VL [2], MiniGPT-4 [47] GPT-4o [17]. For
visual generation, we use Qwen-Image [40] to produce visual proxy.
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Table 1: Comparison results on the WebVid, FineCVR and CIRCO test sets. The best
and second-best scores are highlighted in bold and underlined, respectively. ‘-’ indicates
results not reported in the original paper.

Backbone Model Training
WebVid FineCVR CIRCO
Recall@k Recall@k mAP@k

k = 1 k = 5 k = 10 k = 50 k = 1 k = 5 k = 10 k = 50 k = 5 k = 10 k = 25 k = 50

ViT-B/32

CoIR
LinCIR 29.84 53.80 63.86 86.26 6.08 21.29 31.69 59.88 3.83 3.92 4.42 4.72
CIReVL 32.07 56.89 67.82 88.72 8.78 24.04 33.08 61.08 14.94 15.42 17.00 17.82
LDRE 31.17 56.81 67.66 88.29 6.52 17.65 25.20 49.10 17.96 18.32 20.21 21.11

AutoCIR 33.91 61.08 70.99 89.51 9.38 25.80 36.61 65.07 18.82 19.41 21.38 22.32
IP-CIR 37.20 62.88 73.49 91.58 7.34 21.07 30.12 55.58 – – – –
OSrCIR 33.63 58.38 69.58 88.37 9.02 25.11 34.57 61.33 18.04 19.17 20.94 21.85

CoVR
CoVR 31.56 53.64 63.08 83.01 13.84 37.65 50.05 77.51 4.55 4.83 5.54 5.98

CVRDE 31.17 55.32 66.01 85.87 15.16 39.71 53.11 81.11 3.55 4.00 4.56 4.94
CVRDM 31.95 57.05 66.91 86.88 16.37 40.96 54.26 81.71 6.55 6.97 7.89 8.48

OCTOPUS 57.83 79.17 85.16 95.73 19.56 48.33 62.27 87.88 21.62 22.28 25.34 26.47

ViT-L/14

CoIR
Pic2Word 48.47 74.67 83.75 95.34 7.68 23.15 33.22 59.46 8.72 9.51 10.64 11.29
LinCIR 46.20 74.47 82.62 95.97 9.15 25.86 36.57 64.28 12.59 13.58 15.00 15.85
CIReVL 38.76 64.84 74.94 92.56 10.07 25.85 36.38 62.49 18.57 19.01 20.89 21.80
LDRE 41.20 70.01 78.86 93.77 8.33 22.03 30.26 54.46 23.35 24.03 26.44 27.50

AutoCIR 45.61 71.93 80.85 93.70 11.17 30.20 41.34 68.40 24.05 25.14 27.35 28.36
IP-CIR 45.46 71.81 79.87 94.36 9.43 24.72 34.51 59.05 26.43 27.41 29.87 31.07
OSrCIR 40.80 66.60 76.59 91.86 11.25 27.92 38.70 65.93 23.87 25.33 27.84 28.97

CoVR
CoVR 37.27 63.04 72.59 88.29 16.33 40.89 54.18 79.90 6.38 7.11 8.21 8.82

CVRDE 37.24 65.27 74.86 91.35 16.33 40.52 55.09 81.29 5.56 6.35 7.49 8.09
CVRDM 39.23 67.07 76.86 91.66 17.25 42.57 56.33 82.23 9.90 10.59 11.99 12.63

OCTOPUS 67.15 85.28 90.49 97.73 20.16 48.81 62.57 87.21 28.18 28.66 31.09 32.26

4.2 Main Results

In Table 1, we present comparative evaluations on the WebVid, FineCVR, and
CIRCO datasets, highlighting the ability of OCTOPUS to distinguish between
foreground and background elements and to perform fine-grained visual editing
via object- and scene-level manipulations across both image and video retrieval
scenarios. Across all CLIP-based retrieval variants, OCTOPUS consistently out-
performs all competitive CVR models in every setting, without requiring any
task-specific training. Notably, with the ViT-B/32 backbone, OCTOPUS achieves
a substantial average improvement of 17.81% across all metrics on the WebVid
and FineCVR datasets, which are characterized by less explicit and noisier
textual instructions, compared to the best-performing baselines. Furthermore,
on the CIRCO dataset, which provides clean editing annotations and multiple
ground-truth target images, OCTOPUS achieves a mAP@5 of 21.62%, outper-
forming the best training-free method (AutoCIR) by 14.87%, and the second-best
baseline (OSrCIR) by 19.84%. Notably, we observe that CoVR models generally
exhibit better performance on CoVR datasets, but underperform compared to
CoIR models in CoIR scenarios. A similar trend is observed for CoIR mod-
els, further reinforcing our motivation to develop a unified framework for the
CVR task. Nevertheless, our OCTOPUS consistently surpasses all CVR models
by a considerable margin, demonstrating the effectiveness of our multi-agent
framework across diverse retrieval scenarios.
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Table 2: Results on the FashionIQ dataset. The best and second-best scores are shown
in bold and underlined, respectively.

Backbone Model Training
Shirt Dress Toptee Average

Recall@k Recall@k Recall@k Recall@k
k = 10 k = 50 k = 10 k = 50 k = 10 k = 50 k = 10 k = 50

ViT-B/32

CoIR
LinCIR 17.81 33.61 14.97 34.16 20.04 40.29 17.61 36.02
CIReVL 28.36 47.84 25.29 46.36 31.21 53.85 28.29 49.35
LDRE 27.38 46.27 19.97 41.84 27.07 48.78 24.81 45.63

AutoCIR 32.43 51.67 26.52 46.36 33.96 56.09 30.97 51.37
IP-CIR 26.20 44.79 22.16 43.97 26.67 47.62 25.01 45.47
OSrCIR 31.16 51.13 29.35 50.37 36.51 58.71 32.34 53.40

CoVR
CoVR 21.00 36.90 18.00 35.89 23.61 40.69 20.87 37.83

CVRDE 16.73 30.96 9.97 24.34 16.83 30.55 14.51 28.62
CVRDM 25.12 42.30 18.64 37.48 26.77 45.89 23.51 41.89

OCTOPUS 36.41 56.62 32.37 53.99 41.66 62.42 36.81 57.67

ViT-L/14

CoIR
Pic2Word 26.20 43.60 20.00 40.20 27.90 47.40 24.70 43.70
LinCIR 29.10 46.81 20.92 42.44 28.81 50.18 26.28 46.49
CIReVL 29.49 47.40 24.79 44.76 31.36 53.65 28.55 48.57
LDRE 31.04 51.22 22.93 46.76 31.57 53.64 28.51 50.54

AutoCIR 34.00 53.43 24.94 45.81 33.10 55.58 30.68 51.60
IP-CIR 31.40 49.16 25.58 48.43 32.63 53.69 29.87 50.43
OSrCIR 33.17 52.03 29.70 51.81 36.92 59.27 33.26 54.37

CoVR
CoVR 29.24 46.37 23.60 43.63 31.16 49.77 28.00 46.59

CVRDE 23.50 39.01 12.59 29.25 20.55 36.66 18.88 34.97
CVRDM 33.27 49.21 23.85 43.28 32.99 52.83 30.04 48.44

OCTOPUS 39.70 58.93 31.14 53.20 40.18 60.68 37.00 57.60

We further evaluate our model’s capability on attribute manipulation tasks
using the FashionIQ dataset, which requires accurate localization and under-
standing of fine-grained fashion attributes (e.g., style and color), as shown in
Table 2. When using both ViT-B and ViT-L backbones, OCTOPUS significantly
outperforms all strong CVR methods across all metrics, achieving an average
gain of +12.53% in Recall@10 and +6.96% in Recall@50. This improvement is
attributed to OCTOPUS’s enhanced ability to use the creation agent to generate
visual proxies that incorporate target attributes missing from the reference image,
guided by the manipulation intent. Additionally, OCTOPUS employs the retriever
agent to assess and adjust on retrieval outcomes, thereby reducing semantic bias
and ultimately enhancing CLIP-based retrieval performance.

4.3 Ablation Studies

Following prior works [22,43], an ablation study is to evaluate each module using
the ViT-L/14 on the WebVid and CIRCO datasets.
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Table 3: Ablation study of the core components within OCTOPUS.

Method WebVid CIRCO

k=1 k=5 Avg. ∆ k=5 k=10 Avg. ∆

1. OCTOPUS 67.15 85.28 76.21 0.00 28.18 28.66 28.42 0.00
Impact of Perception Agent

2. w/o Reasoning 60.34 81.01 70.68 -5.53 26.40 27.51 26.95 -1.47
3. w/o Refining 60.45 80.70 70.57 -5.65 24.67 25.62 25.14 -3.28

Impact of Creation Agent
4. w/o T-Proxy 62.06 81.28 71.67 -4.55 23.84 25.02 24.43 -3.99
5. w/o V-Proxy 61.90 81.01 71.45 -4.77 25.26 26.24 25.75 -2.67
6. w/o Creator 59.44 79.21 69.32 -6.90 22.84 23.76 23.30 -5.12

Impact of Retrieval Agent
7. w/o Bi-Retrieval 61.51 81.48 71.49 -4.73 26.91 27.48 27.19 -1.23
8. w/o Verification 52.70 78.58 65.64 -10.58 26.36 27.30 26.83 -1.59

Impact of different LLMs
9. MiniGPT-4 60.88 80.54 70.71 -5.51 23.48 24.25 23.87 -4.55
10.Qwen-VL 65.00 83.56 74.28 -1.94 27.06 28.13 27.60 -0.82
11.GPT-4o 67.31 85.90 76.60 +0.39 28.45 29.10 28.77 +0.35

(1) Models ‘2-3’ analyze the impact of key modules in the perception agent :
Removing the modification tool during the reasoning stage (model ‘2’) results in
a 3.94% average performance drop. Additionally, removing the refinement tool
from the perceiver (model ‘3’) leads to a 7.28% average performance decline
compared to the full OCTOPUS. These results underscore the importance of
LLM-driven reasoning and refinement mechanisms for accurately interpreting
manipulation intentions in composed queries.
(2) Models ‘4-6’ evaluate the impact of the creation agent : Skipping the seman-
tic increment process (model ‘4’) leads to a 7.96% average performance drop.
Removing the visual proxy generation (model ‘5’) results in a 5.59% decline.
Furthermore, removing the entire creation agent (model ‘6’) yields an 11.43%
performance decrease. These results validate our motivation for embracing di-
vergent reasoning and further support the view that the CVR task is inherently
a fuzzy retrieval problem. Importantly, the findings highlight the effectiveness
of generating diverse textual and visual proxy via visual divergence tools in
enhancing CVR.
(3) Models ‘7-8’ evaluate the impact of each component in the retrieval agent : In
model ‘7’, we replace our bidirectional retrieval mechanism with a simple retrieval
strategy (i.e., text-to-vision and vision-to-vision), resulting in a performance drop
of 2.97%. This highlights the importance of cross-modal alignment in CLIP-based
retrieval. Similarly, removing the retrieval verification step (model ‘8’) leads
to a more substantial performance decline of 7.56%. This indicates that the
verification step plays a critical role in compensating for the lack of task-specific
alignment in the CLIP, particularly in the video domain, where CLIP may lack
sufficient domain-specific understanding.
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Fig. 3: Sensitivity analysis of the hyperparameter λ.

(4) Models ‘9-11’ analyze the impact of the choice of LLM : We observe that open-
source LLM (e.g., MiniGPT-4 (Model ‘9’) and Qwen-VL (Model ‘10’)) achieve
retrieval performance that is nearly comparable to the best-performing baseline.
However, there remains a performance gap of 11.61% and 2.71% compared to
GPT-4o-mini. Notably, GPT-4o-mini performs comparably well, with only a
0.87% drop in performance, while offering significantly higher efficiency than
GPT-4o. This result indicates that OCTOPUS is modular and can be seamlessly
integrated with diverse LLM architectures, demonstrating its potential to further
enhance CVR through the use of more powerful LLM.

4.4 Further Analysis

• Effects of the weight λ. Since our OCTOPUS incorporates textual and visual
proxies, we conduct a sensitivity analysis to evaluate the impact of the weighting
factor λ on performance. The results on the WebVid, CIRCO and the Toptee
category of the FashionIQ dataset are shown in Fig. 3. Notably, the performance
of OCTOPUS peaks at an optimal value of λ, beyond which increasing the
weight leads to a performance decline. This suggests that while the visual proxy
contributes positively to retrieval, overemphasizing it can overshadow important
textual semantics. We observe that smaller values of λ yield better results. In
particular, performance remains relatively stable within the range of λ ∈ [0.2, 0.4]
for Toptee and CIRCO, and λ = 0.2 offers the best result on WebVid. These
findings validate our design of integrating proxy information for enhancing CVR.
• Qualitative Results. Fig. 4 visualizes successful retrievals where the in-
structions impact different semantic elements, such as color change, and object
insertion. Compared to two baselines (i.e., LDRE and OSrCIR), we observe that
these methods, even when equipped with the LLM’s reasoning, often fail to
attend to the relevant visual aspects. In Case (b), both models overlook critical
terms, e.g., “v-neck” and “higher neckline”, highlighting the limitations of fixed
retrieval strategies in handling complex queries involving multiple objects and
nuanced attribute modifications. Additionally, OSrCIR neglects terms like “leaf
clover” and “no text” in Case (c), leading to worse results than LDRE, which
benefits from divergent composed descriptions. In contrast, OCTOPUS effectively
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Fig. 4: Qualitative comparison of three retrieval mechanisms based on the Top-4 results
on the WebVid and FashionIQ datasets. Reference visual input and target instances
are highlighted with purple and green outlines, respectively.
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Fig. 5: Visualization of a failure case from the FashionIQ validation set. The Top-2
retrieved results are displayed.

captures all intended modifications and accurately retrieves the target instances.
This success is attributed to a creator and retriever, which enable the generation
of textual and visual proxies to offer complementary visual cues and self-reflect
on refining retrieval outputs.
• Analysis of Failure Cases. Fig. 5 visualizes exemplary failure cases of
OCTOPUS. Since OCTOPUS primarily performs CVR in the language domain,
these errors are generally interpretable by users. Specifically, we observe that
OCTOPUS generates appropriate retrieval instructions aligned with the target
image; however, it still retrieves incorrect results. This discrepancy is likely due to
conceptual misalignment between the LLM and the retrieval model. The retrieval
backbone struggles to interpret fashion-specific terms generated by the LLM,
such as “exotic patterns”. Replacing these with simpler terms (e.g., “bold floral
print”) leads to more accurate retrieval.
• Scalability Analysis. To validate the scalability of our design, we select two
strong baselines representing different text-based retrieval paradigms: LinCIR (a
textual inversion method) and OSrCIR (an LLM-induced method), and integrate
our creator and retriever into each. As shown in Fig. 6, we observe consistent
performance improvements across both models on the WebVid dataset. These
results demonstrate the effectiveness and scalability of our tool-augmented, agent-
based design in capturing contextual knowledge from textual and visual proxies,
and in self-reflecting on retrieval results.
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Fig. 6: Performance improvements of several baselines (i.e., LinCIR and OSrCIR) when
augmented with the creation agent (C) and the retriever agent (R).

• Efficiency Analysis. Our OCTOPUS consistently outperforms LLM-induced
methods (IP-CIR, AutoCIR, and OSrCIR), while maintaining interactivity with
an average inference time of 5.3 seconds per query. Notably, OCTOPUS achieves
84.33% faster inference than IP-CIR (33.8s) and 12.67% faster than AutoCIR
(6.07s), while being slower than OSrCIR (0.6s). Despite this, our model offers a
significantly more favorable trade-off between latency and retrieval performance.
Compared to textual inversion methods, our model achieves higher retrieval ac-
curacy without requiring any training, although inference remains approximately
40× slower. Since over 95% of OCTOPUS’s runtime is spent on external API
calls, further latency reductions could be achieved through faster APIs.

5 Conclusion

In this study, we introduce OCTOPUS, a novel AI agent framework for generic,
flexible, and interpretable compositional retrieval across any image and video
domains. OCTOPUS comprises three agents, a perceiver, a creator, and a retriever,
that collaboratively invoke tools to iteratively extract and refine task-relevant
information, mimicking a human-like perception-imagination-reflection process.
Extensive experiments on five benchmark datasets demonstrated the superior
performance of our framework compared to existing methods. In future work, we
plan to design a lightweight multi-agentic framework to reduce computational
overhead making it more suitable for real-world retrieval systems. Additionally,
we aim to extend OCTOPUS to other domains, such as visual super-resolution
and autonomous driving.
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