CamoQuery: Language-Guided Reasoning Camouflaged Object
Segmentation

Tianxin Han, Qing Dong, Xingwei Wang', Jie Jia, Gang Wu,
Bowen Yang, Fu Zhang
School of Computer Science and Engineering, Northeastern University
tianxinhan797@gmail.com, wangxw@mail.neu.edu.cn

Abstract

Although camouflaged object segmentation has
advanced rapidly in recent years, existing meth-
ods are still confined to visual mask prediction
under fixed task assumptions. They cannot in-
teractively respond to user requests, nor can
they proactively understand and reason about
the user’s intent. Our work tackles this issue by
proposing a novel task, Language-Guided Rea-
soning Camouflaged Object Segmentation (LR-
COS). Given a camouflaged image and an im-
plicit query text instruction that requires reason-
ing, LRCOS aims to output intent-consistent
segmentation mask. To establish a benchmark
for this task, we build CamoQuery, compris-
ing 12,437 image—mask samples and 25971 im-
plicit query text instructions. To better reflect
real-world camouflaged scenarios, we addition-
ally collect MCD, a multi-instance camouflage
dataset where multiple camouflaged targets co-
exist within the same scene, increasing the need
for reasoning. Building on CamoQuery, we fur-
ther propose COSA, a vision—language segmen-
tation assistant that segments the intended cam-
ouflaged object from implicit queries and pro-
duces a reasoning explanation. Experiments on
CamoQuery demonstrate that COSA has strong
reasoning segmentation capability in camou-
flaged scenes and exhibits zero-shot capability.

1 Introduction

Real-world visual perception serves as a corner-
stone for advancing general artificial intelligence
(AGI). As a representative task for visual percep-
tion, Camouflaged Object Segmentation (COS)
aims to delineate targets that are concealed within
their surrounding scenes (Ji et al., 2023; Wu et al.,
2025; Lei et al., 2025), and is crucial for medi-
cal image analysis (Fan et al., 2020), surface de-
fect inspection (Ma et al., 2021), and pest moni-
toring (Dong et al., 2024). Existing COS meth-
ods treat this task as a vision-only mask predic-
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tion problem, relying on appearance cues to decide
what to segment. While effective under predefined
tasks, they fail to understand the contextual factors
that make the target camouflaged (why it is hard
to perceive), and thus cannot adapt to interactive
scenarios that require understanding user intent.

Recent advances in Large Vision-Language
Models (LVLMs) (Lai et al., 2024; Rasheed et al.,
2024) offer a promising direction by enabling
language-guided segmentation with strong under-
standing of complex visual relationships. Their
generative flexibility and multimodal input process-
ing allow users to provide nuanced, human-like
guidance through text instructions. Nevertheless,
most LVLM-based segmentation methods are de-
veloped for natural images with clear and salient
objects, and thus generalize poorly to highly cam-
ouflaged scenes. As shown in Fig. 1, limited in-
domain data can lead to spurious grounding and
inconsistent predictions, and degrade instruction
following in camouflage scenarios. More impor-
tantly, in camouflaged scenes, users often do not
know the exact category of the target, and thus
queries are typically implicit: the query text in-
struction is not necessarily an explicit reference (eg.
“an insect”), but a more complicated description in-
volving complex reasoning or world knowledge
(eg. “the camouflaged target that might be poi-
sonous/dangerous and should be avoided”). This
setting requires models to reason over complex,
implicit text queries jointly with the image and
produce segmentation masks. Unfortunately, cur-
rent research lacks benchmark datasets that support
these capabilities, Mainstream COS datasets pro-
vide only images and pixel-level masks. A com-
prehensive benchmark is therefore needed to evalu-
ate the effectiveness of language-guided reasoning
camouflaged object segmentation.

To this end, we propose a new benchmark task,
Language-Guided Reasoning Camouflaged Ob-
ject Segmentation (LRCOS), where the goal is
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Figure 2: We propose a new task, Language-Guided Reasoning Camouflaged Object Segmentation (LRCOS). Our
method, COSA, supports simple reasoning, as shown by the first example in the first row, and can also deal with
cases involving complex reasoning and world knowledge, as shown by the last example in the third row. It further

demonstrates zero-shot capability, as shown by the second example in the second row.

to output segmentation masks given camouflaged
images and implicit query text instructions that re-
quire reasoning. To support LRCOS, we build the
large-scale vision—language COS dataset, Camo-
Query, consisting of 12,437 camouflaged images
with pixel-level masks and 25,971 textual instruc-
tions. CamoQuery is built on existing COS re-
sources (Le et al., 2019; Fan et al., 2022; Lv et al.,
2021) and is further augmented with our newly col-
lected dataset, MCD, which contributes 2,000 im-
ages with masks and textual annotations. To com-
plement most COS datasets that are largely single-
instance per image, MCD contains more scenes
where multiple camouflaged instances co-exist, im-
proving the diversity and realism of camouflaged
scenarios while introducing stronger reasoning re-
quirements for identifying the intended target. We
annotate two instruction styles for these datasets:
simple instructions that often require lightweight
reasoning, and complex instructions that require
richer contextual reasoning.

Building upon the above data and task setup,
we introduce COSA, a language instructed cam-
ouflaged object segmentation assistant for LRCOS
that elicits segmentation masks and reasoning ex-
planations. Specifically, we propose a context syn-
thesizer to inject instruction-relevant camouflage
cues into language representations, yielding com-

pact embeddings that better ground implicit queries.

We further introduce a dedicated [SEG] token un-

der an embedding-as-mask design, and decode its

hidden representation into the final mask with a

mask decoder, while adapting the LLM via LoRA

for efficient reasoning-grounded segmentation in
camouflaged scenes. As illustrated in Fig. 2, COSA
supports reasoning and exhibits zero-shot gener-
alization. Additionally, given the subjectivity of
reasoning explanations, we develop LLM-based
metrics to assess explanation quality in terms of

Explanation Credibility (EC) and Instruction Align-

ment (IA). In summary, our contributions are:

* We propose LRCOS, a new task setting that fills
a key gap in existing COS resources that lack
language interaction and reasoning.

* We build CamoQuery, a multimodal benchmark
to support LRCOS, it further includes our newly
collected multi-instance camouflaged dataset
(MCD) to better reflect camouflaged scenes.

* We propose COSA and conduct extensive exper-
iments on CamoQuery, demonstrating effective
reasoning ability and strong zero-shot capability.

2 Related work

COS and Benchmarks. COS aims to identify
and segment objects that are visually concealed
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Benchmark Image Mask  Text TextType Anno. Input Form Training? Zero-shot? Reasoning?
Vision-only COS Benchmarks

CODI10K (Fan et al., 2022) 5,066 5,066 0 - M Image 4 X X
CHAMELEON (Skurowski et al., 2018) 76 76 0 - M Image X X X
NC4K (Lv et al., 2021) 4,121 4,121 0 - M Image X X X
CAMO (Le et al., 2019) 1,250 1,250 0 - M Image 4 X X
Attribute-centric Benchmark

COD-TAX (Zhang et al., 2025a) 4,040 0 4,040  Attribute M&T  Image + Attribute Text v X X
Category-name Guided COS Benchmark

OVCamo (Pang et al., 2024b) 11,483 11,483 11,483 Category M&T Image + Category Name 4 v X
Language-guided reasoning COS Benchmark

CamoQuery (Ours) 12,437 12,437 25,971 Instruction M&T Image + Instruction Text v v v

Table 1: Comparison between CamoQuery and related camouflage benchmarks in terms of data scale, annotation
type (M/T), input form, training availability, zero-shot capability, and reasoning requirement.

in their surroundings. Existing methods explore
multi-scale fusion (Fan et al., 2022), multi-stage re-
finement (Liu et al., 2023d), weakly supervised
learning (Han et al., 2025), uncertainty model-
ing (Liu et al., 2022), as well as auxiliary cues such
as boundaries (Yue et al., 2025), texture (Wang
et al., 2024), frequency (Zhang et al., 2025b),
and depth (Yu et al., 2024b). However, these ap-
proaches and mainstream COS benchmarks (Le
et al., 2019; Fan et al., 2022; Lv et al., 2021;
Skurowski et al., 2018) remain vision-only, pro-
viding only pixel-level masks and thus failing to
evaluate intent reasoning and instruction-following
for selecting the user-specified target. In contrast,
language-guided segmentation datasets in natural
scenes (Chng et al., 2024; Kim et al., 2024) rely on
salient objects and explicit referring expressions,
which transfer poorly to camouflage. Although
recent attempts introduce text into COS (Zhang
et al., 2025a; Pang et al., 2024b), the language is
typically limited to attributes or category prompts
that largely pre-define what to segment, reducing
the task to prompt-conditioned mask prediction.
Therefore, existing benchmarks are still insufficient
for evaluating reasoning segmentation under cam-
ouflage, motivating CamoQuery. As summarized
in table 1, we compare CamoQuery with represen-
tative camouflage-related benchmarks in terms of
task formulation, modality, and annotation scale.

LVLM Benchmarks. The rapid advancement of
LVLMs underscores the critical need for effective
benchmarking to reveal model limitations and steer
future development (Liu et al., 2024; Yu et al.,
2024a). While existing benchmarks mainly evalu-
ate perception and reasoning in natural scenes (Liu
et al., 2023b), they largely overlook camouflage
scenarios. In camouflaged environments, targets
are deliberately concealed with weak boundaries
and highly similar foreground—background appear-

ances, as shown in Fig. 1, directly transferring mod-
els and evaluation protocols from natural scenes
is often infeasible. In contrast, domains such as
medicine (Shen et al., 2025; Shao and Hou, 2025),
which involve tasks with structural parallels to
COS, have benefited from more systematic bench-
marking efforts. Consequently, introducing the first
reasoning-oriented LVLM benchmark specifically
tailored to the camouflage domain is essential to
fill this gap and accelerate progress in the field.

3 CamoQuery

Task Settings. To more comprehensively evaluate
LRCOS, we establish the CamoQuery benchmark,
which contains camouflaged images, pixel-level
masks, and implicit query text instructions. Camo-
Query is designed to assess both the quality of mask
prediction and the quality of reasoning explana-
tions. Accordingly, we define two evaluation tasks
that focus on mask generation and explanation gen-
eration, respectively: 1QS and IRE. IQS (Implicit
Query Segmentation) requires a model to gener-
ate a high-quality binary mask m € {0, 1}>W
given a camouflaged image I and a text query in-
struction z. IRE (Intent-Reasoning Explanation)
asks the model to produce a concise explanation
clarifying why the predicted region matches the
inferred intent and what visual evidence supports
this conclusion.

Image sources. To ensure fair and comparable
evaluation, we build CamoQuery upon diverse and
high-quality camouflaged resources released in
prior COS research, including COD10K (Fan et al.,
2022), NC4K (Lv et al., 2021), and CAMO (Le
et al.,, 2019). However, these benchmarks are
largely dominated by a “one-image-one-instance’
setting, which is insufficient to reflect real scenes
where multiple camouflaged targets co-exist and
richer inter-object relations arise. In such cases,

>
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Figure 3: Statistics and camouflaged category examples from MCD dataset. (a) Sunburst visualization of the
taxonomy and category frequency distribution. (b) Image resolution distribution. (c) Instance count per image
distribution. (d) Examples of sub-classes. (¢) Image examples from MCD.

Y

Prompt: You are given a camouflaged image. Your goal is
to write ONE complex implicit query text instruction that
can be used to ask a model to segment this target.

Please follow the rules strictly:

(1) Output a single instruction that asks for the segmentation
mask of the target instance, but keep the query implicit:
describe the target through richer contextual ressoning
and or world knowledge (e.g., plausible intent, function,
behavior, habitat, typical use, or relational constraints), so
that identifying the target requires a longer reasoning chain
rather than direct naming.

(2) Do NOT esplicitly name the target category in the
instruction (avoid exact nouns such as the object’s class
name); use indirect descriptions instead.

(3) Do NOT include any spatial

Prompt: You are given a camouflaged image.
Your goal is to write ONE simple implicit query
text instruction that can be used to ask a model
to segment this target.
| Please follow the rules strictly:
(1) Output a single instruction that asks for the
mask of the target instance, but
keep the query implicit: describe the target
using iis intrinsic attributes (e.g.,

) category/appearancdmatenal) or
A Suncti tic clues, without explicitly
naming it as “the target in the mask”.
(2) Do NOT include any spatial hints (e.g.,
left/right/top/bottom/center).
(3) The instruction must be minimal, [

Simple instructions

Manual Filter i _ unambiguous, and written as one sentence. hints(e.g.,left/right/top/bottom/center).
: & Complex instructions Do not output anything else. (4) The instruction must remain self-contained and
Adjustment unambiguous, written as one sentence.

/“ Do not output anything else.

(a) Text-instruction generation pipeline (b) Prompt for simple instructiom (c) Prompt for complex instruction

Figure 4: Prompt-based instruction drafting pipeline for CamoQuery. Given a camouflaged image, we use prompt
templates to query GPT-4o for drafting implicit query text instructions, followed by human filtering and refinement
to produce the final simple and complex instruction annotations.

implicit instructions often require stronger reason-
ing over contextual cues and object relations, rather
than direct appearance matching. To this end, we
additionally curate MCD (ours) as a multi-instance
complement and include it as one of the image
sources of CamoQuery.

MCD: A multi-instance camouflaged dataset.
New datasets often significantly advance the fron-
tier of visual understanding and reshape existing
paradigms. Motivated by this, we further construct
MCD to enrich the diversity of CamoQuery un-
der more complex and realistic camouflage sce-
narios. The images in MCD are mainly collected
from publicly available natural photography re-
sources and online image repositories, with a pref-
erence for sources that allow academic research
use. MCD contains 2,000 images, each paired with
a pixel-level mask and an implicit query text in-
struction, covering 46 camouflaged categories and
diverse backgrounds such as forests, snowfields,
grasslands, sky, and seawater. Different from the
common “one-image-one-instance” setting in most

COS datasets, MCD deliberately selects images
where multiple camouflaged targets co-exist in the
same scene. This design provides richer inter-
object relations and contextual constraints, making
implicit instruction following substantially more
demanding and increasing the need for reasoning
in multi-instance camouflage scenes. The statistics
in Fig. 3(c) further show that MCD contains a high
proportion of multi-instance co-occurrence sam-
ples, which enhances the dataset’s real-world rele-
vance and raises the task difficulty, better matching
the requirements of LRCOS. More image examples
are provided in the Appendix.

Instruction annotation pipeline. Inspired by
the practice of prior reasoning dataset construc-
tion (Yao et al., 2025), we design two prompts for
simple and complex instructions, as shown in Fig. 4,
and use GPT-4o0 to generate the corresponding sim-
ple/complex draft instructions. We then perform
human filtering and refinement on all drafts to en-
sure clear semantics and consistency with the target
mask. Accordingly, we annotate two styles of im-
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Figure 5: Overall framework of COSA for language-guided reasoning camouflaged object segmentation.

Dataset Img Mask Text Categories Images Text ann.
train test train  test
CAMO v 7/ X 43 1000 250 - -
COD10K v / X 68 3040 2026 - -
NC4K v 7/ X 37 0 4121 - -
ResCAMO v / v 43 1000 250 2118 512
ResCOD10K v / v 68 3040 2026 6120 4264
ResNC4K v v v 37 0 4121 0 8504
MCD v v v 46 1200 800 2532 1921
all (CamoQuery) v v - 5240 7197 10770 15201

Table 2: Comparison between original COS datasets
and our CamoQuery.

plicit query text instructions for each image: (1)
simple instructions that require less reasoning and
typically focus on the target’s function or implicit
attributes. These include functional or behavioral
descriptions (e.g., “the predator waiting to ambush
prey”) or basic local cues. (2) complex instruc-
tions that require richer contextual reasoning or
world knowledge, often involving longer reasoning
chains over safety, practicality, or cross-cue inte-
gration. Specifically, in camouflaged scenes the
instruction is no longer a short, explicit category
name (e.g., “a lizard”), but may instead describe the
intended target through indirect cues that require
reasoning or world knowledge, such as function
or behavior (e.g., “the predator waiting to ambush
prey”) or risk or safety (e.g., “the potentially dan-
gerous camouflaged target to avoid”). Additionally,
for images containing multiple camouflaged can-
didates, we annotate multiple complex instructions
to cover different reasoning paths. Ultimately, the
CamoQuery benchmark contains 12,437 image—
mask samples with a total of 25,971 text instruc-
tions. More annotation details and quality-control
guidelines are provided in the Appendix.

Dataset splits. As summarized in Table 2, Camo-
Query contains 12,437 camouflaged images, each
paired with a pixel-level segmentation mask, and
25,971 implicit query text instructions, and is orga-
nized into four subsets: ResCAMO, ResCOD10K,
and ResNC4K derived from CAMO, CODI10K,
and NC4K, respectively, together with our newly
collected MCD. ResCAMO and ResCOD10K fol-

low the standard train/test splits adopted in prior
COS work, while ResNC4K is treated as a test-
only set consistent with existing benchmarks; MCD
provides an additional 1,200/800 split to enrich
training and evaluation with newly curated cam-
ouflage samples. In total, the benchmark includes
5,240 training images with 10,770 text instructions
and 7,197 test images with 15,201 text instructions.
CamoQuery provides a systematic and extensible
resource for multimodal reasoning camouflaged
object detection research.

4 COSA

Model Overview. LRCOS aims to output a bi-
nary segmentation mask m € {0, 1}Y7*W given
a camouflaged image and an implicit query text
instruction. This task shares a similar formulation
with referring expression segmentation, but it in-
volves complex user query instructions that require
reasoning. As shown in Fig. 5, COSA consists of
four main components: (1) an encoder, (2) a con-
text synthesizer, (3) a large language model (LLM)
adapted with LoRA, and (4) a mask decoder.
Encoder. For an input image I, we use a visual
encoder 7 to extract visual representations. Specif-
ically, the image is encoded into an embedding
F € RN*C where N = H.W. denotes the num-
ber of spatial locations and C' denotes the embed-
ding dimension. Meanwhile, the user instruction
is processed by a text encoder conditioned on the
visual embedding F to generate the text embed-
ding x;y; € RMX*C \where M denotes the number
of queries. This design enables the text embed-
dings to incorporate instruction-relevant visual cues
while maintaining cross-modal consistency. The
visual embedding F captures global image infor-
mation and is projected into the language space
of LLMs through a vision-to-language projection
layer Proj;_, 1.1

Context Synthesizer. This module aims to aggre-
gate text-related visual features and inject them
to generate text embedding representing the cur-
rent image, for better reasoning and explanation.
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With the text embeddings x;,, and visual features
F, context-based aggregation is formulated as:

E = FFN(CrossAttn(x,, F,F)), (1)
E° = Concat{E'};cq,, (2)

where ‘CrossAttn’ refers to cross-attention opera-
tion, while F is the value and key. By the cross-
attention, we further synthesize the visual cues
into the refined text embeddings E'. However, we
argue that not all queries are needed for the re-
fined text embeddings. Unlike QFormer which
adopts 32 queries as input LLM tokens, we pro-
pose to condense these embeddings into more com-
pact ones. After obtaining E, we compute an
attention-response score for each query token as
s; = max; A; ;, where A € RM*N denotes the
cross-attention weight matrix between M query
tokens and IV visual tokens. We then select 2 as
the indices of the K largest scores and concatenate
the corresponding embeddings to form E€. There-
fore, the final input embeddings £ preserve the
most relevant visuals, which helps the LLM better
understand the image content under the given query
and generate more better explanations.
Segmentation Token. Inspired by LISA (Lai et al.,
2024), we adopt the embedding-as-mask strategy.
Under this design, the LLM outputs a specialized
segmentation token [SEG] to encapsulate seman-
tic and spatial information, thereby aligning visual
and textual features in a shared embedding space
for accurate segmentation and explanation. The
[SEG] token serves as a bridge between high-level
multimodal reasoning and low-level spatial pre-
diction: it aggregates the discriminative evidence
required by the query instruction and compresses
such evidence into a compact target representation
suitable for subsequent decoding. However, since
training an LLLM from scratch is prohibitively ex-
pensive, we adopt LoRA to fine-tune the LLM. By
introducing learnable low-rank adaptations, LoORA
better adapts the LLM to camouflaged images and
enables efficient fine-tuning.

Mask Decoder. Before decoding, we apply an
additional projection layer ® to adjust the dimen-
sion of the [SEG] representation. Let higp) € RY
denote the last-layer hidden state at the [SEG] po-
sition in the LLM output sequence. We obtain
Q = ®(hjsgq))- Then, Q together with the visual
embedding F are fed into the mask decoder D to
predict the final mask:

m=D(F,Q), wmel0,JV @3

Training Objectives. To jointly optimize reason-
ing and precise camouflaged object segmentation,
we employ three losses to supervise both the lan-
guage side and the pixel-level mask prediction: a
textual loss Liex¢, a binary cross-entropy loss Lpce,
and a Dice loss Lgice. The final training objective
is a weighted sum:

L= )\textﬁtext + )\bceﬁbce + )\dice»cdice- (4)

where Aext, Abee, and Agice are set to 1.0, 2.0, and
0.5, respectively, following LISA (Lai et al., 2024).

5 Experiments

Dataset. As described in Section 3, we use
the CamoQuery benchmark with its train/test
splits. Moreover, following LISA (Lai et al.,
2024), we additionally leverage training data from
semantic segmentation (ADE20K (Zhou et al.,
2017), COCO-Stuff (Caesar et al., 2018)), referring
segmentation (RefCOCO/RefCOCO+/RefCOCOg,
RefCLEF (Kazemzadeh et al., 2014a)), and vi-
sual question answering (VQA; LLaVA-Instruct-
150k (Liu et al., 2023c¢)) for training. Besides, to
enhance segmentation for fine-grained object parts,
we also leverage part-level segmentation datasets,
including PACO-LVIS (Ramanathan et al., 2023),
PartlmageNet (He et al., 2022), and PASCAL-
Part (Chen et al., 2014). We reformat segmentation-
style datasets into QA pairs with binary-mask su-
pervision, and convert referring descriptions into
vision—text aligned prompts. More implementation
details are provided in the Appendix.

Models. We use LLaVA-7B-v1-1 or LLaVA-13B-
vl-1 (Liu et al., 2023b) as the base multimodal
LLM. We train with AdamW (learning rate 1 x
104, batch size 8) on four NVIDIA RTX 4090
GPUs.

Metrics. We follow prior works (Yao et al., 2025;
Lai et al., 2024; Li et al., 2025) and evaluate mask
quality for IQS using IoU-based metrics, includ-
ing gloU and cloU. Considering the subjectivity
of reasoning-centric outputs, we further adopt an
LLM-as-a-judge protocol to evaluate IRE using
two criteria: Explanation Credibility (EC) and In-
struction Alignment (IA). EF measures whether
the explanation is visually supported by the image
and is consistent with the predicted mask, while
IA assesses whether the explanation aligns with
the query intent and clearly connects the predicted
mask to the requested target. Detailed criteria and
prompts are provided in Appendix.
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(a) IQS segmentation quality (gloU / cloU)

| ResCAMO | ResCOD10K | ResNC4K | MCD
Method

‘ Simple Complex Overall ‘ Simple Complex Overall ‘ Simple Complex Overall ‘ Simple Complex Overall

‘gIoU cloU gloU cloU gloU cIoU‘gIoU cloU gloU cloU gloU cIoU‘gIoU cloU gloU cloU gloU cIoU‘gIoU cloU gloU cloU gloU cloU
LISA-7B 442 40.1 47.0 43.1 456 41.6|504 462 530 49.1 51.7 47.6|48.6 448 512 474 499 46.1|472 436 49.8 46.1 485 4438
GSVA-7B 456 41.2 484 443 47.0 428|521 478 547 50.6 534 492|500 463 527 489 513 476|486 450 513 477 499 463
GLaMM-7B | 46.1 41.7 489 448 475 433|528 485 554 513 541 499|506 469 533 49.6 519 482|492 456 519 483 50.6 469
PixelLM-7B | 47.8 435 50.7 46.6 492 450 53.8 495 565 524 551 509|514 477 541 504 528 49.1 500 46.4 527 49.1 514 4738
POPEN-7B | 49.0 44.8 52.0 48.1 50.5 465|550 509 578 537 564 523|520 483 548 51.1 534 49.7|514 478 542 50.6 528 49.2
Ours-7B 521 483 552 51.6 53.7 499|584 546 612 57.5 59.8 56.0 | 53.4 49.7 56.1 524 548 51.0|52.6 489 553 51.6 539 50.2
LISA-13B 46.8 427 49.6 457 482 442|536 494 564 523 550 508|513 47.6 54.1 504 527 489|50.1 465 529 493 515 479
GSVA-13B 483 442 51.1 472 49.7 457|552 51.0 580 540 56.6 525|528 49.1 556 519 542 505|516 480 544 508 530 494
PixelLM-13B | 50.1 459 529 49.0 51.5 475|562 520 59.0 550 57.6 535|537 500 565 528 551 514|521 485 549 513 535 499
POPEN-13B | 514 473 542 503 528 488|57.6 535 604 565 59.0 550|551 514 579 542 565 528|535 499 563 527 549 513
Ours-13B 557 51.9 588 55.1 57.3 535|615 578 643 60.6 629 59.2|56.8 53.1 59.6 559 582 545|563 527 59.1 554 57.7 54.0

(b) IRE explanation quality (EF / IA)

Method \ ResCAMO \ ResCOD10K \ ResNC4K \ MCD

‘ Simple Complex Overall ‘ Simple Complex Overall ‘ Simple Complex Overall ‘ Simple Complex Overall

| EC TA EC ITA EC ITA|EC IA EC IA EC IA |EC JA EC JA EC JA|EC IA EC IA EC IA
LISA-7B 3.05 290 352 336 336 320|328 3.12 378 3.62 3.60 344|316 3.00 3.65 349 348 3.32|3.10 295 3.58 342 342 3.26
GSVA-7B 3.12 297 3.60 344 344 328|335 3.19 386 3.70 3.68 352|323 307 3.73 3.57 356 340|317 301 3.66 3.50 3.50 3.34
GLaMM-7B | 3.16 3.01 3.65 349 349 333|339 323 390 374 372 3.56|327 3.11 377 361 3.60 344|321 3.05 370 3.54 3.54 3.38
PixelLM-7B | 3.22 3.06 3.74 3.58 3.58 342|346 330 3.98 3.82 380 3.64|334 3.18 3.86 370 3.68 3.52|328 3.12 378 3.62 3.62 3.46
POPEN-7B | 3.30 3.14 382 3.66 3.66 3.50|3.54 338 406 390 3.88 372|342 326 394 378 376 3.60|336 320 3.86 370 3.70 3.54
Ours-7B 348 332 4.08 3.92 390 374|372 356 4.34 418 4.14 398 |3.60 344 420 4.04 4.02 3.86|3.54 338 4.12 396 3.96 3.80
LISA-13B 3.18 3.02 372 3.56 3.56 340|342 326 3.96 3.80 378 3.62|3.30 3.14 3.84 3.68 3.68 3.52|324 3.08 378 3.62 3.62 3.46
GSVA-13B 326 3.10 3.80 3.64 3.64 348|350 334 404 3.88 3.86 3.70 338 322 392 376 376 3.60|332 3.16 3.86 3.70 3.70 3.54
PixelLM-13B | 3.34 3.18 390 3.74 374 358|358 342 4.12 396 394 378|346 330 4.00 3.84 3.84 3.68|340 3.24 394 378 3.78 3.62
POPEN-13B | 342 326 398 3.82 382 3.66|3.66 350 420 4.04 402 3.86|3.54 338 4.08 392 392 3.76|348 332 402 386 3.86 3.70
Ours-13B 3.64 348 426 410 4.10 394|388 372 452 436 434 418|376 3.60 438 422 422 4.06|3.70 3.54 430 414 4.14 398

Table 3: CamoQuery evaluation for LRCOS. Simple contains shorter implicit instructions with lower reasoning
complexity, whereas Complex involves richer contextual reasoning or world knowledge for target grounding. Overall
reports results on the union of Simple and Complex. We report both IQS and IRE scores, higher is better.

5.1 Experimental Results

Quantitative results. Table 3 reports quantitative
results on LRCOS under implicit query instructions.
Specifically, we evaluate (i) IQS, which measures
the quality of intent-consistent segmentation masks,
and (i1) IRE, which measures the quality of reason-
ing explanations. Accordingly, we benchmark both
mask quality (gloU/cloU) and explanation quality
(EC/TA), providing a more task-faithful assessment
for LRCOS. We compare our method with represen-
tative LVLM-based segmentation baselines, includ-
ing LISA (Lai et al., 2024), GSVA (Xia et al., 2024),
GLaMM (Rasheed et al., 2024), PixelLM (Ren
et al., 2024), and POPEN (Zhu et al., 2025), under
both 7B and 13B model sizes (Liu et al., 2023b).
Across all subsets and both instruction styles (Sim-
ple/Complex), our approach consistently delivers
the strongest overall performance on both IQS and
IRE. Notably, COSA improves mask accuracy and
explanation quality simultaneously, indicating bet-
ter intent following in camouflaged scenes. The
context synthesizer injects instruction-relevant vi-
sual cues to better condition the LLM for explana-
tion generation, while the [SEG] token provides a
compact target representation for mask decoding,

yielding the high-quality predicted masks.

Qualitative results. Fig. 6 presents visual compar-
isons between COSA and representative LVLM-
based segmentation baselines under diverse im-
plicit instruction settings in camouflaged scenes.
As can be observed, existing methods often strug-
gle to correctly interpret indirect and reasoning-
intensive queries, especially when the target is visu-
ally entangled with the background or surrounded
by distracting objects with similar appearance pat-
terns. These limitations usually manifest as in-
complete object masks, inaccurate boundary delin-
eation, fragmented predictions, or attention drift to-
ward semantically irrelevant distractors. In contrast,
COSA is able to produce more accurate, complete,
and instruction-consistent segmentations across a
wide range of challenging cases. Even when the
queried target is only indirectly specified through
functional, relational, or semantic cues, our method
can still better associate the implicit instruction
with the intended camouflaged region and suppress
irrelevant responses. This qualitative evidence indi-
cates that COSA has a stronger capability to bridge
implicit intent reasoning and pixel-level localiza-
tion in complex camouflaged environments.
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User: Where the animal is
hidden? Please output a
segmentation mask.

Assistant: Sure, it is [SEG].

User: Please find all
concealed objects and output a §
segmentation mask.

Assistant: Sure, it is [SEG].

User: Which diver is closest to
the camera (not the distant
figures)? Please output a
segmentation mask..

Assistant: Sure, it is [SEG].

Image LISA

PixelLM POPEN COSA (Ours)

Figure 6: Visual comparison among COSA (ours) and existing related methods.

User: Where is the part on the W ] w /]
right side that the bird uses to o <<
[ly? Please output the o >

segmentation mask.
. Assistant: Sure, it is [SEG].

Input Image Output Mask
User: What are the two parts it _—
uses for hearing that stand out > . .
most in the snow? Please output - = » =
the segmentation mask. . -
Assistant: Sure, it is [SEG]. Input Image Output Mask

| User: Where is the long part it
uses for balance at the back?
Please output the segmentation
mask.

‘ Assistant: Sure, it is [SEG].

Input Image Output Mask

Figure 7: Visualization of zero-shot segmentation.

Moreover, we further provide zero-shot quali-
tative results on part-level segmentation in Fig. 7.
Although COSA is not explicitly trained for fine-
grained part segmentation, it still shows promising
generalization ability in identifying object parts
specified by language queries without additional
in-domain training. Compared with conventional
baselines, COSA produces part-level masks that are
more structurally coherent and better aligned with
the queried semantic content. These results sug-
gest that the reasoning and representation abilities
learned by COSA are not limited to whole-object
segmentation, but can also transfer to finer-grained
understanding scenarios, further demonstrating its
robustness and generalization capacity.

5.2 Ablation Analysis

We conduct ablations on the MCD subset of Camo-
Query to quantify the contribution of key COSA
components (Table 4). Starting from the base-
line without the context synthesizer or the [SEG]
token (ID 1), adding the context synthesizer im-
proves both gloU and cloU (ID 2). Introducing
the [SEG] token further boosts performance (ID

ID ‘ Context Sythesizer ToKen \ gloU cloU

1 X X 459 424
2 4 X 498 463
3 4 4 539 50.2

Table 4: Ablation study of key components on the MCD
subset of CamoQuery. (Overall setting).

ID | Condensation strategy | gloU  cloU
1 | None (use all M queries) 51.6 49.1
2 | Random-K queries 52.1 495

3 | Ours (attention-response selection) | 53.9  50.2

Table 5: Ablation on attention-response based query
condensation on the MCD (Overall setting).

3). Table 5 ablates the query condensation strategy
in the context synthesizer. Using all M queries
yields lower performance, and randomly selecting
K queries brings only marginal gains. In contrast,
our attention-response based selection achieves the
best results. More ablation studies are reported in
the appendix, including the design choice of the
SAM backbone and an ablation on the impact of
additional training data sources.

5.3 Referring Expression Segmentation

The referring expression segmentation (RES)
task (Kazemzadeh et al., 2014b) takes as input
an image and a natural-language expression that
refers to a specific object in the image (e.g.,
“Please segment the apple in the image.”), and out-
puts the segmentation mask of the referred ob-
ject. As a classic setting in semantic segmen-
tation, RES provides an intuitive measure of a
model’s language-conditioned visual localization
ability. RefCOCO (Kazemzadeh et al., 2014c),
RefCOCO+ (Kazemzadeh et al., 2014c¢), and Re-
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Model | RefCOCO | RefCOCO+ | RefCOCOg

| Val TestA TestB | Val TestA TestB | Val Test
GRIS 705 732 66.1 | 653 68.1 53.7 | 59.9 604
LAVT 727 75.8 68.8 | 62.1 684 551 |61.2 621
GRES 73.8 76,5 702 [66.0 71.0 57.7 |65.0 66.0

LISA 741 765 723 | 651 70.8 58.1 |67.9 70.6
PixelLM | 73.0 76.5 682 |[66.3 71.7 583 |693 705
GSVA 76.4 774 728 | 645 677 586 |71.1 72.0
Ours 782 80.1 734 |721 742 624 |72.6 720

Table 6: Results on the RES benchmark (cIoU?).

fCOCOg (Mao et al., 2016) provide widely used
evaluation benchmarks for this task.

To assess whether COSA generalizes beyond
camouflaged scenes, we further evaluate it on these
classical RES benchmarks and compare it with rep-
resentative segmentation-oriented baselines. Fol-
lowing prior work (Lai et al., 2024), we report
cloU on the validation and test splits of RefCOCO,
RefCOCO+, and RefCOCOg. As shown in Ta-
ble 6, we include comparisons with representa-
tive RES methods, including CRIS (Wang et al.,
2022), LAVT (Yang et al., 2022), and GRES (Liu
etal., 2023a). COSA achieves strong overall perfor-
mance and consistently outperforms recent LVLM-
based segmenters on most splits. These results
suggest that the reasoning and localization ability
learned from camouflaged scenes can transfer ef-
fectively to conventional referring segmentation,
without sacrificing general RES capability.

5.4 Failure Case Analysis

This section presents representative qualitative ex-
amples that correspond to the limitations (Fig. 8).
First, COSA follows a one-image-per-instruction
interface and may fail when a single query is in-
tended to operate over an image set. As shown in
Fig. 8(a), it segments one image correctly but can-
not consistently localize the corresponding targets
in the remaining images due to the set-level scope
mismatch. Second, COSA is developed for static
images and may be unreliable on videos or multi-
frame inputs: in Fig. 8(b), predictions drift over
time and become temporally inconsistent. Third,
when the queried object is absent, COSA may still
produce a non-empty mask; Fig. 8(c) shows a spu-
rious prediction on a salient region, suggesting lim-
ited rejection ability and imperfect intent calibra-
tion. Overall, COSA and our benchmark provide a
strong and practical baseline for LRCOS; we hope
these findings and resources will facilitate future
research and inspire further breakthroughs, such as

segment the camouflaged
animal whose category is
consistent with the one in this
image, segment all instances
of the same category across
the entire

'
'

i User: Where is the creature

b | that is moving quickly

( ) H (captured in motion) in the

E image? Please output the

! segmentation mask.

User: Can you segment the
mythical animal with a single |}
horn on its forehead in this
image? Please output the
segmentation mask.

(©

Figure 8: Failure cases of COSA. (a) Cross-image in-
struction mismatch. (b) Dynamic/motion-related query
where temporal cues are implied but the input is a single
static frame. (c) Absent-target query where the model
produces a spurious non-empty mask.

supporting cross-image instruction execution, en-
forcing temporal consistency for dynamic inputs,
and improving no-target rejection via curated nega-
tive supervision.

6 Conclusion

In this work, we introduce a new segmentation
task, LRCOS, which extends camouflaged object
segmentation from purely visual perception to
language-guided reasoning and controllable target
understanding. To support this task, we construct
a new benchmark, CamoQuery, and further aug-
ment it with MCD to better capture challenging
multi-instance camouflaged scenarios. Building
upon this benchmark, we present COSA, a segmen-
tation framework designed to associate implicit lan-
guage cues with subtle visual evidence and produce
instruction-consistent masks in complex camou-
flaged scenes. Extensive experiments demonstrate
the effectiveness of COSA on both the proposed
benchmark and several downstream generalization
settings. We hope this work can promote future re-
search on reasoning-oriented camouflaged segmen-
tation, and contribute to real-world applications
such as medical image analysis, surface defect in-
spection, and ecological monitoring.
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Limitations

Despite the strong performance of our approach,
several failure cases suggest room for improvement.
First, our current setting assumes one image per
instruction. Therefore, COSA may struggle when
a single instruction is intended to operate over mul-
tiple images (e.g., “‘segment the poisonous plants
in all images”), since it is designed to process one
input image and output one mask per query. This
work provides a strong baseline, and future exten-
sions could explore instruction-level batching or
task-level aggregation to support such cross-image
queries. Second, COSA is primarily developed for
static images and may be less reliable in dynamic
scenarios, such as videos or multi-frame inputs,
where maintaining temporal consistency becomes
critical. Third, when an instruction refers to an
object that is absent from the image (e.g., ‘segment
the unicorn”), the model may still produce a spuri-
ous mask. Incorporating a no-target rejection token
and curating more diverse instructions (including
negative cases) could mitigate this issue and im-
prove robustness and generalization. We provide
qualitative examples in the appendix. Overall, our
work establishes a strong benchmark for LRCOS,
and we hope it will encourage the community to
further explore and overcome these limitations.

References

Radhakrishna Achanta, Sheila Hemami, Francisco
Estrada, and Sabine Susstrunk. 2009. Frequency-
tuned salient region detection. In Computer Vision
and Pattern Recognition, 2009. CVPR 2009. IEEE
Conference on, pages 1597-1604. IEEE.

Ali Borji, Ming-Ming Cheng, Huaizu Jiang, and Jia Li.
2015. Salient object detection: A benchmark. /EEE
Transactions on Image Processing, 24(12):5706—
5722.

Holger Caesar, Jasper Uijlings, and Vittorio Ferrari.
2018. Coco-stuff: Thing and stuff classes in con-
text. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR),
pages 1209-1218.

Xianjie Chen, Roozbeh Mottaghi, Xiaobai Liu, Sanja
Fidler, Raquel Urtasun, and Alan Yuille. 2014. De-
tect what you can: Detecting and representing objects
using holistic models and body parts. In Proceed-
ings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pages 1971-1978.

Yong Xien Chng, Henry Zheng, Yizeng Han, Xuchong
Qiu, and Gao Huang. 2024. Mask grounding for
referring image segmentation. In Proceedings of

the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pages 26573-26583.

Qing Dong, Lina Sun, Tianxin Han, Minqi Cai, and
Ce Gao. 2024. Pestlite: A novel yolo-based deep
learning technique for crop pest detection. Agricul-
ture, 14(2).

Deng-Ping Fan, Ming-Ming Cheng, Yun Liu, Tao Li,
and Ali Borji. 2017. Structure-measure: A new way
to evaluate foreground maps. In Proceedings of the
IEEE International Conference on Computer Vision
(ICCV).

Deng-Ping Fan, Cheng Gong, Yang Cao, Bo Ren,
Ming-Ming Cheng, and Ali Borji. 2018. Enhanced-
alignment measure for binary foreground map eval-
uation. In Proceedings of the Twenty-Seventh Inter-
national Joint Conference on Artificial Intelligence
(IJCAI-18), pages 698—704. International Joint Con-
ferences on Artificial Intelligence Organization.

Deng-Ping Fan, Ge-Peng Ji, Ming-Ming Cheng, and
Ling Shao. 2022. Concealed object detection. IEEE
Transactions on Pattern Analysis and Machine Intel-
ligence, 44(10):6024-6042.

Deng-Ping Fan, Ge-Peng Ji, Tao Zhou, Geng Chen,
Huazhu Fu, Jianbing Shen, and Ling Shao. 2020.
Pranet: Parallel reverse attention network for polyp
segmentation.

Tianxin Han, Xingwei Wang, Qing Dong, Min Huang,
Jie Jia, and Fu Zhang. 2025. Weakly supervised cam-
ouflaged object detection as progressive perception
learning. Knowledge-Based Systems, 325:113993.

Chunming He, Kai Li, Yachao Zhang, Longxiang Tang,
Yulun Zhang, Zhenhua Guo, and Xiu Li. 2023a. Cam-
ouflaged object detection with feature decomposi-
tion and edge reconstruction. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 22046-22055.

Ju He, Shuo Yang, Shaokang Yang, Adam Kortylewski,
Xiaoding Yuan, Jieneng Chen, Shuai Liu, Cheng
Yang, Qihang Yu, and Alan L. Yuille. 2022. Par-
timagenet: A large, high-quality dataset of parts. In
Computer Vision — ECCV 2022: 17th European Con-
ference, Tel Aviv, Israel, October 23-27, 2022, Pro-
ceedings, Part VIII, volume 13668 of Lecture Notes
in Computer Science, pages 128—145. Springer.

Ruozhen He, Qihua Dong, Jiaying Lin, and Rynson
W. H. Lau. 2023b. Weakly-supervised camouflaged
object detection with scribble annotations. In Pro-
ceedings of the AAAI Conference on Artificial Intelli-
gence (AAAI), pages 781-789.

Xihang Hu, Xiaoli Zhang, Fasheng Wang, Jing Sun,
and Fuming Sun. 2024. Efficient camouflaged object
detection network based on global localization per-
ception and local guidance refinement. /EEE Trans-
actions on Circuits and Systems for Video Technology,
34(7):5452-5465.

22933



Zhou Huang, Hang Dai, Tian-Zhu Xiang, Shuo Wang,
HuaiXin Chen, Jie Qin, and Huan Xiong. 2023. Fea-
ture shrinkage pyramid for camouflaged object de-
tection with transformers. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 5557-5566.

Ge-Peng Ji, Deng-Ping Fan, Yu-Cheng Chou, Dengxin
Dai, Alexander Liniger, and Luc Van Gool. 2023.
Deep gradient learning for efficient camouflaged ob-
ject detection. 20(1):92—-108.

Qi Jia, Shuilian Yao, Yu Liu, Xin Fan, Risheng Liu,
and Zhongxuan Luo. 2022. Segment, magnify and
reiterate: Detecting camouflaged objects the hard
way. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR),
pages 4713-4722.

Sahar Kazemzadeh, Vicente Ordonez, Mark Matten,
and Tamara Berg. 2014a. ReferltGame: Referring to
objects in photographs of natural scenes. In Proceed-
ings of the 2014 Conference on Empirical Methods in
Natural Language Processing (EMNLP), pages 787—
798, Doha, Qatar. Association for Computational
Linguistics.

Sahar Kazemzadeh, Vicente Ordonez, Mark Matten,
and Tamara Berg. 2014b. ReferltGame: Referring to
objects in photographs of natural scenes. In Proceed-
ings of the 2014 Conference on Empirical Methods in
Natural Language Processing (EMNLP), pages 787—
798, Doha, Qatar. Association for Computational
Linguistics.

Sahar Kazemzadeh, Vicente Ordonez, Mark Matten,
and Tamara Berg. 2014c. ReferltGame: Referring to
objects in photographs of natural scenes. In Proceed-
ings of the 2014 Conference on Empirical Methods
in Natural Language Processing (EMNLP), Doha,
Qatar. Association for Computational Linguistics.

Seoyeon Kim, Minguk Kang, Dongwon Kim, Jaesik
Park, and Suha Kwak. 2024. Extending CLIP’s
image-text alignment to referring image segmenta-
tion. In Proceedings of the 2024 Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies (Volume 1: Long Papers), pages 4611-4628,
Mexico City, Mexico. Association for Computational
Linguistics.

Xin Lai, Zhuotao Tian, Yukang Chen, Yanwei Li, Yuhui
Yuan, Shu Liu, and Jiaya Jia. 2024. Lisa: Reason-
ing segmentation via large language model. In 2024
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 9579-9589.

Trung-Nghia Le, Tam V Nguyen, Zhongliang Nie,
Minh-Triet Tran, and Akihiro Sugimoto. 2019.
Anabranch network for camouflaged object segmen-
tation. 184:45-56.

Cheng Lei, Jie Fan, Xinran Li, Tian-Zhu Xiang, Ao Li,
Ce Zhu, and Le Zhang. 2025. Towards real zero-
shot camouflaged object segmentation without cam-
ouflaged annotations. IEEE Transactions on Pattern

Analysis and Machine Intelligence, 47(12):11990—
12004.

Kaiyu Li, Zepeng Xin, Li Pang, Chao Pang, Yupeng
Deng, Jing Yao, Guisong Xia, Deyu Meng, Zhi Wang,
and Xiangyong Cao. 2025. Segearth-rl: Geospatial
pixel reasoning via large language model. ArXiv
preprint: 2504.09644.

Chang Liu, Henghui Ding, and Xudong Jiang. 2023a.
GRES: Generalized referring expression segmenta-
tion. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR),
pages 23592-23601.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae
Lee. 2023b. Visual instruction tuning.

Haotian Liu and 1 others. 2023c. Llava-instruct-150k
(Ilava visual instruct 150k). Hugging Face Datasets.
Accessed: 2026-01-03.

Jiawei Liu, Jing Zhang, and Nick Barnes. 2022. Mod-
eling aleatoric uncertainty for camouflaged object
detection. In Proceedings of the IEEE/CVF Win-
ter Conference on Applications of Computer Vision
(WACV), pages 1445—-1454.

Yan Liu, Kaihua Zhang, Yaqian Zhao, Hu Chen, and
Qingshan Liu. 2023d. Bi-rrnet: Bi-level recurrent
refinement network for camouflaged object detection.
Pattern Recognition, 139:109514.

Yu Liu, Haihang Li, Juan Cheng, and Xun Chen. 2023e.
Mscaf-net: A general framework for camouflaged ob-
ject detection via learning multi-scale context-aware
features. IEEE Transactions on Circuits and Systems
for Video Technology, 33(9):4934-4947.

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li,
Songyang Zhang, Wangbo Zhao, Yike Yuan, Jiaqi
Wang, Conghui He, Ziwei Liu, Kai Chen, and Dahua
Lin. 2024. Mmbench: Is your multi-modal model
an all-around player? In European Conference on
Computer Vision (ECCV).

Yunqiu Lv, Jing Zhang, Yuchao Dai, Aixuan Li, Bowen
Liu, Nick Barnes, and Deng-Ping Fan. 2021. Simulta-
neously localize, segment and rank the camouflaged
objects.

Yixuan Lyu, Hong Zhang, Yan Li, Hanyang Liu, Yifan
Yang, and Ding Yuan. 2023. Uedg: Uncertainty-
edge dual guided camouflage object detection. IEEE
Transactions on Multimedia, 26:4050—4060.

Tianjiao Ma, Jing Bai, Tiantian Li, Shuai Chen, Xi-
aodong Ma, Jie Yin, and Xuesong Jiang. 2021. Light-
driven dynamic surface wrinkles for adaptive visible
camouflage. Proceedings of the National Academy
of Sciences, 118(48):e2114345118.

Junhua Mao, Jonathan Huang, Alexander Toshev, Oana
Camburu, Alan Yuille, and Kevin Murphy. 2016.
Generation and comprehension of unambiguous ob-
ject descriptions. In IEEE Conference on Computer

22934



Vision and Pattern Recognition (CVPR), pages 11—
20.

Youwei Pang, Xiaoqi Zhao, Tian-Zhu Xiang, Lihe
Zhang, and Huchuan Lu. 2022. Zoom in and out:
A mixed-scale triplet network for camouflaged object
detection. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition
(CVPR), pages 2160-2170.

Youwei Pang, Xiaoqi Zhao, Tian-Zhu Xiang, Lihe
Zhang, and Huchuan Lu. 2024a. Zoomnext: A
unified collaborative pyramid network for camou-
flaged object detection. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence. Please add
volume/number/pages/DOI if required by your bibli-
ography style.

Youwei Pang, Xiaoqi Zhao, Jiaming Zuo, Lihe Zhang,
and Huchuan Lu. 2024b. Open-vocabulary camou-
flaged object segmentation.

Vignesh Ramanathan, Anmol Kalia, Vladan Petrovic,
Yi Wen, Baixue Zheng, Baishan Guo, Rui Wang,
Aaron Marquez, Rama Kovvuri, Abhishek Kadian,
Amir Mousavi, Yiwen Song, Abhimanyu Dubey, and
Dhruv Mahajan. 2023. Paco: Parts and attributes of
common objects. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recog-
nition (CVPR), pages 7141-7151.

Hanoona Rasheed, Muhammad Maaz, Sahal Shaji, Ab-
delrahman Shaker, Salman Khan, Hisham Cholakkal,
Rao M. Anwer, Eric Xing, Ming-Hsuan Yang, and
Fahad S. Khan. 2024. Glamm: Pixel grounding large
multimodal model. In 2024 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR),
pages 13009-13018.

Zhongwei Ren, Zhicheng Huang, Yunchao Wei, Yao
Zhao, Dongmei Fu, Jiashi Feng, and Xiaojie Jin.
2024. Pixellm: Pixel reasoning with large multi-
modal model.

Hao Shao and Qibin Hou. 2025. Medseg-r: Medical
image segmentation with clinical reasoning. ArXiv
preprint 2506.18669.

Yiqing Shen, Chenjia Li, Bohan Liu, Cheng-Yi Li, Tito
Porras, and Mathias Unberath. 2025. Operating room
workflow analysis via reasoning segmentation over
digital twins. ArXiv preprint: 2503.21054.

Przemystaw  Skurowski, Hassan  Abdulameer,
J Bflaszczyk, Tomasz Depta, Adam Kornacki,
and P Koziet. 2018. Animal camouflage analysis:
Chameleon database. Unpublished manuscript,
2(6):7.

Ze Song, Xudong Kang, Xiaohui Wei, Haibo Liu, Ren-
wei Dian, and Shutao Li. 2023. Fsnet: Focus scan-
ning network for camouflaged object detection. /IEEE
Transactions on Image Processing, 32:2267-2278.

Tingran Wang, Zaiyang Yu, Jianwei Fang, Jinlong Xie,
Feng Yang, Huang Zhang, Liping Zhang, Minghua
Du, Lusi Li, and Xin Ning. 2025. Multidimensional
fusion of frequency and spatial domain information
for enhanced camouflaged object detection. Informa-
tion Fusion, 117:102871.

Yaming Wang, Jiatong Chen, Xian Fang, Mingfeng
Jiang, and Jianhua Ma. 2024. Dual cross percep-
tion network with texture and boundary guidance for
camouflaged object detection. Computer Vision and
Image Understanding, 248:104131.

Zhaoqing Wang, Yu Lu, Qiang Li, Xunqiang Tao, Yan-
dong Guo, Mingming Gong, and Tongliang Liu. 2022.
CRIS: CLIP-driven referring image segmentation. In
Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pages
11686-11695.

Ranwan Wu, Tian-Zhu Xiang, Guo-Sen Xie, Rongrong
Gao, Xiangbo Shu, Fang Zhao, and Ling Shao. 2025.
Uncertainty-aware transformer for referring camou-
flaged object detection. IEEE Transactions on Image
Processing, 34:5341-5354.

Zhuofan Xia, Dongchen Han, Yizeng Han, Xuran Pan,
Shiji Song, and Gao Huang. 2024. Gsva: Gener-
alized segmentation via multimodal large language
models. In 2024 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pages
3858-3869.

Haozhe Xing, Shuyong Gao, Hao Tang, Tsui Qin Mok,
Yanlan Kang, and Wengiang Zhang. 2023. Tinycod:
Tiny and effective model for camouflaged object de-
tection. In ICASSP 2023 — 2023 IEEE International
Conference on Acoustics, Speech and Signal Process-

ing (ICASSP), pages 1-5. IEEE.

Zhao Yang, Jiaqi Wang, Yansong Tang, Kai Chen, Heng-
shuang Zhao, and Philip H. S. Torr. 2022. LAVT:
Language-aware vision transformer for referring im-
age segmentation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recog-
nition (CVPR), pages 18155-18165.

Mingde Yao, King Man Tam, Menglu Wang, Lingen Li,
and Rei Kawakami. 2025. Language-guided reason-
ing segmentation for underwater images. Informa-
tion Fusion, 122:103177.

Bowen Yin, Xuying Zhang, Deng-Ping Fan, Shaohui
Jiao, Ming-Ming Cheng, Luc Van Gool, and Qibin
Hou. 2024. Camoformer: Masked separable atten-
tion for camouflaged object detection. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence.
Please add volume/number/pages/DOI if required by
your bibliography style.

Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang,
Kevin Lin, Zicheng Liu, Xinchao Wang, and Lijuan
Wang. 2024a. Mm-vet: Evaluating large multimodal
models for integrated capabilities. In Proceedings of
the 41st International Conference on Machine Learn-
ing (ICML), volume 235 of Proceedings of Machine
Learning Research, pages 57730-57754.

22935



Zhenni Yu, Xiaoqin Zhang, Li Zhao, Yi Bin, and
Guobao Xiao. 2024b. Exploring deeper! segment
anything model with depth perception for camou-
flaged object detection. In Proceedings of the 32nd
ACM International Conference on Multimedia, MM
'24, page 43224330, New York, NY, USA. Associa-
tion for Computing Machinery.

Zhenni Yu, Xiaoqin Zhang, Li Zhao, Yi Bin, and
Guobao Xiao. 2024c. Exploring deeper! segment
anything model with depth perception for camou-
flaged object detection. In Proceedings of the 32nd
ACM International Conference on Multimedia (ACM
MM), pages 4322-4330.

Guanghui Yue, Shangjie Wu, Tianwei Zhou, Gang Li,
Jie Du, Yu Luo, and Qiuping Jiang. 2025. Progres-
sive region-to-boundary exploration network for cam-
ouflaged object detection. [EEE Transactions on
Multimedia, 27:236-248.

Hong Zhang, Yixuan Lyu, Qian Yu, Hanyang Liu,
Huimin Ma, Ding Yuan, and Yifan Yang. 2025a. Un-
locking attributes’ contribution to successful camou-
flage: A combined textual and visual analysis strat-
egy. In Computer Vision — ECCV 2024, pages 315—
331, Cham. Springer Nature Switzerland.

Shizhou Zhang, Dexuan Kong, Yinghui Xing, Yue Lu,
Lingyan Ran, Guoqiang Liang, Hexu Wang, and
Yanning Zhang. 2025b. Frequency-guided spatial
adaptation for camouflaged object detection. /IEEE
Transactions on Multimedia, 27:72-83.

Xiaoqin Zhang, Zhenni Yu, Li Zhao, Deng-Ping Fan,
and Guobao Xiao. 2025¢. Comprompter: Reconcep-
tualized segment anything model with multiprompt
network for camouflaged object detection. Science
China Information Sciences, 68(1):112104.

Bolei Zhou, Hang Zhao, Xavier Puig, Sanja Fidler,
Adela Barriuso, and Antonio Torralba. 2017. Scene
parsing through ade20k dataset. In Proceedings of
the IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 633-641.

Lanyun Zhu, Tianrun Chen, Qianxiong Xu, Xuanyi
Liu, Deyi Ji, Haiyang Wu, De Wen Soh, and Jun
Liu. 2025. Popen: Preference-based optimization
and ensemble for Ivim-based reasoning segmentation.
In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 30231-30240.

Appendix Overview. This supplementary mate-
rial provides additional details for our proposed
task and method. We first expand the discussion
of segmentation tasks, which covers both referring
expression segmentation and evaluation on stan-
dard COS benchmarks for fair comparison. Next,
we present extended dataset details of MCD (a
multi-instance camouflaged dataset), including rep-
resentative examples. We then describe the implicit
query instruction annotation pipeline, followed by

the LLM-as-a-Judge metrics used to evaluate IRE.
We futher describe the training data formulation
used in our framework, including how semantic
segmentation, referring segmentation, and VQA
datasets are converted into a unified instruction-
following format. We also provide additional abla-
tion studies to analyze key design choices in COSA,
and conclude with a failure case analysis that high-
lights current limitations and future directions. The
content is organized as follows:

 Evaluation on Standard COS Benchmarks
MCD: A Multi-instance Camouflaged Dataset
Details of implicit query instruction annotation
LLM-as-a-Judge Metrics for IRE

Auxiliary Training Data Formulation

 Ablation Analysis (Additional)

A Evaluation on Standard COS
Benchmarks

Motivation and protocol. Our main task,
Language-Guided Reasoning Camouflaged Ob-
ject Segmentation (LRCOS), differs fundamentally
from conventional Camouflaged Object Segmenta-
tion (COS). LRCOS requires the model to follow
a user-provided implicit query text instruction and
segment the intended camouflaged target, which
may involve reasoning under ambiguous cues and
can further extend to previously unseen categories.
In contrast, COS aims to segment the camouflaged
object(s) in an image without any language in-
put. Therefore, directly comparing LRCOS per-
formance on CamoQuery with COS performance
on standard benchmarks is not meaningful.

To enable a fair comparison under the COS set-
ting, we additionally evaluate COSA on standard
COS benchmarks by removing the query-specific
requirement and instructing COSA to segment the
camouflaged object in each image, i.e., aligning the
evaluation goal with COS. Specifically, for each
test image, we provide a generic instruction that
asks COSA to segment the camouflaged target in
the scene, and then compare the predicted mask
with the ground-truth COS annotation. This evalua-
tion isolates the core mask prediction capability of
COSA and makes the results directly comparable
to prior COS methods.

Datasets. We follow the standard COS evalua-
tion protocol on three widely used benchmarks:
CAMO (Le et al., 2019), COD10K (Fan et al.,
2022), and NC4K (Lv et al., 2021). For each
dataset, we use the official test split and the pro-
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Method pub. | CAMO | CODI10K | NC4K

| Sm  FF™ EP™ M | Sm FF™ EP™ M | Sm Fy™ EF> M
ZoomNet (Pang et al., 2022) CVPRy; | 0.820 0.805 0.889 0.066 | 0.837 0.777 0.896 0.029 | 0.852 0.826 0.903 0.044
SegMAR (Jia et al., 2022) CVPRy; | 0816 0.803 0.884 0.071|0.833 0.774 0906 0.034 | 0.841 0.826 0.907 0.046
UEDG (Lyu et al., 2023) TMM,; | 0.863 0.856 0.929 0.048 | 0.858 0.812 0.934 0.025|0.879 0.864 0.935 0.035
TinyCOD (Xing et al., 2023) ICASSPo3 | 0.822 0.807 0.899 0.066 | 0.811 0.742 0.903 0.036 | 0.843 0.817 0910 0.047
MSCAF-Net (Liu et al., 2023¢) TCSVTas | 0.873 0.867 0.937 0.046 | 0.865 0.823 0.936 0.024 | 0.887 0.874 0942 0.032
FSPNet (Huang et al., 2023) CVPRy3 | 0.856 0.846 0.928 0.050 | 0.851 0.794 0.930 0.026 | 0.879 0.859 0.937 0.035
FEDER (He et al., 2023a) CVPRy3 | 0.802 0.789 0.873 0.071{0.822 0.768 0.905 0.032 | 0.847 0.833 0915 0.044
FSNet (Song et al., 2023) TIP;; | 0.880 0.878 0.941 0.041 [0.870 0.833 0948 0.023 | 0.891 0.880 0.948 0.031
CRNet (He et al., 2023b) AAAls | 0735 0707 0.830 0.092 | 0.733 0.636 0.845 0.049 | - - - -
PRNet (Hu et al., 2024) TCSVTas | 0.872 0.867 0.930 0.050 | 0.873 0.839 0943 0.022|0891 0881 0942 0.031
CamoFormer (Yin et al., 2024) TPAMIs | 0.817 0.801 0.883 0.068 | 0.838 0.786 0.928 0.029 | 0.854 0.829 0.908 0.042
ZoomNeXtyyivan2 (Pang etal., 2024a)  TPAMIs | 0.874 0.873 0931 0.047 | 0.887 0.856 0.945 0.019 | 0.892 0.884 0.941 0.030
DSAM (Yu et al., 2024c) ACM MM, | 0.832 0.834 0920 0.061 |0.845 0.805 0930 0.033|0.872 0.864 0942 0.040
MAMIFNet (Wang et al., 2025) IF55 0.872 0.870 0.935 0.045 [ 0.869 0.826 0.940 0.023 | 0.890 0.878 0.943 0.031
COMPrompter (Zhang et al., 2025c) SCIS;5 | 0.853 0.856 0.931 0.054 |0.860 0.826 0.946 0.027 | 0.880 0.876 0.946 0.036
COSA (Ours) - | 0.888 0.884 0.938 0.045|0.901 0.885 0.952 0.020 | 0.906 0.897 0.949 0.030

Table 7: Quantitative comparison on standard COS benchmarks (CAMO, COD10K, and NC4K). 1 higher is better

and | lower is better.

vided pixel-level ground-truth masks.

Metrics. To be consistent with the COS liter-
ature, we report standard image-level segmen-
tation metrics, including S, (Fan et al., 2017),
Fénax (Achanta et al., 2009), Eglax (Fan et al.,
2018), and MAE (M) (Borji et al., 2015). These
metrics are computed between the predicted mask
and the ground-truth mask for each test image, fol-
lowing common COS evaluation practice.

Discussion. This COS-style evaluation should be
viewed as an auxiliary analysis: it does not measure
instruction following or reasoning (which are cen-
tral to LRCOS), but it verifies that COSA remains
competitive when its objective is aligned to the
conventional COS formulation. The main conclu-
sions of our paper are drawn from LRCOS-specific
evaluation on CamoQuery, while the COS bench-
mark results provide an additional reference for the
general mask segmentation capability of our frame-
work. As shown in Table 7, COSA demonstrates
consistently superior performance across the three
standard COS benchmarks (CAMO, COD10K, and
NC4K), achieving state-of-the-art or near state-of-
the-art results on most metrics. It attains notably
high scores in both structure-based metrics (Sy,)
and region-based metrics (Fé“ax, Eglax), while
maintaining one of the lowest mean absolute errors
(M). These results indicate that COSA possesses
robust segmentation ability and strong generaliza-
tion under conventional COS settings, even though
its primary objective focuses on reasoning-driven
language-guided segmentation.

B MCD: A Multi-instance Camouflaged
Dataset

Motivation. The emergence of new tasks and
datasets has consistently accelerated progress in
computer vision. In the camouflage domain, ex-
isting COS benchmarks largely follow a single-
instance-per-image setting, which is insufficient
to reflect realistic scenes where multiple camou-
flaged targets co-exist and richer inter-object rela-
tions arise. With this in mind, our goals for col-
lecting MCD are: (1) to introduce more realistic
and challenging multi-instance camouflage scenes
that increase reasoning demand, (2) to complement
existing COS data with richer scenario diversity,
and (3) to provide high-quality pixel-level masks
so that MCD can be directly used in standard COS
pipelines. Examples of MCD are shown in Fig. 9.
Image Collection Following common practice in
dataset construction, we prioritize data diversity
and annotation feasibility. MCD contains 2,000
camouflaged images collected from publicly avail-
able natural photography resources and web im-
age repositories. We intentionally select images
where multiple camouflaged targets may appear
in the same scene, covering diverse environments
such as forest, grassland, snowfield, wetland, and
underwater backgrounds. This collection strat-
egy increases the prevalence of multi-instance co-
occurrence, making the dataset more representative
of real scenes and more demanding for reasoning-
oriented segmentation.

Professional Mask Annotation To ensure the reli-
ability and usability of MCD for COS-style evalua-
tion, we employ professional annotators to produce
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Figure 9: Qualitative examples from the MCD dataset. Each image contains multiple camouflaged target instances.

pixel-level ground-truth masks. Each camouflaged
target instance is annotated with a high-quality bi-
nary mask, and images containing multiple targets
are labeled with instance-level masks for all camou-
flaged candidates. Annotators carefully delineate
subtle object boundaries under low contrast, heavy
texture confusion, and partial occlusions, resulting
in accurate object contours suitable for training and
benchmarking.

C Details of implicit query instruction
annotation.

To produce high-quality implicit query text instruc-
tions for LRCOS, we adopt a two-stage annotation
pipeline consisting of LLM-based draft generation
and human filtering and refinement.

Step-1: Prompt-driven draft generation. Given a
camouflaged image and a target instance defined by
its pixel-level mask, we query GPT-40 with prompt
templates (see Fig. 4) to generate instruction drafts.
We design two prompt strategies to cover differ-
ent reasoning depths: (1) simple prompts gener-
ate lightweight-reasoning instructions that typically
rely on identifiable cues such as implicit attributes,
functional hints, or weak semantic evidence to refer
to the target, while explicitly requesting the model
to output the segmentation mask and keeping the
query implicit (i.e., avoiding direct category nam-
ing or explicit phrases like “the target in the mask™);
(2) complex prompts generate deeper-reasoning in-

structions that require richer contextual reasoning
or world knowledge, e.g., using behavior/usage,
relational constraints to surrounding elements, or
cross-cue integration, so that identifying the target
requires a longer reasoning chain rather than direct
naming. To ensure instructions are actionable in
camouflaged scenes, we impose unified constraints
in both prompts: no absolute spatial hints (e.g.,
left/right/top/bottom/center), no anchor-region ref-
erences, and the instruction should remain a single,
executable sentence.

Step-2: Human filtering and refinement. To en-
sure the final annotations meet the needs of training
and evaluation, we recruit annotators with visual
annotation experience to review and refine all LLM
drafts. They follow the quality-control criteria be-
low:

* Relevance: The instruction must provide dis-
criminative clues for the intended target in-
stance; overly generic or scene-irrelevant de-
scriptions are removed.

¢ Clarity: The instruction must be concise and
unambiguous, especially under multi-instance
scenes where multiple candidates may partially
match the text.

¢ Reasonability: The instruction should remain
verifiable through visual evidence and contex-
tual reasoning without explicitly naming the
category; simple instructions keep lightweight
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/—[ Role & Requirements ]_ﬁ

Evaluation Criteria

e

Output in JSON Format

Role: CamoQuery Intent-Reasoning 1) Explanation

Explanation Evaluator (LLM-as-a-Judge)

&2 4-5 points:
Specific, plausible,
verifiable; key cues
correspond to masked
target; no
contradictions.

1. Please evaluate the explanation
given the following inputs:
¢ Image
e Query
* Predicted Mask

¢ Explanation
2-3 points:
Partially grounded but
generic/vague; some
cues weakly supported
or insufficient.

2. Score the explanation using the
following two dimensions:
« Explanation Credibility (EC)
* Instruction Alignment (I1A)

3. Only output the scores in the
JSON format below. Do not output
anything else.

¢ 0-1 points:
Largely ungrounded or

hallucinated details or

4. Evaluate strictly w.r.t. the image irrelevant reasoning.

content and the predicted mask.

|
|
\
-

Credibility (EC) Score | Alignment (IA) Score {

contradicts image/mask;

2) Instruction

"scores": [

{"name":
"explanation_credibility_sc
ore", "score": <0-5>},

4-5 points:

| Accurately captures
implicit intent; explicitly
links mask to requested

| target, covering major b
constraints. {"name":
= "instruction_alignment_sco
2-3 points: re", "score": <0-5>},
mostly aligned but I
’

misses important

| constraints or provides {"name": "total_score",
weak linkage. "'score": <0-10>}
1
> 0-1 points: "summary": '"<one-sentence

Misinterprets intent or
fails to justify why mask
matches requested
target. ¥

diagnostic of the main
reason for the score>"

—
4

Figure 10: LLM-as-a-Judge prompt template for IRE explanation evaluation.

reasoning, while complex instructions reflect a
longer reasoning chain, but both avoid unverifi-
able speculation.

* Consistency: The referred target must strictly
match the given mask; drafts that do not align
with the mask are rewritten.

Organization of final annotations. Each image
is annotated with one simple and one complex im-
plicit instruction as the default setting. For a subset
of images, we additionally annotate multiple com-
plex instructions to increase linguistic diversity and
provide alternative reasoning paths. These extra
complex instructions are intentionally added for
challenging cases, e.g., images with highly ambigu-
ous camouflage cues, multiple plausible candidates,
or fine-grained part-level targets, where a single
complex query may not sufficiently cover diverse
yet valid intents. Accordingly, we prioritize such
images for extra annotation to support part-oriented
zero-shot evaluation under implicit intents and to
better stress-test reasoning robustness. Finally, we
retain the simple/complex pair as the basic unit for
each image-mask sample. This yields two reason-
ing levels over the same image—mask foundation,
enabling systematic evaluation of inftent-consistent
mask generation and intent-reasoning explanations
in camouflaged scenes.

C.1 LLM-as-a-Judge Metrics for IRE

Traditional text-overlap metrics (e.g., BLEU, ME-
TEOR) are not suitable for evaluating intent-
reasoning explanations, as they often fail to reflect
whether an explanation is plausible, instruction-
consistent, and properly justified with respect to the

predicted mask. Therefore, we adopt an LLLM-as-
a-Judge protocol to assess the explanation quality
for IRE. Concretely, given the camouflaged image,
the implicit query instruction (simple or complex),
the predicted mask, and the model-generated expla-
nation, the judge scores the explanation along two
complementary dimensions:
Explanation Credibility (EC). EC measures
whether the explanation is specific, plausible, and
verifiable under the visual evidence and the pre-
dicted mask. High EC requires that the key camou-
flage cues described in the explanation are consis-
tent with what can be inspected in the image/mask
(e.g., texture/color similarity, boundary ambiguity,
low local contrast), while hallucinated details or
contradictions are penalized.
Instruction Alignment (IA). IA evaluates whether
the explanation correctly captures the implicit in-
tent of the instruction and explicitly links the pre-
dicted mask to the requested camouflaged target,
covering major constraints implied by the query.
Explanations that miss important constraints or pro-
vide weak linkage between the query intent and the
selected mask receive lower scores.
Scoring and output format. Both EC and IA are
rated on a 5-point scale with three intervals (0-1,
2-3, 4-5) using clearly defined criteria (Fig. 10).
The total score is computed as:

Stotal = SEC 1+ SIA,  Stotal € [07 10] ©)
To reduce randomness, we repeat the judging pro-
cess multiple times (e.g., 5 runs) and report the
averaged scores. The judge is instructed to output
only a JSON object containing the EC score, 1A
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Dataset M| T|QA

‘ Role in training

CamoQuery (Ours) | v | v | X | In-domain LRCOS

RefCOCO (Kazemzadeh et al., 2014c) | v/ | /| X | Vision—text alignment with referring expressions
RefCLEF (Kazemzadeh et al., 2014a) v/ |/ | X | Vision—text alignment with referring expressions
ADE20K (Zhou et al., 2017) v/ | X | X | Dense pixel supervision (converted to QA-style prompts)
COCO-Stuff (Caesar et al., 2018) v/ | X | X | Dense pixel supervision (converted to QA-style prompts)
LLaVA-Instruct-150k (Liu et al., 2023c) ‘ X ‘ 4 ‘ 4 ‘ General instruction-following and visual reasoning
PACO-LVIS (Ramanathan et al., 2023) | v/ | X | X | Part-level masks for fine-grained segmentation
PartImageNet (He et al., 2022) v/ | X | X | Part-level masks for fine-grained segmentation
PASCAL-Part (Chen et al., 2014) v/ | X | X | Part-level masks for fine-grained segmentation

Table 8: Auxiliary training data in our method. “M”, “T”, and “QA” denote pixel-level masks, text instruc-
tions/expressions, and question—answer supervision, respectively.

ID Incremental setting

CamoQuery SemSeg RefSeg VQA PartSeg gloU cloU

CamoQuery only

+ SemSeg (ADE20K, COCO-Stuff)

+ RefSeg (RefCOCO/+/g, RefCLEF)

+ VQA (LLaVA-Instruct-150k)

+ PartSeg (PACO-LVIS, PartlmageNet, PASCAL-Part)

[ IOV R

v X X X X 494 458
v v X X X 51.1 472
v v 4 X X 51.7 48.0
v 4 v v X 52.1 485
4 v v 4 4 539 502

Table 9: Stepwise ablation on training data types. Starting from CamoQuery, we progressively add semantic
segmentation (SemSeg), referring segmentation (RefSeg), VQA, and part-level segmentation (PartSeg).

score, the total score, and a one-sentence diagnostic
summary, following the template shown in Fig. 10.

D Auxiliary Training Data Formulation
(Additional).

As summarized in Table 8, auxiliary training data
are drawn from widely-used public datasets, in-
cluding semantic segmentation, referring segmen-
tation, part-level segmentation, and visual ques-
tion answering (VQA) datasets. The auxiliary
sources and their reformulation into a unified
instruction-following format are originally curated
by LISA (Lai et al., 2024); this work adopts the
same auxiliary data and follows the identical data
formulation with binary-mask supervision. Further
implementation details can be found in the LISA
paper.

Semantic segmentation data. In LISA (Lai et al.,
2024), semantic segmentation datasets provide im-
ages with multi-class pixel annotations. During
training, one (or several) category(ies) are ran-
domly sampled per image to construct a binary
target mask for the selected category. Each sample
is then converted into a QA pair using templates
such as:

USER: (IMAGE) Can you segment the {class
name} in this image?
ASSISTANT: It is (SEG).

where (IMAGE) denotes the image-token place-
holder and (SEG) corresponds to the output mask.
The binary mask is used as ground truth to super-
vise the mask loss. The adopted datasets include
ADE20K and COCO-Stuft.

Referring segmentation data. In LISA (Lai et al.,
2024), referring segmentation datasets provide an
image and an explicit textual description of the
target, and are reformulated into QA pairs via:

USER: (IMAGE) Can you segment {descrip-
tion} in this image?
ASSISTANT: Sure, it is (SEG).

where {description} is the provided referring ex-
pression. The adopted datasets include RefCOCO,
RefCOCO+, RefCOCOg, and RefCLEF.

Visual question answering (VQA) data. In LISA,
VQA data are included to preserve the original
VQA ability of the multimodal LLM. LLaVA-
Instruct-150k is used for LLaVA v1, and the lan-
guage modeling objective is optimized on the an-
swer texts.

Part-level segmentation data. In LISA (Lai et al.,
2024), part-level segmentation datasets are addi-
tionally used to enhance fine-grained object-part
segmentation. Each annotated part is treated as
a target region with a binary mask, and is refor-
mulated with the same QA templates by replac-
ing {class name} with {part name}. The adopted
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datasets include PACO-LVIS, PartlmageNet, and
PASCAL-Part.

In this work, these LISA-curated sources are
used as auxiliary training data to complement the
in-domain supervision, following the same refor-
mulation and binary-mask supervision strategy.

E Ablation Analysis (Additional)

Contribution of Training Data Types. Table 9
reports a stepwise ablation on auxiliary training
data types. Starting from CamoQuery-only training
(ID 1), progressively adding each data type yields
consistent gains. Incorporating semantic segmen-
tation data improves mask quality, indicating that
dense pixel-level supervision helps stabilize bound-
ary prediction in camouflaged scenes. Adding re-
ferring segmentation data further boosts perfor-
mance, suggesting better vision—text alignment
when grounding target descriptions. Introducing
VQA data brings additional improvements, likely
due to enhanced general instruction-following and
visual reasoning ability. Finally, adding part-level
segmentation data provides the strongest improve-
ment in the later stages, highlighting the impor-
tance of fine-grained part supervision for improv-
ing mask completeness and local details. Overall,
combining all auxiliary data types achieves the best
result, validating that these data sources are com-
plementary and jointly strengthen COSA’s segmen-
tation accuracy under implicit-query camouflage
supervision. All results are reported on the MCD.

22941



