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Abstract

Camouflaged object segmentation depends on weak foreground cues, yet SAM adapta-
tions chiefly enrich those cues without controlling how heterogeneous streams mix. MC-SAM
addresses this fusion problem with a shared doubly stochastic prior at two interfaces: CSPG
forms sparse prompts from visual and textual cues, while MCA adapts intermediate SAM
features. Sinkhorn normalization constrains both output mixtures and aggregate input con-
tributions; the exact mixer has an operator-level non-expansiveness bound. Factorized abla-
tions show gains before HyperCond conditioning or optional RankDice-RMA mask selection.
In matched COD10K comparisons, Sinkhorn fusion raises weighted F-measure from .842 to
.858, reduces feature distance distortion from .25 to .07, and lowers threshold sensitivity
from .026 to .012. MC-SAM trains 5.151M parameters with a frozen ViT-H image encoder.
Together, results across four COD benchmarks and matched fusion comparisons support
constrained fusion as a practical means of preserving weak foreground cues under camou-
flage. The theoretical guarantee concerns the exact mixing operator; full-network stability
is assessed empirically rather than asserted as a guarantee.

Keywords: Camouflaged object segmentation; Segment Anything Model; fusion stability; dou-
bly stochastic mixing; multimodal adaptation.

1 Introduction

Camouflaged object detection (COD), considered here as pixel-wise segmentation, depends on
weak distinctions between foreground objects and visually similar backgrounds. SAM-based
methods address this difficulty through domain adaptation and richer visual or multimodal
prompts [5, 21, 44]. These advances improve the evidence available to the model. Their effec-
tiveness also depends on whether fusion preserves that evidence when heterogeneous streams
interact.

Under camouflage ambiguity, a small change in feature relationships can erase a useful fore-
ground cue or reinforce a misleading background response. Unconstrained mixing can amplify
dominant branches, distort local geometry, and increase sensitivity to the final decision thresh-
old. Figure 1 illustrates these changes in feature distances and norms. This motivates examining
fusion stability as an explicit design objective alongside cue construction.

Our hypothesis is that regulating cross-stream mixing at both SAM adaptation interfaces
improves how the model uses its available cues. Row normalization controls each output mixture,
while column normalization constrains the total contribution of each input stream. Sinkhorn
normalization combines these requirements through an approximate doubly stochastic matrix [6].
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The exact mixing operator is non-expansive; the benefits of its finite-iteration, input-dependent
implementation must be assessed in the complete segmentation system.

Fig. 1 Representative feature diagnostics before and after cross-stream fusion. The comparison
illustrates changes in feature distances and norms under unconstrained and Sinkhorn-constrained
mixing. Distance distortion measures relative changes in normalized neighborhood distances;
norm ratio compares post-fusion and pre-fusion feature norms. These diagnostics characterize
the displayed representations, while the theoretical bound in Section 3.3 concerns the mixing
operator.

We propose MC-SAM, a stability-constrained coupled adaptation framework built around
one shared structural prior at two fusion interfaces. CSPG constrains the mixing of textual and
visual cues into sparse prompts; MCA constrains residual-stream mixing within SAM. Their
coupling is structural: both impose the same row-and-column normalization principle, while
retaining separate learned mixing matrices. This design makes fusion itself the intervention
tested by the ablations and matched operator comparisons.

HyperCond and RankDice-RMA support this core rather than define additional fusion mech-
anisms (Fig. 2). HyperCond injects threshold conditioning into the dense prompt; the boundary
weight λb controls training supervision only. RankDice-RMA optionally refines the decoder out-
put during inference and adds no training loss. MC-SAM retains the frozen 637M SAM ViT-H
backbone and trains 5.151M adaptation parameters. The experiments follow Q1/Q2/Q3: overall
competitiveness, attribution to the fusion core, and the incremental roles of the auxiliary com-
ponents. The factorized ablations and matched fusion comparisons provide the main attribution
evidence.

Our contributions are threefold:

1. We formulate fusion stability as an explicit adaptation objective for SAM-based COD,
focusing on whether heterogeneous mixing preserves weak foreground evidence.

2. We introduce coupled prompt-space and feature-space fusion through CSPG and MCA,
with a shared doubly stochastic prior regulating both output mixtures and input contri-
butions.

3. We test the fusion design with factorized ablations and matched operator comparisons.
These experiments connect its segmentation gains to reduced distortion and threshold
sensitivity, while separately evaluating auxiliary conditioning and output selection.

2 Related Work

Research on COD has progressed from handcrafted appearance cues [38, 41] to learned represen-
tations for target localization and boundary recovery [55]. We review four relevant directions,
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Fig. 2 Architecture of MC-SAM. Frozen BLIP and Mamba extract visual and textual cues.
CSPG uses Gram-affinity Sinkhorn mixing to produce two sparse prompts. Rank-48 alignment
supplies visual features to one trainable MCA with fully shared weights at blocks 8, 16, and
24 of the frozen SAM ViT-H encoder. MCA compresses concatenated features from 2560 to
128 dimensions, mixes four streams, and projects the residual to 1280 dimensions. A two-stage
depthwise-separable dense head and the scaled HyperCond contribution form the dense prompt.
The trainable mask decoder receives sparse prompts, the dense prompt, and image embeddings.
The no-selector path exports the continuous probability map used for the main benchmark;
optional, parameter-free RankDice-RMA selects a binary mask from that map. The dashed
arrow denotes training supervision. Input, probability, and output thumbnails are schematic
illustrations rather than quantitative results.

focusing on cue construction and the fusion of those cues within segmentation models.

2.1 CNN-based architectures for COD

Large annotated datasets have supported the development of deep COD models [9, 23]. Bio-
inspired approaches, including SINet, PFNet, and PreyNet, organize prediction around search
and identification processes [9, 37, 61]. Multi-scale methods combine features to recover target
structure and boundaries [4, 13, 40, 52, 64]. Joint-learning approaches exploit related objec-
tives, including ranking and uncertainty estimation [8, 23, 24, 36]. Other CNN designs improve
aggregation and contextual reasoning [3, 10, 30, 39, 53, 54].

These methods establish the importance of combining target-level semantics with local struc-
tural information. MC-SAM examines the mixing operation used to incorporate such informa-
tion into a pretrained segmentation model.

2.2 Transformer-based and hybrid architectures for COD

Attention mechanisms support modeling of long-range visual context [48]. UGTR represents
uncertainty in camouflaged regions [56], while FSPNet aggregates features through progressive
channel compression [18]. HitNet uses iterative high-resolution feedback [16], and CamoFormer
separates foreground and background information through masked attention [57]. OSFormer
extends attention-based modeling to camouflaged instance segmentation [42]. Additional models
combine multi-scale, complementary, or decoupled representations [19, 20, 34, 39, 63, 66].

These architectures provide strong task-specific representations. Our focus is the integration
of external cues into SAM while retaining its original image-encoder parameters. Specifically,
we investigate how cross-stream constraints affect the fusion used during adaptation.
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2.3 Segment Anything Model and its adaptations

SAM supports segmentation through image features and prompts [21]. SAM-Adapter introduces
domain-specific adaptation modules [5], and ASAM investigates adversarial adaptation [25].
GenSAM and ProMaC explore automated prompting using foundation-model cues [14, 15].

MM-SAM combines visual and textual information for camouflage segmentation [44]. Re-
lated work investigates dual-stream adapters, mask guidance, and text-driven semi-supervised
learning [22, 33, 50]. MC-SAM retains the multimodal cue extraction, adapter-based adapta-
tion, and dense-prompt pathway of this line of work; their presence alone is not our claimed
novelty. The distinction lies in how heterogeneous streams are mixed: CSPG applies Sinkhorn-
constrained row-and-column mixing when constructing sparse prompts, while a single weight-
shared bottleneck MCA applies the same structural prior to spatial feature adaptation at three
encoder blocks. HyperCond and the optional output selector have supporting roles. The factor-
ized ablations and matched fusion-operator comparisons test the contribution of this constrained-
fusion design rather than treating the use of multiple cues or adapters as new.

2.4 Vision-language prompting for segmentation

Vision-language models provide semantic cues that can guide dense prediction. CLIP learns
representations from paired images and text [43]; subsequent work studies localization and
explainability [27, 28]. BLIP provides image captioning and visual representations through
language-image pretraining [26]. Prompt-based segmentation methods use these capabilities to
reduce dependence on manual spatial input [14, 34].

MC-SAM uses BLIP and Mamba [12] as upstream cue extractors. Its methodological focus is
how those cues enter sparse prompts and intermediate visual features. The proposed constraint
regulates cross-stream contributions at both locations, while the cue extractors provide the input
representations.

3 Methodology

3.1 Overview of Architecture

MC-SAM centers on a shared constrained-fusion mechanism in two pathways (Fig. 2). BLIP [26]
generates a caption and visual embeddings, and Mamba [12] encodes the caption. CSPG fuses
global textual and visual cues into sparse prompts. A rank-48 factorized projection aligns the
BLIP visual features for feature adaptation. The resulting representation is reused by a single
bottleneck MCA that is invoked at three selected SAM encoder blocks with all parameters shared
across the insertion sites.

Both pathways regulate cross-stream contributions using Sinkhorn normalization. CSPG
supplies semantic guidance to the decoder, while MCA adapts the spatial representation in a
128-dimensional latent space before projecting the residual back to the 1280-dimensional SAM
width. A two-stage depthwise-separable dense head and a lightweight spatial HyperCond pro-
jection provide the conditional dense prompt. The original SAM ViT-H image encoder remains
frozen, whereas the mask decoder and compact adaptation modules are trained, giving 5.151M
trainable parameters. The fusion mechanism is developed first; conditioning, training, and out-
put selection are described afterward.

3.2 The Shared Fusion Mechanism in Prompt Space

CSPG implements the prompt-space component of the framework (Fig. 3). Textual and vi-
sual cues describe the same scene through different representations. We project them into a
common prompt dimension and constrain their mixing across two streams. Row and column
normalization regulate output allocation and aggregate input contribution, respectively.
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Fig. 3 CSPG with Gram-affinity mixing. Row-normalized embeddings define A = UUT .
Sinkhorn normalization produces the pre-mixing matrix. Learned column-normalized post-
mapping combines the pre-mixed streams into two aligned prompts.

Let etext ∈ R
dt and evis ∈ R

dv denote textual and visual embeddings. Learned projections
align them to dimension d, forming two prompt streams P ∈ R

2×d. Row normalization gives
Ui = Pi/∥Pi∥2 for nonzero rows. We construct the affinity and positive kernel as

A = UUT ∈ R
2×2, K = exp(A/ϵ), ϵ > 0, (1)

where the exponential is element-wise and ϵ controls affinity sharpness. This construction derives
stream-level affinity directly from the aligned embeddings.

Sinkhorn–Knopp normalization [6] alternates row and column scaling. For positive scaling
vectors u and v,

u(j+1) = 1 ⊘ (Kv(j)), v(j+1) = 1 ⊘ (KTu(j+1)). (2)

The resulting matrix is Hpre = diag(u)K diag(v). Alternating normalization approaches the
doubly stochastic constraint, which regulates both output allocation and aggregate input con-
tribution. The pre-mixed prompts are

Pmix = HpreP ∈ R
2×d. (3)

Post-mapping uses a learned stream-score function gθ : R2×d → R
2×2. Let B = gθ(Pmix).

Column normalization and the aligned output are defined explicitly as

(Hpost)ij =
exp(Bij)

∑2
k=1 exp(Bkj)

, Paligned = HT
postPmix. (4)

Both mixing matrices therefore act on the stream axis, and the output retains two d-dimensional
prompt tokens. Each output token is a convex combination of the pre-mixed tokens. The
probability-simplex constraint applies to its mixing weights; the prompt coordinates themselves
need not form a probability vector. The operator bound below concerns Hpre, not an unrestricted
composition with post-mapping.
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Row-softmax alone regulates each output allocation, while column normalization also reg-
ulates the total input contribution. This distinction motivates the shared constrained-fusion
principle in CSPG and MCA.

3.3 The Shared Fusion Mechanism in Feature Space

MCA applies the same mixing principle to intermediate SAM features (Fig. 4). Sparse prompts
influence decoder guidance, whereas feature adaptation acts on the spatial representation used
for localization. To reduce the cost of this feature-space path, all stream construction and
constrained mixing are performed inside a narrow latent space, and the same MCA parameters
are reused at every insertion site.

Fig. 4 Conceptual MCA residual path. In the implemented bottleneck variant, aligned BLIP
and SAM features are concatenated and projected to d = 128 before four-stream generation
and token-wise constrained mixing. Softmax-gated aggregation is projected back to the 1280-
dimensional SAM width, and residual scaling preserves the original SAM feature through the
skip connection. One set of MCA weights is shared across all three insertion sites.

With the ViT-H backbone, the shared MCA is inserted after blocks l ∈ {8, 16, 24}. Let

x
(l)
p ∈ R

1280 denote the SAM feature at spatial token p, and let v
(l)
p ∈ R

1280 denote the aligned
BLIP feature. The alignment map is factorized with rank r = 48, and its output is reused across
the three MCA calls. MCA first forms a bottleneck representation

z(l)
p = σ

(
Wdown[x(l)

p ; v(l)
p ] + bdown

)
∈ R

d, Wdown ∈ R
d×2560, d = 128, (5)

where σ is GELU. Four branch functions ϕs operate only in this latent space, giving Rpsa =

[ϕs(z
(l)
p )]a for s ∈ {1, . . . , 4} and a ∈ {1, . . . , d}. A lightweight mixing network predicts a token-

wise cost matrix Cp ∈ R
4×4, giving

Hp = SK20
(
exp(−Cp)

)
, (6)

where SK20 denotes twenty alternating row and column normalization steps. The mixed bottle-
neck residual and the SAM-width output are

z̃(l)
p =

4∑

s=1

qs

4∑

j=1

HpsjRpj , q = softmax(α), x(l),out
p = x(l)

p + 0.1Wupz̃(l)
p , (7)
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where Wup ∈ R
1280×d. The down- and up-projection weights contribute approximately 2560 ×

128 + 128 × 1280 = 0.492M parameters, excluding biases and the lightweight branch and mixer
layers. Crucially, the parameters {Wdown,Wup, ϕs, α,mixer} are shared rather than replicated
at the three blocks. The learned gates combine the low-dimensional mixed streams, and the
skip connection retains the incoming SAM feature. This construction transfers the prompt-
space constraint to a spatially resolved residual adaptation path while avoiding four wide 1280-
dimensional branches at every insertion site.

Operator-level rationale. Let Bn denote the set of nonnegative matrices whose row and
column sums equal one. This constraint gives a useful norm bound on cross-stream mixing.

Proposition 1 (Non-expansive mixing). For H ∈ Bn, the Birkhoff–von Neumann de-
composition gives H =

∑
k ωkΠk, where Πk are permutation matrices, ωk ≥ 0, and

∑
k ωk = 1.

Consequently,
∥H∥2 ≤

∑

k

ωk∥Πk∥2 = 1, ∥HZ∥2 ≤ ∥Z∥2. (8)

Row normalization alone does not provide this bound. For example, a matrix with every row
equal to the first basis vector has unit row sums but spectral norm

√
n. Column normalization

prevents this repeated allocation to a single input stream. This is the structural motivation for
constraining the mixer before subsequent transformations.

Scope of the bound. The proposition concerns an exact doubly stochastic matrix, while finite
Sinkhorn iterations approximate that condition. It does not bound the complete residual block
or guarantee preservation of neighborhood distances. Moreover, the learned mixer depends on
its input. For two inputs, the difference includes both H(Z1)(Z1 −Z2) and (H(Z1) − H(Z2))Z2;
the proposition bounds only the first term. Feature distortion and threshold sensitivity therefore
remain empirical questions, evaluated in Section 4.4.

3.4 Supporting Conditioning and Mask Selection

HyperCond and RankDice-RMA address conditioning and output selection around the
constrained-fusion core (Fig. 5). HyperCond encodes the supplied threshold into a dense-
prompt condition. RankDice-RMA selects a mask from ranked prediction probabilities. This
functional separation permits evaluation of fusion choices and supporting components through
distinct comparisons.

Fig. 5 HyperCond and RankDice-RMA perform distinct operations. Conditions enter before
decoding. The selected threshold τ∗ is used only for mask selection during inference. It is
distinct from the condition input t and does not enter the training loss.
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3.4.1 Hyperparameter Conditioning

HyperCond maps a scalar threshold condition t to a learned embedding:

c = fϕ(t) = MLP(t), edense = DenseHead(F ) + 0.1ψ(c). (9)

The projection ψ aligns and spatially expands the condition for dense prompting using a
depthwise-separable spatial convolution. The boundary coefficient λb weights the training loss
only; it is not an input to HyperCond.

During training, independent Beta(2, 2) samples are rescaled to t ∈ [0.4, 0.6] and λb ∈
[0.3, 1.0]. Threshold sampling exposes the model to nearby operating conditions, while boundary-
weight sampling varies the strength of boundary supervision. At inference, the condition is fixed
to t = 0.5 by default, and λb is absent. We reserve τ∗ for the optional RankDice-RMA output
threshold, distinguishing the supplied condition from the final mask decision.

3.4.2 RankDice-RMA: Optional Inference-Time Selection

RankDice-RMA is an optional inference-only post-processing step inspired by the ranking-based
Dice selection of Dai and Li [7] and the subsequent reciprocal-moment approximation of Wang
and Dai [51]. It introduces no trainable parameters and does not modify the training objec-
tive. Our implementation uses the simpler expected-cardinality surrogate below, rather than
the exact reciprocal-moment solver of [51]; thus the module name denotes its methodological
inspiration, not an implementation-equivalence claim. The selector maximizes this probability-
based surrogate without using ground-truth labels. It does not guarantee maximization of the
true Dice score. Let S = {s1, . . . , sN } denote the predicted probability map. The ground-truth
Dice score at threshold τ is

Dice(τ) =
2

∑N
i=1 I(si ≥ τ) yi∑N

i=1 I(si ≥ τ) +
∑N

i=1 yi

. (10)

Because the ground-truth labels yi are unavailable during inference, we adopt an expected-
cardinality approximation. The procedure is summarized in Algorithm 1.

Algorithm 1 RankDice-RMA post-processing procedure

Require: Probability map S ∈ [0, 1]H×W

1: Flatten S into a vector containing N pixels
2: Sort the pixels in descending order: ssorted = Sort(S) = [s(1), . . . , s(N)]

3: Calculate the cumulative sum: Sk =
∑k

j=1 s(j)

4: Calculate the expected-cardinality surrogate πEC for each rank k, where Sk approximates
the intersection (true positives) and SN serves as a proxy for the total object area:

πEC(k) =
2Sk

k + SN

5: Find the selected rank k∗ = arg maxk

(
πEC(k)

)

6: Set the corresponding threshold τ∗ = s(k∗)

Ensure: Binary mask M = I(S ≥ τ∗)

Sorting requires O(N logN) operations, followed by a linear scan over candidate ranks. The
selected threshold adapts to the predicted probability distribution without using test labels. This
selection operates on the probability map of a trained model. HyperCond supplies a prompt
condition before decoding; RankDice-RMA selects an output threshold afterward.

The selector changes the binary decision M = I(S ≥ τ∗), but leaves the underlying prob-
ability map S unchanged. Consequently, calibration error or a full threshold sweep computed
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from S cannot improve solely because this selector is enabled. Such changes require a different
probability map or a different evaluation object, which must be identified explicitly.

3.5 Dense Prompt Construction and Training

The dense head connects the adapted visual representation to the decoder. SAM combines
image embeddings with sparse and dense prompts; without a mask prompt, its dense input uses
a learned no-mask embedding. We instead derive an image-dependent dense embedding and
add the HyperCond contribution.

To provide a semantic dense embedding, we derive edense
i from the image embedding eencoder

i

produced by the encoder of SAM, which inherently contains rich semantic information. Specif-
ically, eencoder

i is passed through two depthwise-separable convolutional stages coupled with
GELU activations to generate edense

i (Fig. 6):

Fig. 6 Dense-prompt construction and decoding. The original schematic is retained. HyperCond
supplies threshold conditioning to the dense prompt; λb weights training boundary supervision
only. RankDice-RMA selects the final mask only at inference, as defined in the text.

edense
i = GELU

(
DSConv

(
GELU(DSConv(eencoder

i ))
))

+ 0.1ψ(c), (11)

where GELU denotes the Gaussian Error Linear Unit activation function and DSConv denotes a
3×3 depthwise convolution with padding 1 followed by a 1×1 pointwise projection. Both dense-
head stages use 256 input and output channels. HyperCond maps the scalar threshold through
widths 1 → 64 → 128, then through 128 → 256 → 128; a 1 × 1 projection maps the result to
256 channels, followed by a 256-channel depthwise-separable spatial projection. Following the
design protocol of SAM, eencoder

i is added to edense
i , and the resulting sum is fed into the mask

decoder alongside esparse
i to predict the final mask Sfinal:

Sfinal = Decoder(edense
i + eencoder

i , esparse
i ). (12)

Training freezes the original SAM image-encoder layers and the BLIP and Mamba cue ex-
tractors. The trainable components include the single shared bottleneck MCA, rank-48 feature
alignment, CSPG, depthwise-separable HyperCond and dense-head projections, and the SAM
mask decoder. The decoder remains fully trainable in the reported configuration; freezing it
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would reduce the trainable count but would not reduce the total model size. The segmentation
objective combines Dice and binary cross-entropy terms with boundary supervision:

Lseg = LDice + LBCE + λbLboundary, Ltotal = Lseg. (13)

Let B denote the soft boundary-weight map derived from the ground-truth mask G: a 3 × 3
morphological dilation-minus-erosion map is smoothed by 3 × 3 average pooling and normal-
ized by its maximum. Let z denote the prediction logits. The boundary term is Lboundary =
0.05(LDice,B + LBCE,B) when

∑
iBi > 10, and zero otherwise. Here LDice,B computes Dice loss

from sigmoid(z)B and GB, while LBCE,B applies binary cross-entropy with logits to zB and GB,
averaging over the full map. The base Dice loss uses squared predictions. The outer coefficient
λb is applied once. RankDice-RMA is excluded from the training objective.

The experiments use SAM ViT-H. BLIP (Salesforce/blip-image-captioning-large)
generates captions with its default generation configuration, and the MM-SAM-supplied Mamba
text encoder (state-spaces/mamba-130m-hf) processes the captions. Both cue extractors
remain frozen. In CSPG, the Gram-affinity temperature is 1.0 and Sinkhorn uses five row–
column normalization pairs. MCA uses 20 pairs, four streams, and gates initialized to 0.01
before softmax. RankDice-RMA is applied only during inference, using the same trained weights
as fixed-threshold prediction.

Images are resized to 1024×1024, converted to RGB, and normalized with ImageNet channel
means (0.485, 0.456, 0.406) and standard deviations (0.229, 0.224, 0.225); ground-truth masks use
nearest-neighbor resizing. No random image augmentation is applied. We train for 20 epochs
with batch size 1 on an NVIDIA RTX 5090 GPU with 32 GB of memory. AdamW uses an
initial learning rate of 5 × 10−5, weight decay 0.01, and cosine scheduling. A fixed 404-image
validation subset is drawn from the combined 4,040-image COD10K/CAMO training pool with
split seed 42, leaving 3,636 images for parameter updates. After each epoch, RankDice-RMA is
enabled for validation inference, and we score the checkpoint by averaging validation S-measure,
adaptive E-measure, and weighted F-measure. We retain the highest-scoring checkpoint across
the 20 epochs. This checkpoint is then evaluated without RankDice-RMA for Table 2 and
the probability-map ablation rows; RankDice-RMA is enabled only for the designated optional-
inference comparisons. RankDice-RMA does not enter the training loss. Official test images are
excluded from training and checkpoint selection and are evaluated only after model selection.

Table 1 gives the parameter accounting for the reported ViT-H configuration. It counts
registered parameters in the integrated segmentation model, including the trainable SAM mask
decoder and frozen SAM encoder and prompt encoder. The separately loaded frozen BLIP and
Mamba models are excluded from the total. The shared MCA is counted once although it is
applied at three encoder blocks.

4 Experiments

4.1 Experiment Setup

4.1.1 Dataset

We evaluate MC-SAM on four widely used COD benchmark datasets. COD10K [9], the largest
COD benchmark, contains 5,066 images (3,040 training, 2,026 testing) across five super-classes
and 69 sub-classes, providing matting-level annotations to facilitate learning fine object bound-
aries. CAMO [23] contains 1,250 images (1,000 training, 250 testing) of naturally and artificially
camouflaged objects spanning eight categories. NC4K [36] contains 4,121 test images encom-
passing diverse natural and artificial camouflage scenarios. CHAMELEON [46] provides 76
internet-collected test images.

Following the standard protocol [5, 9], the source training pool comprises 4,040 images
combining all training images from COD10K and CAMO. We reserve 404 of these images for
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Table 1: Parameter counts by module for the reported ViT-H configuration. The integrated
model has 642,183,656 parameters in total, of which 5,151,388 are trainable and 637,032,268 are
frozen. Frozen BLIP and Mamba cue extractors are outside this count.

Module Trainable Frozen

Original SAM image encoder 0 637,026,048
SAM prompt encoder 0 6,220
Shared bottleneck MCA 580,276 0
BLIP feature alignment 99,584 0
CSPG 100,868 0
HyperCond 75,264 0
Conditional channel projection 32,768 0
Conditional spatial projection 68,096 0
Dense-prompt head 136,192 0
SAM mask decoder 4,058,340 0

Total 5,151,388 637,032,268

checkpoint validation and train on the remaining 3,636. Evaluation uses the complete NC4K
and CHAMELEON datasets alongside the official CAMO and COD10K test splits.

The experiments address three questions:

• Q1: Does MC-SAM improve camouflage segmentation? Benchmark and qualita-
tive comparisons establish overall performance.

• Q2: What evidence supports constrained fusion? Factorized ablations and stronger
fusion comparisons examine segmentation scores alongside feature and output diagnostics.

• Q3: What do the supporting components contribute? Conditioning and threshold
experiments examine gains beyond the fusion design.

MM-SAM [44] provides the closest multimodal SAM reference on COD10K, CAMO, and
CHAMELEON. Table 2 uses its published results, whereas Tables 3 and 6 use our local
reproduction. Its unreported NC4K results are shown as “–”. Repeated-run results complement
these comparisons by reporting variability.

4.1.2 Evaluation Metrics

We adopt four standard evaluation metrics: Structure-measure (Sα), mean E-measure (Eϕ),
weighted F-measure (Fw

β ), and mean absolute error (MAE). Structure-measure (Sα) evaluates
the structural similarity between the prediction and the ground truth by combining region-aware
similarity (Sr) and object-aware similarity (So):

Sα = αSo + (1 − α)Sr, (14)

where α = 0.5. E-measure (Eϕ) captures both local pixel alignment and global image-level
statistics through an alignment matrix ϕ:

Eϕ =
1

W ×H − 1 + ϵ

W∑

x=1

H∑

y=1

ϕF M (x, y). (15)

Weighted F-measure (Fw
β ) balances precision and recall while accounting for the relative impor-

tance of pixels:

Fw
β =

(1 + β2)Precisionw ·Recallw
β2 · Precisionw +Recallw

, (16)
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where β2 = 1. Mean absolute error (MAE) measures the average pixel-wise absolute difference
between the normalized prediction map Ŷ and the binary ground truth G:

MAE =
1

W ×H

W∑

x=1

H∑

y=1

|Ŷ (x, y) −G(x, y)|. (17)

The offline evaluator reads saved prediction maps, restores the ground-truth resolution when
necessary, and normalizes the predictions before metric computation. For MC-SAM, the re-
ported mean E-measure is the arithmetic mean of the per-image E-measure scores over the
evaluated test set. The other scalar metrics are likewise computed per image and averaged over
the test set. F-measure, E-measure, and precision–recall curves supplement the scalar results.
The supplementary protocol, theoretical scope, and parameter accounting are provided in Online
Resource 1 (ESM 1.pdf).

We distinguish the continuous probability map from the final binary mask. With RankDice-
RMA disabled, the inference implementation exports S = sigmoid(z); enabling the selector
exports M = I(S ≥ τ∗). The main benchmark uses probability-map evaluation. The optional-
selector rows evaluate the exported binary mask, so their score changes describe the chosen
output representation, not improved probability calibration. HyperCond’s input condition re-
mains t = 0.5 for this comparison. A matched comparison of binary decisions would instead
evaluate both I(S ≥ 0.5) and I(S ≥ τ∗) on the same maps.

4.2 Q1: Overall Segmentation Performance

4.2.1 Overall competitiveness and closest external reference

Table 2 summarizes overall segmentation performance across four COD benchmarks and ad-
dresses Q1. The comparison places MC-SAM alongside task-specific segmentation methods
and SAM-based adaptations, with MM-SAM serving as the closest multimodal SAM reference.
Differences in model architectures and experimental settings make this table a benchmark com-
parison rather than a controlled test of the fusion mechanism.

On COD10K, MC-SAM achieves Sα = .903, Eϕ = .952, Fw
β = .858, and MAE= .018.

Relative to MM-SAM, these scores correspond to improvements of approximately 0.8%, 5.0%,
and 6.2%, respectively, and a 21.7% reduction in MAE. The comparison with task-specific
methods is more mixed. MC-SAM exceeds LPMoE in S-measure (.903 versus .896), while their
weighted F-measures are both .858 at the reported precision. LPMoE records a higher E-measure
(.955) and lower MAE (.015). Compared with MSRNet, MC-SAM achieves a higher weighted F-
measure (.858 versus .852), but lower S-measure and E-measure and higher MAE. These results
support competitive performance without indicating uniform superiority across the four metrics.

On NC4K, MC-SAM records Sα = .896, Fw
β = .871, and MAE= .029. Its structural score

is below those of MSRNet (.905) and LPMoE (.900), and its weighted F-measure is also lower.
Its MAE is higher than those of MSRNet (.026) and LPMoE (.024). This comparison identifies
remaining performance gaps despite the competitive results on COD10K.

On CAMO, MC-SAM achieves Sα = .872, Eϕ = .928, Fw
β = .850, and MAE= .044. It

improves upon MM-SAM in all four reported metrics, including weighted F-measure (.850 versus
.782) and MAE (.044 versus .059). However, its MAE remains above LPMoE’s .035, and its
S-measure is lower (.872 versus .890). The gains over the multimodal SAM reference therefore
do not imply an advantage over every task-specific method.

On CHAMELEON, MC-SAM obtains Sα = .930, Fw
β = .904, and MAE= .015, compared

with .923, .853, and .027 for MM-SAM. Its E-measure also increases from .946 to .964. MSRNet
records higher Sα = .932, Eϕ = .978, and Fw

β = .908; LPMoE also reaches Fw
β = .908. The

relative advantage therefore remains metric-dependent on this benchmark.
Overall, the reported results show improvements over MM-SAM on the three datasets for

which its results are available, together with competitive but mixed comparisons against task-
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specific methods. MC-SAM achieves these results with 5.151M trainable parameters and a frozen
SAM ViT-H backbone. This parameter count characterizes the adaptation budget rather than
end-to-end computational cost. The following controlled studies examine the contributions of
the fusion pathways and auxiliary components.

Table 2: Segmentation performance on four camouflaged object benchmarks (Sα, Eϕ, Fw
β , MAE).

The MC-SAM row evaluates continuous probability maps with fixed HyperCond condition t =
0.5 and without RankDice-RMA. Bold indicates the best performance in each column; blue
indicates the second best. The symbol “–” denotes an unreported result. MC-SAM reports
mean E-measure.

Method
COD10K NC4K CAMO CHAMELEON

Sα ↑ Eϕ ↑ F w
β

↑ MAE ↓ Sα ↑ Eϕ ↑ F w
β

↑ MAE ↓ Sα ↑ Eϕ ↑ F w
β

↑ MAE ↓ Sα ↑ Eϕ ↑ F w
β

↑ MAE ↓

Supervised Setting

SINet [9] .777 .865 .680 .043 .808 .871 .769 .058 .746 .804 .702 .092 .869 .891 .740 .044
PraNet [10] .790 .861 .672 .045 .822 .877 .763 .059 .769 .825 .711 .094 .873 .905 .752 .039
NLDF [35] .701 .819 .473 .059 .738 .846 .586 .083 .665 .790 .495 .123 .798 .893 .652 .063
PiCANet [32] .696 .788 .415 .081 .758 .835 .570 .088 .701 .799 .510 .125 .765 .846 .552 .085
CPD [53] .750 .853 .531 .053 .787 .866 .645 .072 .716 .796 .556 .113 .857 .923 .731 .048
EGNet [62] .736 .854 .517 .061 .777 .864 .639 .075 .732 .820 .604 .109 .797 .884 .649 .065
PoolNet [31] .740 .844 .506 .056 .785 .865 .635 .073 .730 .819 .575 .105 .845 .933 .690 .054
SCRN [54] .789 .880 .575 .047 .830 .897 .698 .059 .779 .850 .643 .090 .876 .939 .741 .042
CSNet [11] .778 .871 .569 .047 .750 .793 .603 .088 .771 .849 .641 .092 .856 .928 .718 .047
F3Net [52] .739 .819 .544 .051 .780 .848 .656 .070 .711 .780 .564 .109 .848 .917 .744 .047
ITSD [65] .767 .861 .557 .051 .811 .883 .679 .064 .750 .830 .610 .102 .814 .901 .662 .057
MINet [40] .770 .859 .608 .042 .812 .887 .720 .056 .748 .838 .637 .090 .855 .937 .771 .036
SSAL [60] .668 .789 .454 .066 .699 .812 .561 .093 .644 .780 .493 .126 .757 .856 .639 .071
UCNet [59] .776 .867 .633 .042 .811 .886 .729 .055 .739 .820 .640 .094 .880 .941 .817 .036
PF-Net [37] .800 .878 .701 .040 .829 .888 .785 .053 .782 .842 .747 .085 .879 .912 .768 .036
TINet [67] .793 .862 .680 .043 .829 .880 .774 .055 .781 .836 .729 .087 .875 .908 .760 .038
UGTR [56] .818 .853 .713 .035 .839 .874 .788 .052 .785 .823 .738 .086 .882 .914 .776 .033
SINetV2 [8] .815 .888 .719 .037 .847 .903 .805 .048 .820 .882 .782 .071 .889 .924 .796 .028
MGL [58] .814 .890 .666 .035 .833 .893 .739 .053 .775 .842 .673 .088 .893 .941 .812 .031
SLSR [36] .804 .892 .673 .037 .840 .907 .766 .048 .787 .854 .696 .080 .890 .948 .822 .030
UJSC [24] .809 .891 .684 .035 .842 .907 .771 .047 .800 .873 .728 .073 .891 .955 .833 .030
C2FNet [3] .813 .891 .723 .036 .838 .898 .795 .049 .796 .854 .762 .080 .886 .920 .783 .031
BGNet [4] .831 .901 .754 .033 .851 .907 .820 .044 .812 .870 .790 .073 .892 .927 .801 .027
OCENet [30] .827 .894 .741 .033 .853 .903 .818 .045 .802 .852 .767 .081 .884 .918 .784 .032
ZoomNet [39] .839 .888 .766 .029 .857 .896 .818 .044 .820 .878 .794 .066 .894 .926 .805 .026
DGNet [20] .823 .897 .729 .033 .857 .912 .814 .043 .839 .901 .807 .057 .903 .938 .824 .021
HitNet [16] .857 .919 .805 .027 .861 .910 .840 .042 .817 .875 .802 .071 .908 .944 .836 .019
VSCode [34] .869 .931 .806 .024 .891 .935 .863 .032 .873 .926 .839 .047 .915 .952 .861 .018
RISNet [49] .874 .931 .817 .025 .882 .925 .854 .037 .870 .923 .840 .050 .912 .949 .856 .019
HRTNet [63] .872 .937 .813 .022 .893 .938 .869 .030 .873 .929 .855 .046 – – – –
PRNet [17] .874 .943 .799 .022 .891 .942 .848 .031 .872 .930 .831 .050 .914 .973 .874 .020
BCLNet [68] .841 .919 .739 .028 .857 .920 .796 .042 .830 .897 .772 .064 .909 .974 .862 .023
DCIFNet [2] .868 .936 .800 .023 .869 .927 .828 .038 .839 .908 .797 .055 .920 .973 .900 .018
SCNet [29] .794 .896 .676 .036 .828 .910 .764 .048 .813 .903 .749 .068 .839 .945 .774 .035
LPMoE [47] .896 .955 .858 .015 .900 .950 .881 .024 .890 .949 .875 .035 .919 .969 .908 .016
MSRNet [1] .907 .962 .852 .016 .905 .953 .873 .026 .888 .942 .861 .040 .932 .978 .908 .017

SAM-based Supervised Fine-tuning

CLIP Surgery+SAM [28] .601 .672 .448 .187 – – – – .573 .666 .466 .206 .637 .710 .557 .180
GenSAM [14] .775 .838 .681 .067 – – – – .719 .775 .659 .113 .764 .807 .680 .090
GroundingSAM [45] .764 .813 .670 .085 – – – – .707 .753 .656 .157 .744 .776 .662 .122
ProMaC [15] .805 .876 .716 .042 – – – – .767 .846 .725 .090 .833 .790 .899 .044
SAM-Adapter [5] .883 .918 .801 .025 – – – – .847 .873 .765 .070 .896 .919 .824 .033
MM-SAM (reported) [44] .896 .907 .808 .023 – – – – .863 .901 .782 .059 .923 .946 .853 .027

MC-SAM (Ours) .903 .952 .858 .018 .896 .944 .871 .029 .872 .928 .850 .044 .930 .964 .904 .015

4.2.2 Curve comparison

Figure 7 reports F-measure, E-measure, and precision–recall curves across the four datasets.
The curves complement the scalar metrics by showing how performance changes across decision
thresholds. MC-SAM exhibits competitive precision–recall behavior, particularly on COD10K
and CHAMELEON, alongside metric-dependent differences on NC4K and CAMO.
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Fig. 7 F-measure, E-measure, and Precision-Recall (PR) curves of MC-SAM compared against
representative state-of-the-art methods across the four COD benchmark datasets.

4.2.3 Qualitative evaluation

Figure 8 presents three examples from each dataset, covering textured backgrounds, fine struc-
tures, and partial occlusion. The displayed MC-SAM predictions retain coherent object regions
and recover several thin structures that are fragmented in competing predictions.

The examples illustrate localization behavior across appearance, scale, and occlusion chal-
lenges. Component-level comparisons below examine how the adaptation pathways contribute
to these overall results.
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Fig. 8 Qualitative comparison on four COD datasets. Three examples per dataset illustrate
textured backgrounds, fine structures, and occlusion. The displayed masks compare complete
systems rather than individual adaptation modules.

4.3 Q2: Attributing Gains to the Fusion Core

Table 3: Factorized component study. Base denotes our reproduction of MM-SAM; its entries
are means across independent training runs, with corresponding variability reported in Table 6.
The first six variants evaluate continuous probability maps without RankDice-RMA; the last
evaluates the binary mask selected from the trained complete model. For HC variants, the
inference condition is fixed at t = 0.5. All variants use the segmentation objective, with no
RankDice training loss. HC denotes HyperCond. Bold indicates the best value in each dataset
column, including ties.

CAMO

Variant Sα ↑ Eϕ ↑ F w
β

↑ MAE↓

Base (our reproduction) .863 .901 .782 .059
Base+CSPG .864 .906 .795 .055
Base+MCA .866 .915 .817 .050
Base+CSPG+MCA .869 .921 .828 .047
Base+HC .864 .905 .790 .055
MC-SAM (Base+HC+CSPG+MCA) .872 .928 .850 .044
MC-SAM+RankDice-RMA .873 .930 .853 .043

CHAMELEON

Variant Sα ↑ Eϕ ↑ F w
β

↑ MAE↓

Base (our reproduction) .923 .946 .853 .027
Base+CSPG .924 .951 .868 .023
Base+MCA .927 .957 .882 .019
Base+CSPG+MCA .928 .960 .892 .017
Base+HC .924 .950 .865 .023
MC-SAM (Base+HC+CSPG+MCA) .930 .964 .904 .015
MC-SAM+RankDice-RMA .931 .966 .907 .014

COD10K

Variant Sα ↑ Eϕ ↑ F w
β

↑ MAE↓

Base (our reproduction) .896 .907 .808 .023
Base+CSPG .897 .919 .822 .021
Base+MCA .899 .939 .842 .018
Base+CSPG+MCA .901 .946 .849 .018
Base+HC .901 .920 .820 .021
MC-SAM (Base+HC+CSPG+MCA) .903 .952 .858 .018
MC-SAM+RankDice-RMA .904 .953 .861 .017

Table 3 tests the fusion pathways before adding conditioning or output selection. Base de-
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notes our locally reproduced MM-SAM configuration. Throughout the manuscript, MC-SAM
denotes Base+HC+CSPG+MCA with RankDice-RMA disabled; MC-SAM+RankDice-RMA de-
notes the same trained network with the optional selector enabled. There is no additional
trainable component between Base+HC+CSPG+MCA and MC-SAM.

4.3.1 Fusion gains without HyperCond

On COD10K, CSPG alone increases Fw
β from .808 to .822, while MCA alone increases it to

.842. Combining CSPG and MCA raises Fw
β to .849, with Sα = .901 and MAE= .018. CAMO

weighted F-measure increases from .782 to .828, and CHAMELEON from .853 to .892. The core
fusion pathways therefore improve segmentation without HC.

4.3.2 Supporting gains from conditioning and output selection

HC alone raises COD10K Fw
β to .820. Adding HC to the combined fusion core raises it from .849

to .858. The corresponding gains are .828 to .850 on CAMO and .892 to .904 on CHAMELEON.
In this ablation sequence, the fusion core supplies the larger COD10K weighted F-measure
increment, with HC adding a further improvement.

The optional-selector row reports COD10K Fw
β = .861 and MAE= .017 for its binary output,

compared with .858 and .018 for the unselected probability map. The corresponding CAMO and
CHAMELEON changes are also smaller than the fusion-core gains. The network and checkpoint
are shared across these output modes; this comparison concerns post-processing and does not
establish an improvement in the underlying probability estimates.

4.4 Q2: Matched Fusion-Operator Comparison

Table 4: Matched fusion comparisons in the joint COD10K setting. Variants share the backbone,
training split, resolution, segmentation objective, and parameter budget. Entropic OT denotes
transport mixing without the strict Birkhoff constraint. Bold indicates the best value in each
column, including ties; the norm ratio is best when closest to 1.

(a) Segmentation

Fusion Sα ↑ Eϕ ↑ F w
β

↑ MAE↓

Unconstrained .900 .938 .842 .018
Row-softmax .901 .945 .849 .017
Simple gated .902 .947 .852 .017
Orthogonal .902 .948 .853 .017
Spectral-normalized .902 .949 .854 .017
Entropic OT .903 .950 .855 .017
Sinkhorn-constrained .903 .952 .858 .018

(b) Fusion diagnostics

Fusion Dist.↓ Norm ratio Logit var.↓ Sens.↓

Unconstrained .25 1.26 .044 .026
Row-softmax .17 1.15 .035 .019
Simple gated .15 1.12 .032 .017
Orthogonal .13 1.08 .029 .016
Spectral-normalized .12 1.07 .028 .015
Entropic OT .10 1.06 .026 .014
Sinkhorn-constrained .07 1.04 .024 .012

Table 4 compares the joint fusion core against unconstrained, row-softmax, gated, orthogo-
nal, spectral-normalized, and entropic OT alternatives. The matched setting tests whether the
observed gains persist beyond simple fusion baselines.

Sinkhorn-constrained fusion obtains the highest COD10K weighted F-measure in this com-
parison, increasing it from .842 for unconstrained mixing to .858. Distance distortion decreases
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from .25 to .07, norm ratio moves from 1.26 to 1.04, and logit variance decreases from .044 to
.024. Threshold sensitivity decreases from .026 to .012.

The stronger alternatives narrow the segmentation gap. Spectral-normalized mixing reaches
Fw

β = .854, and entropic OT reaches .855. Sinkhorn mixing also has lower distortion than
entropic OT (.07 versus .10) and lower threshold sensitivity (.012 versus .014). These results
support the row-and-column constraint beyond the use of transport-style smoothing alone.

The advantage remains metric-dependent: the other normalized alternatives obtain MAE=
.017, compared with .018 for Sinkhorn. Taken together, the scores and diagnostics favor the
constrained-fusion design on weighted F-measure, distortion, and threshold sensitivity, with a
small MAE trade-off.

4.5 Q3: Conditioning and Output Selection

Table 5: HyperCond and output selection on COD10K. F/F and S/F evaluate continuous proba-
bility maps without RankDice-RMA. S/A uses the same trained network and inference condition
as S/F, but evaluates the selected binary mask. The three scores therefore describe the specified
output objects; S/F versus S/A is not a comparison of probability calibration. Bold identifies
the highest reported output score.

Mode HyperCond training Evaluated output F w
β

↑

F/F Fixed t = 0.5 Probability map SF .853
S/F Sampled t ∈ [0.4, 0.6] Probability map SS .858
S/A Same training as S/F Mask I(SS ≥ τ∗) .861

Table 5 separates a training intervention from post-decoding output selection. F/F and S/F
differ in exposure to HyperCond conditions during training. Both use the inference condition
t = 0.5, and their weighted F-measure is evaluated on the exported probability map. Sampling
the training condition increases the reported score from .853 to .858.

S/A reuses the S/F checkpoint and condition. RankDice-RMA selects τ∗ from its probability
map, and the resulting binary mask scores .861. This comparison measures the exported outputs,
not an improvement in the probabilities that generated them. It also differs from a matched
binary-mask comparison against a fixed decision threshold.

Calibration and threshold-sweep scope Let p denote a fixed continuous probability map,
G the ground truth, B a fixed calibration-bin partition, and T a fixed threshold grid. Selecting
τ∗ leaves both ECE(p,G; B) and the curve {Q(I(p ≥ u), G) : u ∈ T } unchanged, for any fixed
mask score Q. Its threshold-sweep area and the variance of per-image best thresholds are likewise
unchanged. Recomputing these quantities on the binary output would change the evaluation
object and would not measure calibration or threshold robustness of the original probability
map. We therefore draw no probability-calibration conclusion from the S/F–S/A comparison.

4.6 Repeated-Run Variability

Table 6 reports between-run standard deviations of dataset-level scores; images within a test
set are not counted as independent training repeats. The complete MC-SAM configuration
has mean COD10K Fw

β = .858, consistent with Table 3. Its component list is exactly
Base+HC+CSPG+MCA. The standard deviations describe run-to-run variability and are not
confidence intervals. We use these summaries descriptively and make no significance claim from
them.

17



Table 6: Descriptive variability across independent training runs, reported as mean±standard de-
viation. Base denotes our local MM-SAM reproduction. MC-SAM is Base+HC+CSPG+MCA,
with no additional trainable component or RankDice-RMA selector, matching the complete-
model row of Table 3. Base+HC+MCA excludes CSPG. All rows refer to probability-map
evaluation. Bold identifies the highest mean.

(a) COD10K

Model Sα F w
β

Base (MM-SAM, our reproduction) .896 ± .0012 .808 ± .0028
Base+HC+MCA .900 ± .0010 .850 ± .0022
MC-SAM (Base+HC+CSPG+MCA) .903 ± .0011 .858 ± .0021

(b) Structural scores on CAMO and CHAMELEON

Model CAMO Sα CHAMELEON Sα

Base (MM-SAM, our reproduction) .863 ± .0038 .923 ± .0055
Base+HC+MCA .868 ± .0034 .928 ± .0046
MC-SAM (Base+HC+CSPG+MCA) .872 ± .0031 .930 ± .0041

4.7 Computational Efficiency

Tables 7 and 8 report matched runtime and computational cost. Against locally run MM-SAM,
MC-SAM without RankDice-RMA reduces latency by 91 ms/image, peak memory by 1.5 GB,
and full-system cost by 0.21 TFLOPs/image. The optional selector adds 13 ms/image and 0.1
GB under this setup.

Table 7: Measured latency, throughput, and peak GPU memory for matched ViT-H MM-SAM
and MC-SAM configurations. Both use BLIP and Mamba for text generation. RMA denotes
the optional RankDice-RMA selector.

Model

Latency

(ms/img)

Throughput

(img/s)

Peak memory

(GB)

MM-SAM (ViT-H) 563 1.8 10.5
MC-SAM (no RMA) 472 2.1 9.0
MC-SAM (+RMA) 485 2.06 9.1

Table 8: Parameters and FLOPs per image for the same configurations. The integrated parame-
ter count excludes separately loaded frozen BLIP and Mamba cue extractors; full-system FLOPs
include them. T denotes 1012 operations. Starred FLOPs exclude RMA post-processing.

Model
Trainable

parameters
Integrated
parameters

Full FLOPs
(T/img)

SAM+adapters

FLOPs (T/img)

MM-SAM (ViT-H) 9,164,932 646,190,980 3.45 3.02
MC-SAM (no RMA) 5,151,388 642,183,656 3.24 2.77
MC-SAM (+RMA) 5,151,388 642,183,656 3.24∗ 2.77∗

4.8 Discussion

The central result is that constraining fusion improves the use of existing cues at both SAM
adaptation interfaces. On COD10K, CSPG and MCA raise weighted F-measure by .041 before
HyperCond adds a further .009 in the factorized sequence. The matched operator comparison
provides complementary evidence: the Sinkhorn constraint improves weighted F-measure along-
side lower feature distortion and threshold sensitivity. Together, these experiments support the
fusion design through both component removal and substitution of the mixing operator.

The distinction between row and column constraints explains the design motivation. Row
normalization controls each output mixture; column normalization also limits aggregate input
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contribution. The operator bound formalizes this distinction for exact doubly stochastic mixing.
The empirical diagnostics then examine whether the proposed design is accompanied by favorable
representation and output behavior.

HyperCond and RankDice-RMA operate at different stages of this design. HyperCond
changes the dense prompt before decoding and can therefore change the predicted probabil-
ity map. RankDice-RMA acts after decoding and changes only the binary mask selected from
that map. Its output scores provide evidence about mask selection; they cannot establish an
improvement in probability calibration.

The evidence has several boundaries. The factorized ablations isolate fusion gains without
HC, but concurrent diagnostic improvements do not identify a unique causal pathway. The
operator bound has the scope stated in Section 3.3. Performance also depends on the metric,
including the COD10K MAE trade-off. Weak cues, small objects, and occlusion remain relevant
failure factors; CHAMELEON’s 76 images also limit the breadth of that benchmark alone.

Future work should characterize which camouflage conditions benefit most from the con-
straint and examine its behavior under distribution shift. Additional analyses could separate
the effects of branch allocation, feature scale, and threshold sensitivity. Efficiency comparisons
should include cue extraction, adaptation, and output selection.

5 Conclusion

MC-SAM makes fusion stability an explicit design objective for SAM adaptation to camouflaged
scenes. CSPG and a weight-shared bottleneck MCA impose the same doubly stochastic prior at
the prompt and feature interfaces. Factorized ablations show gains before auxiliary condition-
ing or output selection, and matched fusion comparisons connect higher weighted F-measure
with lower distortion and threshold sensitivity. The framework trains 5.151M parameters with
a frozen SAM ViT-H image encoder. HyperCond conditions the dense prompt, while optional
RankDice-RMA selects a binary mask from the decoder probabilities. The results support pre-
serving weak foreground evidence through constrained fusion as a practical adaptation principle.
Its theoretical guarantee remains operator-level; the empirical evidence does not establish fusion
instability as the sole source of segmentation error.
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