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Abstract. Existing label-deficient concealed object segmentation (LD-
COS) methods either rely on consistency constraints within a mean-
teacher framework or employ the Segment Anything Model (SAM) as a
fixed pseudo-label generator. Interestingly, task-specific segmenters and
foundation models exhibit complementary failure modes: segmenters lack
generalization under scarce labels, while SAM suffers from domain gaps
in concealed scenes. A natural solution is to employ co-training to mu-
tually promote both models. However, we observe that standard homo-
geneous co-training cannot exploit this complementarity because archi-
tecturally identical networks tend to share similar error patterns, espe-
cially when targets are heavily concealed. To address this, we present
SCALER (Segmenter-Coordinated Asymmetric LEaRning), a frame-
work that jointly optimizes a mean-teacher segmenter and a learnable
SAM through two alternating phases with model-specific optimization
strategies. In Phase I, the segmenter is updated under fixed SAM su-
pervision using entropy-based image-level and uncertainty-based pixel-
level weighting to suppress unreliable pseudo-label regions. In Phase II,
SAM is updated via an augmentation invariance loss and a noise resis-
tance loss, which exploit SAM’s inherent perturbation robustness rather
than treating it identically to the segmenter. This asymmetric design
is the key distinction from prior co-training and one-way distillation
methods: each model’s learning strategy is tailored to its own induc-
tive bias, enabling mutual enhancement. Experiments across eight LD-
COS tasks demonstrate consistent gains, and SCALER improves both
the lightweight segmenter and the foundation model, serving as a general
plug-and-play paradigm for label-scarce conditions. The code is available
at https://github.com/ChunmingHe/SCALER.

Keywords: Label-deficient concealed object segmentation - Foundation
models - Co-training framework

1 Introduction

Concealed object segmentation contains scenarios where targets share high visual
similarity with their surroundings, making them difficult to distinguish. Repre-
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Fig. 1: Results of LDCOS methods, including SCOD [2 3] WS- SAM [16], and SEE [17].
The suffix “4+” means integration with SCALER. SCALER achieves leading results
across COD, PIS, and TOD under weak (WS) and semi-supervised (SS) settings. In
the top section, concealed objects masks are highlighted in pink and
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sentative tasks include camouflaged object detection (COD) [12,22], polyp image
segmentation (PIS) [21,44], and transparent object detection (TOD) [43,50].

The challenge intensifies in label-deficient concealed object segmentation
(LDCOS), covering semi-supervised (SSCOS) or weakly-supervised (WSCOS)
setups. Prior works have extended consistency-based frameworks, particularly
the mean-teacher paradigm [23,28,41] that enforces prediction stability between
a student and an exponentially averaged teacher. However, pseudo-labels (PLs)
generated purely by the mean-teacher are prone to error accumulation, especially
for concealed targets with uncertain boundaries (see Fig. 1).

To incorporate foundation model guidance for more reliable PLs, recent works
such as WS-SAM [16] and SEE [17] employed the pretrained Segment Anything
Model (SAM) [27] as an external pseudo-label source. Despite SAM’s value in
supplementary supervision, they face two limitations (see Figs. 2 and 3): (1)
SAM'’s fixed predictions are not adapted for COS, yielding noisy pseudo-labels.
(2) The information flow is strictly one-way, from SAM to the segmenter, with
no mechanism for the domain-adapted segmenter to reciprocally improve SAM.

A natural idea is to let both models teach each other, analogous to co-
training [8,14,19,36,42]. However, conventional co-training methods use architec-
turally identical networks, which tend to share similar error patterns and suffer
from confirmation bias. In COS, where concealed targets are inherently ambigu-
ous, such homogeneous pairing amplifies these issues. In contrast, a task-specific
segmenter and a foundation model, like SAM series [27, 32, 34], possess funda-
mentally different inductive biases: the segmenter is sensitive to label noise but
excels at domain adaptation, while SAM is robust to perturbations but suffers
from domain gaps. This complementarity suggests that an asymmetric collab-
orative strategy, where each model’s learning procedure is tailored to its own
properties, can be more effective than symmetric co-training.

Motivated by this observation, we propose SCALER, a Segmenter-Coordinated
Asymmetric LEaRning framework for LDCOS. SCALER integrates a mean-
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teacher segmenter with a learnable SAM, optimized through two alternating
phases with model-specific strategies.

In Phase I, we train the segmenter within the mean-teacher framework while
keeping SAM fixed. Given the segmenter’s sensitivity to label noise, we introduce
entropy-based image-level weighting and uncertainty-based pixel-level weighting
to selectively leverage pseudo-labels from both the teacher network and SAM.
For samples already well-segmented, we apply strong augmentations to mine
potentially informative features that may otherwise be overlooked.

In Phase II, we fix the segmenter and use it as a domain specialist to
generate pseudo-labels for updating SAM. Critically, we do not reuse the seg-
menter’s learning strategy. Instead, we design two losses that exploit SAM’s
distinct properties: an augmentation invariance loss that leverages SAM’s pre-
trained robustness to geometric perturbations, and a noise resistance loss that
applies only pixel-level filtering so SAM can learn from all samples including dif-
ficult ones. This asymmetric treatment is the core distinction from both one-way
distillation [16,17] and standard co-training [3, 14].

By alternately optimizing both phases, SCALER progressively improves both
models through mutual knowledge transfer. Our contributions are:

(1) We propose SCALER, an asymmetric collaborative learning framework
that enables a task-specific segmenter and a foundation model (such as SAM)
to mutually enhance each other in LDCOS. Unlike homogeneous co-training,
SCALER assigns model-specific optimization strategies based on each model’s
inductive bias, yielding gains beyond architectural complementarity alone.

(2) We design two specialized optimization phases. For the segmenter (Phase I),
we introduce entropy- and uncertainty-based weighting to filter pseudo-label
noise. For SAM (Phase II), we propose augmentation invariance and noise re-
sistance losses that exploit SAM’s perturbation robustness, enabling it to learn
effectively from noisy specialist feedback without sacrificing generalization.

(3) Extensive experiments on eight tasks validate SCALER’s effectiveness
and generalization. SCALER simultaneously enhances both lightweight segmenters
and foundation models (SAM, SAM2, SAM3), and serves as a plug-and-play
framework compatible with various segmenters and SAM adaptation methods.
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2 Related Work

Concealed Object Segmentation. Learning-based segmenters have achieved
success in COS under full supervision [12, 15, 18, 20, 47]. Representative meth-
ods include SINet [12] for reversible segmentation, RUN [20] for model-driven
optimization, SCLoss [47] for spatial connectivity. Recent LDCOS techniques,
including semi- and weakly-supervised setups, mainly employ consistency regu-
larization [23, 28] or SAM-based pseudo-labeling [16, 17, 24]. However, unstable
consistency and task-agnostic SAM supervision often lead to suboptimal results.
SCALER unifies consistency regularization with adaptive SAM-based learning
through an asymmetric collaborative design that achieves mutual refinement.
Label-Deficient Image Segmentation. Semi- and weakly-supervised segmen-
tation improve label efficiency through regularization and pseudo-label refine-
ment [1,5,29,35]. The mean-teacher framework [37], where a teacher updated via
exponential moving average provides temporally ensembled targets, is a widely
adopted paradigm. However, in COS, ambiguous boundaries and low contrast
destabilize pseudo-labels and amplify error accumulation. Meanwhile, fixed or
lightly tuned foundation models such as SAM [27] suffer domain gaps in con-
cealed scenes. Recent methods WS-SAM [16] and SEE [17] design pseudo-label
filtering strategies for SAM outputs, but remain restricted by SAM’s limited
capacity in concealed domains and one-way information flow.

Collaborative and Co-training Methods. Co-training leverages multiple
models to generate pseudo-labels for each other. Representative methods in-
clude Co-teaching [14], CPS [8], and UCMT [36], which progressively extend
mutual learning from small-loss sample selection to consistency enforcement and
uncertainty-guided mixing. In COS, MiNet [33] and MIR-Net [18] explore bidi-
rectional interaction between region and edge cues for weakly-supervised de-
tection. However, these methods predominantly use homogeneous architectures,
leading to correlated failure modes on concealed targets. SCALER departs from
this paradigm by pairing a task-specific segmenter with a foundation model in
a heterogeneous architecture, and crucially employing asymmetric optimization
with model-specific loss functions tailored to each model’s inductive bias.

3 Methodology

Label-deficient concealed object segmentation (LDCOS), including semi-supervised
(SSCOS) and weakly supervised (WSCOS) setups, aims to train a segmenter
from a partially labeled set S = {X;,Y;}7; and evaluate on a test set T =
{T:}T_,, where X; and T; denote input images and Y; denotes the corresponding
deficient label. In SSCOS, Y; is missing for some training samples, whereas in
WSCOS, Y; comprises sparse annotations (e.g., points or scribbles).

Training LDCOS models is challenging: consistency constraints alone are
unstable for concealed targets, and SAM [27] provides general priors but suffers
from domain gaps. Prior methods [16, 17] rely on one-way transfer from SAM
to the segmenter, lacking a reciprocal mechanism. A straightforward alternative
is homogeneous co-training [8,14], but identical networks share correlated errors
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Fig. 4: The SCALER framework: asymmetric collaborative learning between a special-
ist segmenter and a generalist foundation model. The framework alternates between
two optimization phases at each training batch. The lock icon indicates frozen param-
eters. Notably, our framework supports the integration of various existing segmenters
and SAM/SAM2/SAMS3 fine-tuning approaches.

on concealed objects. In contrast, a task-specific segmenter and SAM possess
complementary failure modes: the segmenter adapts well but is noise-sensitive,
while SAM generalizes broadly but lacks domain specificity. This complemen-
tarity motivates our asymmetric design.

We propose SCALER, a Segmenter-Coordinated Asymmetric LEaRning
framework. As shown in Fig. 4, SCALER integrates a mean-teacher framework
with a learnable SAM through alternating optimization: the segmenter learns
from SAM (Phase I) while SAM learns from the segmenter (Phase II), with each
phase using distinct loss functions matched to the target model’s inductive bias.

Notation convention. Throughout this paper, we use subscript G for the gen-
eralist (SAM) model outputs, subscript .S for the student segmenter, subscript
T for the teacher segmenter, and superscript (i) for pixel indices. PL denotes
pseudo-labels and Y denotes predictions.

3.1 Phase I: Training Segmenter with Fixed SAM

In Phase I, we fix SAM (as a “generalist” teacher) and optimize the segmenter.
The segmenter benefits from dual-source supervision: (1) consistency regulariza-
tion from its own teacher and (2) general knowledge from the frozen SAM.
Dual pseudo-label generation. We generate two pseudo-labels. First, for the
teacher model Seg;, we apply a random weak augmentation Aug,(+) to each
input X and obtain the teacher pseudo-label from the teacher model (Segr):
PLy = Segr (Aug,(X)). (1)

Next, for SAM, we generate K stochastic augmentations {Aug, (X)*}5 | by
randomly sampling flips, rotations (0°, 90°, 180°, 270°), and scales (x0.5, x1.0,
x2.0). Feeding these variants into SAM yields:

{PLE}Z = SAM({Augu (X)*}i21), (2)
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Algorithm 1 SCALER: Iterative Mutual Enhancement (Semi-Supervised)

Require: Pre-trained Segg(6s), Segr(61), SAM(¢); labeled Dz, unlabeled Dy; EMA
decay 7.

1: for each training iteration do

2 Sample (X;,Y;)~Dr, Xu~Dy; X < Concat(X;, Xu)

3 Phase I: Update Segmenter (SAM fized)

4:  PL7<+Segr(Augw(X)); PLg < Ensemble-SAM(X)
5. Ys+Segg(Augw (X))
6.
7
8

L1« R(PLr,Ys)+R(PLg,Ys)+Lee(Ys, Vi) +Lrov (Ys, Y1)
Os <—05—an35§; Or (—T]0T+(1—7])95
: Phase II: Update SAM (Segmenters fized)
9:  PLas (Segs(Aug.(X))+Segr (Aug. (X)))/2
10: Yo+ SAM(Augw(X)); Y&+ SAM(Augs(X))
11: L2 Loi(Ya, YE)+Lnr (Yo, PLy)+Lee(Ya, Y1)+ Liov (Yo, Y1)
12: ¢ p—PBV4LE
13: end for

where we use the subscript G for SAM outputs. We aggregate by averaging:
K
1
PLg = 4 > PLE. (3)
k=1

This ensemble leverages SAM’s sensitivity to subtle variations [17], yielding a
PL¢ that is generally more accurate than any single prediction.
Pseudo-label refinement. Initial pseudo-labels may be unreliable at both the
sample and pixel levels. We propose two complementary weighting mechanisms:
an entropy-based image-level weight and an uncertainty-based pixel-level weight.
The image-level entropy for a pseudo-label map PL is:

N
E(PL) = %Z —PLWlog, PLW — (1 — PLW)logy(1 — PLY),  (4)
i=1
where N is the number of pixels and superscript (¢) indexes pixels. High entropy
indicates low overall sample confidence. The pixel-level uncertainty weight is:
US(PL) = (2PLY —1)2, (5)
which attenuates pixels with predictions near 0.5, reflecting ambiguity in foreground-
background discrimination. Both are computed for PLy and PLg.

Unlike prior methods [16,17] that simply combine these weights, we define a
spatially-weighted basic loss Rp(+) that properly integrates pixel-level uncertainty
before aggregation. Given a pseudo-label PL, a prediction Y, and a spatial weight
map W (defaulting to U(PL)), we define:

Ry(PL,Y,W) = (1= E(PL)) - (L&(V, PL,W) + L,5(V, PL,W)),  (6)
where £, and L},;; are the spatially-weighted cross-entropy and IoU losses:
S, WOPLO1ogY® + (1 — PLO)log(1 — Y®)]

WO |
> w®.y@ . pr
S, WO (YO 4 PLO VO . PLO)Y

LY (Y, PLW) = —

}UoU(Y/vPL’W) =1- (8)
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When called as Rb(PL,}A’) without an explicit weight argument, the default
weight W = U(PL) is used. Here (1 — E(PL)) provides sample-level confidence
scaling, while W provides pixel-level weighting integrated inside the loss.

The student segmenter prediction is Ys = Segg(Aug,(X)). Rather than
treating all samples uniformly, we further address two extreme cases:
(1) Difficult samples: If E(PLr) > 0.8, indicating low overall confidence, we
introduce a binary mask mpy .. to retain only highly certain pixels:

; 0 if PLY €10.1,0.9],

The refined loss is R(PLr, 175) =Ry(PLrT, Ys, mpr,,OU(PLt)), where ® denotes
the Hadamard product, combining the binary mask with pixel-level uncertainty.
(2) Simple samples: If E(Ys) < 0.2, we apply strong augmentations Augs(-)
to mine potentially informative features, obtaining Y§ = Segq(Aug,(X)):
R(PLr,Ys) = Ry(PL,Ys) + Ry(PLr,YY). (10)
Overall, the piecewise refinement strategy is:
Ry(PLy,Ys, mpp, @U(PLr)), E(PLr)>0.8,

PLy — .
T 1 otherwise.

R(PL7,Ys) = { Ry(PLp,Ys) + Ry(PLp,Y4),  E(Ys)<0.2, (11)
Ry(PLr, YS), otherwise.
Optimization. Under weak supervision, the segmenter is trained with:
Ll = R(PLr,Ys) + R(PLg,Ys) + Lpee(Y, Ys), (12)

where Lp.. is the partial cross-entropy loss. Under semi-supervision, Lpc. is
replaced by L.+ L,y for labeled samples, while unlabeled samples use the
refinement loss, formulated as:

L= R(PLy,Ys) + R(PLg,Ys) + Lee(Y,Ys) + Lrov(Y,Ys).  (13)
The teacher weights 61 are updated via exponential moving average (EMA):
O < n0r + (1 —n)fs, with 5 = 0.996. (14)

3.2 Phase II: Optimizing SAM via Segmenter Feedback

This phase enables the mutual learning loop. We reverse the roles: the specialized
mean-teacher framework (Segg, Segr) is now fized and serves as a “specialist”
teacher to update the learnable SAM (via SAMadapter [7]).

Why asymmetric optimization? A naive approach would reuse Phase I’s
strategy for SAM. However, SAM and the segmenter have fundamentally differ-
ent properties. SAM’s prompt-based, scale-agnostic pretraining makes it inher-
ently robust to geometric and photometric perturbations, which the segmenter
lacks. Meanwhile, the segmenter excels at domain-specific discrimination but is
sensitive to noise. Therefore, Phase II's losses are designed to exploit SAM’s
perturbation robustness rather than to protect against noise as in Phase I. This
asymmetry is what distinguishes SCALER from standard co-training, where
both peers receive identical treatment. Importantly, the principle of tailoring
optimization to each model’s inductive bias is not specific to SAM; it naturally
extends to any foundation model with similar pretrained robustness.
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We generate a consensus pseudo-label from the fixed segmenter: PLy; =
(PLs + PLt)/2, where PLg = Segg(Augy (X)) and PLy = Segp(Augy(X)).
We then design two losses for robust knowledge transfer.

Augmentation Invariance Loss (L,;). SAM’s pretraining endows it with
strong invariance to spatial transformations. We reinforce this property by en-
forcing prediction consistency between weak and strong augmentations:

Eai - ‘Cce(f/GaYé) +£10U(YG>Y/C/¥)7 (15>

where Yo = SAM(Aug,, (X)) and Y2, = SAM(Augs(X)). By leveraging SAM’s
existing invariance as a regularizer rather than imposing it from scratch, this
loss facilitates robust adaptation without impairing generalization.
Noise Resistance Loss (L, ). This loss distills knowledge from PL,; while
protecting SAM from its noise. Unlike Phase I, we apply only pixel-level un-
certainty weighting U(+) to ignore ambiguous pixels, deliberately omitting the
image-level entropy weight E(+). This ensures SAM learns from all samples,
including difficult ones that would destabilize the segmenter:

Lpr = L8 (Ya, PLy,U(PLy)) + LY, (Ye, PLy, U(PLyy)), (16)
where £ and LY, are defined in Egs. (7) and (8). The two losses jointly
increase training diversity and mitigate overfitting under limited supervision.
Optimization. Under weak supervision, SAM is updated via:

‘C%U = Eai +£n'r +£pce(Ya f/G) (17)
Under semi-supervision:

‘Cg :Ea’i+£’I’LT+£C€(Y)YG)+‘CIOU(KYG)' (18>

3.3 Optimization Procedure

The training loop alternates Phase I and Phase II within each batch, enabling
tight coupling so each model immediately benefits from the other’s latest up-
dates. At inference, only the student segmenter Segg is used, incurring no addi-
tional cost. The complete procedure is summarized in Algorithm 1.

3.4 Convergence Analysis

SCALER’s batch-level Phase I/Phase II alternation can be cast as block coordi-
nate descent [38,45] on the joint energy F(6, ¢) = L1(0; &) + AL11(¢; 6), where 0
and ¢ denote the segmenter and SAM parameters. Under standard assumptions
(L-smoothness of each loss in its optimized variable, boundedness of F from
below, and step sizes o < 1/Ly, 8 < A\/Lsy), we establish:

Proposition 1 (Convergence of SCALER). The iterates {(0%, ¢')} satisfy:
(i) E decreases up to a bounded perturbation §' — 0, with per-step descent at
least $(||A0])* + |A¢t||?) — 6'; (i) miny<p [|[VE!||> = O(1/T), so the iterates
converge to an e-approximate stationary point with € — 0.

The proof follows from bounding each phase’s descent via L-smoothness, control-
ling the cross-term coupling, and telescoping. The piecewise refinement is formu-
lated as a continuous sigmoid relaxation, preserving smoothness. Two sources of
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Table 1: Results on COD of the WSCOS task with different supervision, segmenter
backbones, and foundation models. The best two results are in red and blue fonts.

Methods Pub CHAMELEON | CAMO COD10K NC4K
) My Fgt Byt Sat M) Fgt Est Sat | M Fgt Byt Sat | M| Fgt Est Sat
Scribble Supervision, ResNet50, SAM
SAM [27] ICCV23 | 0.207 0.595 0.647 0.160 0.597 0.639 0.643 | 0.093 0.673 0.737 0.730 | 0.118 0.675 0.723 0.717
SAM-Ws [7] ICCVW23| 0.069 0.751 0.835 0.097 0.696 0.788 0. 0.049 0.712 0.833 0.066 0.757 0.842 0.768
TEL [30] CVPR22 | 0.073 0.708 0.827 0.104 0.681 0.797 0.717 | 0.057 0.633 0.826 0.075 0.754 0.832
D [23] AAAT23 | 0.046 0.791 0.897 0.092 0.709 0.815 0.049 0.637 0.832 0.064 0.751 0.853
WS-SAM [16] NIPS23 | 0.046 0.777 0.897 0.092 0.742 0.818 0.038 0.719 0.878 0. 0.052 0.802 0.886
SEE [17] TPAMI25 | 0.044 0.785 0.903 5|0.090 0.747 0.826 0.765|0.036 0.729 0.883 0.807|0.051 0.808 0.891
SCALER (Ours) — 0.042 0.792 0.915 0.089 0.784 0.835 0.777|0.034 0.737 0.885 0.814|0.050 0.811 0.898
Scribble Supervision, PVT V2, SAM3
SAM3-Ws [6] Arxiv 26 | 0.067 0.766 0.839 0.667 | 0.095 0.703 0.790 0.742 | 0.047 0.745 0.866 0.772 | 0.063 0.783 0.856 0.775
WS-SAM [16] NIPS23 | 0.041 0.787 0.902 0.838 | 0.080 0.779 0.850 0.793 [ 0.032 0.751 0.893 0.827 | 0.045 0.825 0.901 0.842
SEE [17] TPAMI25 | 0.039 0.815 0.919 0.840 |0.076 0.803 0.858 0.800|0.030 0.760 0.902 0.832|0.045 0.831 0.913 0.837
SCALER (Ours) 0.032 0.830 0.941 0.852 0.071 0.828 0.875 0.819|0.026 0.782 0.917 0.842|0.042 0.843 0.927 0.853
Point Supervision, ResNet50, SAM
SAM [27] ICCV23 | 0.207 0.595 0.647 0.635 | 0.160 0.597 0.639 0.643 | 0.093 0.673 0.737 0.730 | 0.118 0.675 0.723 0.717
SAM-Wp [7] ICCVW23| 0.095 0.708 0.752 0.688 | 0.117 0.653 0.698 0.681 | 0.068 0.697 0.805 0.767 | 0.078 0.736 0.793 0.782
TEL [30] CVPR22 | 0.094 0.712 0.751 0.746 | 0.133 0.662 0.674 0.645 | 0.063 0.623 0.803 0.727 | 0.085 0.725 0.795 0.766
SCOD |[23] AAAI23 | 0.092 0.688 0.746 0.725 | 0.137 0.629 0.688 0.663 | 0.060 0.607 0.802 0.711 | 0.080 0.744 0.796 0.758
WS-SAM [16] NIPS23 | 0.056 0.767 0.868 0.805 | 0.102 0.703 0.757 0.718 | 0.039 0.698 0.856 0.790 | 0.057 0.801 0.859 0.813
S [17] TPAMI25 | 0.055 0.772 0.872 0.806 |0.098 0.712 0.769 0. 0.038 0.706 0.862 0.796|0.055 0.806 0.867 0.817
SCALER (Ours) — 0.054 0.781 0.872 0.810 0.096 0.718 0.779 0. 0.038 0.719 0.876 0.801|0.053 0.812 0.869 0.822
Point Supervision, PVT V2, SAM3
SAM3-Wp [6] Arxiv 26 | 0.093 0.715 0.754 0.690 | 0.112 0.656 0.701 0.684 | 0.066 0.703 0.808 0.771 | 0.076 0.742 0.795 0.784
/S-§ ] NIPS23 | 0.051 2 0.880 0.822|0.089 0.743 0.788 0.728 | 0.035 0.724 0.865 0.808 | 0.050 0.822 0.870 0.826
SEE [17] TPAMI25 | 0.043 0.795 0.883 0.824|0.085 0.750 0.800 0.734|0.033 0.735 0.866 0.814|0.048 0.833 0.883 0.836
SCALER (Ours) — 0.035 0.826 0.903 0.840 0.070 0.791 0.831 0.753|0.029 0.758 0.897 0.827|0.044 0.859 0.898 0.849
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Fig. 5: Visualizations for COS tasks with point supervision.
non-stationarity, the stop-gradient pseudo-labels and the EMA teacher 0, are
bounded as vanishing perturbations via Bertsekas [2]. The O(1/T) rate is empiri-
cally consistent with Fig. 6. Global convergence follows from the KL property [4],
which is satisfied for losses definable in an o-minimal structure [3].

(9) SCOD

(h) SAM-Ws
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Table 2: Results on COD of the SSCOS task with 1/8 and 1/16 labeled training data.

Mothods Pub CHAMELEON | CAMO COD10K NC4K
ot " | MY Bt Bst Sat MY Fat Eet Sat| ML Fst Bt Sat | Ml Ft Bet Sat
1/8 Labeled Training Data, ResNet50, SAM
SAM [27] ICCV23 | 0.207 0.595 0.647 0.635 | 0.160 0.597 0.639 0.643 | 0.093 0.673 0.737 0.730 | 0.118 0.675 0.723 0.717
SAM-S [7] ICCVW23| 0.136 0.667 0.695 0.672 | 0.133 0.637 0.678 0.662 | 0.073 0.695 0.770 0.751 | 0.085 0.715 0.756 0.767
PGCL [1] CVPR23 | 0.051 0.792 0.878 0.833 | 0.096 0.705 0.803 0.755 | 0.051 0.658 0.798 0.752 | 0.063 0.753 0.838 0.803
EPS [29] TPAMI23 | 0.042 0.810 0.891 0.862 | 0.090 0.721 0.815 0.753 | 0.047 0.659 0.806 0.761 | 0.058 0.765 0.855 0.809
CoSOD [5] WACV24 | 0.047 0.802 0.883 0.850 | 0.092 0.730 0.822 0.761 | 0.046 0.673 0.813 0.767 | 0.061 0.764 0.862 0.818
SEE [ T] TPAMI25 | 0.035 0.825 0.903 0.873(0.083 0.753 0.843 0.776|0.040 0.703 0.839 0.786(0.053 0.778 0.889 0.839
SCALER (Ours) = 0.033 0.838 0.912 0.877 0.081 0.759 0.844 0.779|0.039 0.716 0.846 0.787|0.052 0.784 0.891 0.848
1/8 Labeled Training Data, PVT V2, SAM3
SAM3-S [0] Arxiv 26 | 0.133 0.672 0.686 0.675 | 0.131 0.645 0.687 0.669 | 0.071 0.702 0.775 0.757 | 0.083 0.723 0.760 0.767
CoSOD [5] WACV24 | 0.044 0.817 0.892 0.860 | 0.080 0.752 0.835 0.774 | 0.044 0.692 0.825 0.783 | 0.057 0.783 0.882 0.826
SEE [ T] TPAMI25 | 0.033 0.840 0.911 0.881(0.080 0.765 0.856 0.789|0.037 0.727 0.851 0.802(0.049 0.797 0.902 0.848
SCALER (Ours) = 0.028 0.862 0.925 0.891 0.068 0.789 0.868 0.802|0.030 0.753 0.869 0.820|0.042 0.823 0.908 0.863
1/16 Labeled Training Data, ResNet50, SAM
SAM [27] ICCV23 | 0.207 0.595 0.647 0.635 | 0.160 0.597 0.639 0.643 | 0.093 0.673 0.737 0.730 | 0.118 0.675 0.723 0.717
SAM-S [7] ICCVW23| 0.150 0.642 0.680 0.657 | 0.146 0.624 0.663 0.647 | 0.078 0.682 0.752 0.738 | 0.093 0.692 0.741 0.753
PGCL [1] CVPR23 | 0.057 0.752 0.850 0.801 | 0.116 0.682 0.782 0.722|0.061 0.637 0.779 0.728 | 0.071 0.719 0.809 0.789
EPS [29] TPAMI23 | 0.049 0.763 0.843 0.828 | 0.103 0.697 0.796 0.735| 0.056 0.646 0.787 0.736 | 0.066 0.737 0.833 0.801
CoSOD [5] WACV24 | 0.055 0.758 0.856 0.830 | 0.099 0.702 0.793 0.730 | 0.055 0.650 0.795 0.740 | 0.070 0.726 0.825 0.792
SEE [ T] TPAMI25 | 0.040 0.793 0.885 0.852|0.093 0.716 0.810 0.747|0.046 0.679 0.803 0.745|0.060 0.757 0.863 0.812
SCALER (Ours) 0.039 0.802 0.886 0.857 0.090 0.727 0.832 0.755|0.044 0.688 0.822 0.760|0.057 0.771 0.866 0.822
1/16 Labeled Training Data, PVT V2, SAM3
SAM3-S [0] Arxiv 26 | 0.148 0.646 0.684 0.661 | 0.143 0.628 0.669 0.657 | 0.076 0.689 0.758 0.745 | 0.091 0.702 0.746 0.758
CoSOD [5] WACV24 | 0.053 0.780 0.873 0.838 | 0.089 0.742 0.825 0.753 | 0.053 0.674 0.807 0.766 | 0.062 0.755 0.845 0.804
SEE [ T] TPAMI25 | 0.036 0.808 0.893 0.850(0.085 0.738 0.823 0.760|0.043 0.713 0.825 0.771(0.052 0.786 0.883 0.834
SCALER (Ours) 0.031 0.828 0.905 0.874 0.075 0.757 0.854 0.779|0.034 0.733 0.849 0.790|0.045 0.812 0.906 0.847
Table 3: Results on PIS and TOD of the WSCOS task with point supervision.
Polyp Image Segmentation (PIS) | Transparent Object Detection (TOD)
Methods CVC-ColonDB ETIS Kuasir ‘ GDD GSD

Ml Fpt Bst Sat|MJ Fst Est Sat|MI Fgt Byt Sat M) Fpt Eot Sat M Fst Est Sat
Point Supervision, ResNet50, SAM

SAM [27] 0.479 0.343 0.419 0.427 | 0.429 0.439 0.512 0.503 | 0.320 0.545 0.564 0.582|0.245 0.512 0.530 0.551|0.266 0.473 0.501 0.514
SAM-Wp [7] 0.146 0.612 0.690 0.683 | 0.125 0.650 0.731 0.728 | 0.093 0.818 0.823 0.815 | 0.143 0.691 0.733 0.636 | 0.137 0.715 0.752 0.681
TEL [30] 0.089 0.669 0.743 0.761 | 0.083 0.639 0.776 0.726 | 0.091 0.810 0.826 0.804 | 0.230 0.640 0.586 0.536 | 0.275 0.571 0.501 0.495
SCOD [23] 0.077 0.691 0.795 0.802|0.071 0.664 0.802 0.766 | 0.071 0.853 0.877 0.836 | 0.146 0.801 0.778 0.723 | 0.154 0.743 0.751 0.710
WS-SAM [16] 0.043 0.721 0.839 0.816 | 0.037 0.694 0.849 0.797 | 0.046 0.878 0.917 0.877 | 0.078 0.858 0.863 0.775|0.089 0.839 0.841 0.764
SEE [17] 0.042 0.726 0.842 0.819|0.035 0.705 0.857 0.800|0.045 0.883 0.918 0.879(0.073 0.867 0.871 0.777|0.081 0.846 0.849 0.768

SCALER (Ours) |0.041 0.735 0.849 0.824|0.034 0.715 0.868 0.806|0.043 0.904 0.930 0.887 0.071 0.877 0.880 0.782 0.078 0.857 0.859 0.770

4 Experiments

Implementation details. We implement our method in PyTorch using two
RTX 6000 Ada GPUs. Following [16], we adopt ResNet50 pre-trained on Ima-
geNet [10] as the default backbone. All input images are resized to 352 x 352. The
Adam optimizer is used with momentum parameters (0.9,0.999), batch size 12,
and initial learning rate 0.0001 reduced by 0.1 every 30 epochs. The number of
augmentation views K is set to 12. Our segmenter follows the same architecture
as WS-SAM [16] for fair comparison. We fine-tune SAM using SAM-Adapter [7],
but other adaptation strategies and foundation models (e.g., SAM2 and SAM3)
can be seamlessly integrated. Stronger foundation models and more effective
fine-tuning strategies yield higher-quality pseudo-labels, providing further gains
for both the segmenter and the foundation model via Phase II. Both models are
first initialized on the available labeled data for robust optimization.

4.1 Comparative Evaluation

Following [16], we report results with point annotations under weak supervision.
For COD, we also assess performance with scribble annotations provided by [13].
Camouflaged object detection. Tables 1 and 2 show that our SCALER
framework outperforms competing methods in both weakly supervised and semi-



Table 4: Results on PIS and TOD of the SSCOS task.
Polyp Image Segmentation (PIS) | Transparent Object Detection (TOD)
Methods CVC-ColonDB ETIS Kuasir ‘ 7DD 7S]
M) Fst Byt Sat| MYy F3t Byt Sat|M] Fot BEof Sat MY Fst Byt Sut MY Fst Byt Sat
1/8 Labeled Training Data, ResNet50, SAM
SAM [27] 0.479 0.343 0.419 0.427 | 0.429 0.439 0.512 0.503 [ 0.320 0.545 0.564 0.582 |0.245 0.512 0.530 0.551 | 0.266 0.473 0.501 0.514
SAM-S [7] 0.185 0.517 0.627 0.661 | 0.172 0.558 0.706 0.682|0.131 0.738 0.772 0.783 | 0.185 0.674 0.703 0.618 | 0.177 0.688 0.724 0.652
PGCL [1] 0.068 0.629 0.743 0.749 | 0.057 0.623 0.771 0.764 | 0.070 0.838 0.869 0.855|0.097 0.819 0.823 0.747 [ 0.095 0.817 0.804 0.741
EPS [29] 0.060 0.645 0.758 0.756 | 0.053 0.642 0.786 0.772|0.063 0.847 0.883 0.858 | 0.085 0.837 0.842 0.759 | 0.089 0.829 0.817 0.754
CoSOD [5] 0.057 0.657 0.776 0.763 | 0.047 0.6 0.802 0.780 | 0.056 0.859 0.886 0.863 | 0.088 0.831 0.835 0.756 | 0.091 0.826 0.813 0.749
SEE [17] 0.045 0.706 0.828 0.801|0.039 0.692 0.832 0.792|0.051 0.867 0.905 0.869|0.076 0.846 0.855 0.768|0.085 0.835 0.832 0.763
SCALER (Ours) |0.043 0.726 0.841 0.823|0.038 0.701 0.851 0.798|0.050 0.873 0.914 0.879 0.073 0.854 0.864 0.781 0.083 0.846 0.845 0.777
1/16 Labeled Training Data, ResNet50, SAM
SAM [27] 0.479 0.343 0.419 0.427|0.429 0.439 0.512 0.503 | 0.320 0.545 0.564 0.582 |0.245 0.512 0.530 0.551 | 0.266 0.473 0.501 0.514
SAM-S [7] 0.201 0.471 0.593 0.643 | 0.183 0.533 0.677 0.660 | 0.145 0.712 0.753 0.762 | 0.203 0.657 0.672 0.604 | 0.193 0.654 0.684 0.627
PGCL [1] 0.075 0.608 0.719 0.745|0.063 0.614 0.753 0.754 | 0.078 0.836 0. 0.835|0.108 0.794 0.803 0.735|0.108 0.800 0.788 0.718
EPS [29] 0.065 0.631 0.746 0.750 | 0.057 0.631 0.774 0.755 | 0.068 0.835 0.863 0.846 | 0.089 0.818 0.825 0.750 | 0.097 0.812 0.803 0.737
CoSOD [5] 0.063 0.638 0.754 0.755 | 0.050 0.632 0.781 0.767 | 0.066 0.840 0.871 0.852 |0.095 0.813 0.816 0.746 | 0.105 0.793 0.792 0.732
SEE [\7] 0.050 0.693 0.812 0.795|0.043 0.674 0.811 0.784|0.057 0.858 0.893 0.861|0.080 0.827 0.831 0.759|0.092 0.824 0.817 0.750
SCALER (Ours) |0.048 0.698 0.821 0.806|0.041 0.686 0.822 0.799|0.056 0.878 0.899 0.885 0.078 0.851 0.848 0.767 0.082 0.819 0.831 0.768
Table 5: Ablation study in COD on COD10K with the scribble supervision.
Metrics‘ Phase I ‘ Phase II SCALER
[w/o PLg w/o E(-) w/o U(+) Ri(-)—=R(-) R2(*)— R(-)]w/o Phase Il w/0 Lai La; = Lai W/0 Lyr Ly, = Lor  (Ours)
My 0.039 0036  0.038 0.037 0.035 0.037 0036 0039 003  0.035 0.034
Fst | 0732 0724 0721 0.728 0.722 0.723 0.733 0730 0729 0.734 0.737
Est | 0863 0870  0.869 0.866 0.868 0.860 0.865  0.869  0.870  0.879 0.885
Sot | 0804 0805 0813 0.806 0.808 0.805 0812 0804 0807  0.809 0.814

Table 6: Ablation on design choices. Columns: (3-6) threshold (74, 1) variants, (8) Cur-
riculum Learning, (9) SCALER default (0.8,0.2).

Metrics | Strong-weak Aug. ‘ w/o Ry ‘ (0.8,0.1) (0.8,0.3) (0.7,0.2) (0.9,0.2) ‘ Dynamic Top-k  Curriculum ‘ SCALER
M| 0.037 0.036 0.035 0.036 0.036 0.035 0.034 0.035 0.034
Fgt 0.727 0.725 0.730 0.725 0.729 0.731 0.741 0.738 0.737
Ey T 0.870 0.868 0.876 0.871 0.874 0.877 0.885 0.881 0.885
Sa T 0.806 0.804 0.810 0.805 0.808 0.811 0.818 0.815 0.814

supervised settings. Although fine-tuning SAM via SAMadapter [7] under point
(SAM-Wp), scribble (SAM-Wg), and semi-supervised configurations yields per-
formance improvements, these variants still underperform relative to SCALER.
Furthermore, SCALER surpasses the previously proposed WS-SAM [16] and
SEE [17] frameworks across all evaluation protocols. For example, SCALER
generally outperforms the second-best method, SEE, in 4.27% and 5.72% in
scribble and point supervision using PVT V2 and SAM3. This demonstrates our
SCALER’s effectiveness in producing higher-quality pseudo-labels. Fig. 5 pro-
vides qualitative comparisons under point supervision, further illustrating the
advantages of our alternating optimization strategy.

Polyp image segmentation. Polyps often exhibit strong visual similarity to
surrounding tissue, making PIS particularly challenging. As shown in Tables 3
and 4, our SCALER framework significantly outperforms the next best method,
SEE, under point supervision. Both SAM and SAM-Wp perform poorly on this
task, underscoring their limitations in handling concealed polyps. Fig. 5 illus-
trates that our approach more accurately localizes hidden polyps and produces

segmentation boundaries that closely match the true lesion contours.

Transparent object detection. TOD is essential for enhancing vision systems
in robotics, yet it remains challenging for the minimal visual contrast of objects.
As shown in Tables 3 and 4, our SCALER surpasses current state-of-the-art
methods under both weakly and semi-supervised settings. Fig. 5 illustrates that
our method not only localizes transparent objects with high accuracy but also
refines their segmentation boundaries and suppresses background clutter.
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Table 7: Isolating Phase II's contribution. “4” denotes adding our Phase II to the
base method’s unchanged pipeline (retained as their own Phase I).

Metrics Scribble, ResNet50, SAM Scribble, PVT, SAM3 Point, ResNet50, SAM Point, PVT, SAM3
©7|WS-SAM WS-SAM+ SEE SEE+|WS-SAM WS-SAM+ SEE SEE+|WS-SAM WS-SAM+ SEE SEE+|WS-SAM WS-SAM+ SEE SEE+

M| 0.038 0.036  0.036 0.035| 0.032 0.027  0.030 0.026 | 0.039 0.038  0.038 0.037| 0.035 0.030  0.033 0.029
Fg 1t 0.719 0.728  0.729 0.738 | 0.751 0.775  0.760 0.773 | 0.698 0.710  0.706 0.718 | 0.724 0.750  0.735 0.758
Ey t 0.878 0.887  0.883 0.886| 0.893 0.913  0.902 0.914 | 0.856 0.870  0.862 0.868 | 0.865 0.882  0.866 0.889
Sa T 0.803 0.809 0.807 0.813| 0.827 0.838 0.832 0.843 | 0.790 0.798 0.796 0.804 | 0.808 0.817 0.814 0.822

Table 8: Foundation model performance under different training strategies.
“SAM+SAM” denotes homogeneous co-training with two identical SAM copies.

Metrics \ Scribble, ResNet50, SAM \ Scribble, PVT, SAM3

etnies [SAM Adapter [7] Conv-LoRA [51] SAMTSAM SCALER [SAM3 Adapter [0] Conv-LoRA SAM3+SAM3 SCALER
M| 0.093 0.049 0.046 0.038 0.027 0.088 0.047 0.044 0.030 0.019
Fg 1 0.673 0.712 0.720 0.738 0.765 0.685 0.717 0.725 0.782 0.853
Ey T 0.737 0.833 0.842 0.870 0.912 0.748 0.836 0.845 0.903 0.939
Sa 1 0730 0.770 0.778 0.800 0.831 |0.738  0.773 0.781 0.826 0.858
Train. time (h) ‘ 124 18.2 28.6 22.2 14.8 21.5 38.5 31.8

4.2 Ablation Study

Experiments are conducted on the CODI10K dataset with scribble supervision
and ResNet50 backbone in Secs. 4.2 and 4.3.

Effectiveness in Phase I. As shown in Tab. 5, in Phase I, we observe per-
formance degradation upon removing the fused pseudo-label PLp, the entropy-
based image-level weighting mechanism E/(+), or the uncertainty-based pixel-level
weighting mechanism U(-). Besides, omitting our specialized refinement proce-
dures for difficult samples (denoted R;(-)) and simple samples (denoted Ra(+))
also leads to a noticeable performance drop.

Effectiveness in Phase II. As shown in Tab. 5, removing Phase IT entirely (i.e.,
running only Stage 1 and 2) reverts SCALER to a one-way framework. This “w /o
Phase II” ablation shows a significant performance drop, confirming that the
mutual enhancement from Phase II is critical. We further evaluate the proposed
augmentation invariance loss L,; and noise resistance loss L,,,.. Specifically, using
an alternative L., which imposes invariance between two weak augmentations
only, or employing L1, which directly applies the refinement strategy R(-) from
Phase I, results in decreased performance. This confirms that our proposed loss
functions are better tailored for effectively fine-tuning SAM.

Design choices. Tab. 6 examines alternative design decisions in Phase II.
(1) Augmentation strategy: unlike the strong-weak paradigm common in semi-
supervised learning [1,37], weak-weak augmentation yields superior performance,
as strong geometric or color distortions may disrupt the subtle foreground-
background visual consistency, introducing noise that hinders representation
learning. (2) Basic loss: removing Rp(-) causes a comparable drop, confirm-
ing that the basic supervised signal stabilizes training. (3) Threshold sensitivity:
varying (7, 7;) across four combinations from (0.7, 0.1) to (0.9, 0.3) shows ro-
bust performance, justifying the default (0.8, 0.2). (4) Adaptive alternatives:
“Dynamic Top-k”(selecting the top-k% most confident pixels with k linearly in-
creasing) and “Curriculum Learning” (progressively raising 7,) achieve compet-
itive results on individual metrics but do not consistently outperform the fixed-
threshold design across all four metrics, suggesting that the piecewise formulation
offers a favorable simplicity-effectiveness trade-off.
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Table 9: Comparison with co-training methods on CODI10K (scribble). “Ho.” uses
two identical segmenters (Seg+Seg). “He.” uses the same heterogeneous architecture as
SCALER (Seg+SAM) but with the co-training method’s symmetric loss. “+” employs
SCALER’s asymmetric optimization rules on the heterogeneous architecture.

Metrics | Co-teach (Ho.) [11] Co-teach (He.) Co-teach+|CPS (Ho.) [¢] CPS (He.) CPS+|UCMT (Ho.) [36] UCMT (He.) UCMT+ | SCALER
My 0.051 0.043 0.038 0.045 0.040  0.036 0.043 0.038 0.035 0.034
Fat 0.692 0.710 0.721 0.704 0716 0.728 0.711 0.722 0.732 0.737
Ey 1 0.842 0.858 0.871 0.853 0.864  0.876 0.857 0.869 0.879 0.885
Sa 1 0.778 0.792 0.802 0.786 0.796  0.807 0.790 0.800 0.811 0.814

Table 10: Cross-task generalization, with Uni- 080
Match [46] and S®D [49] for semi-supervised o7 .
semantic segmentation and infrared small tar- o l
get detection, and SAPNet [410] and EBSA [52] = « 0596
for weak-supervised instance segmentation and
shadow detection.

0.64

0.60
0 10 20

>
>

Tasks (Datasets, Settings, Metrics) ‘Base + WS-SAM + SEE + SCALER 20 50 60

30
Sem. Seg. (VOC [11], 1/4, mIoU 1) | 76.8  76.2 76.4 77.9 Epoch

Inst. Seg. (COCO [31], Point, mAP 1) | 34.6 33.0 33.5 35.8 Fig. 6: Training dynamics and conver-
IRSTD (SIRST [9], 1/16, ToU 1) 84.6 805 84.3 88.2 .

Shadow (SBU [30], Scribble, BER |) |3.02  3.26 2.92 237 gence analysis.

4.3 Further Analysis

Isolating Phase II’s contribution. A key question is whether SCALER’s
gains stem primarily from Phase I or from the mutual learning loop. Tab. 7 ad-
dresses this by applying only Phase II on top of each base method’s unchanged
pipeline across all four settings. Phase II consistently improves every baseline
and the improvements are notably amplified with stronger backbones, such as
“Scribble, PVT, SAM3”. Critically, all improvements are achieved without mod-
ifying any base method’s Phase I, confirming the effect of Phase II.
Foundation model performance. Tab. 8 compares five training strategies
for the foundation model across two settings. SCALER’s heterogeneous pairing
achieves substantially higher performance with shorter training time than the
homogeneous training manner. This is because two identical SAMs share corre-
lated error patterns on concealed objects, limiting mutual teaching; in contrast,
the segmenter and SAM possess complementary failure modes, enabling each to
correct the other’s blind spots more effectively.

Comparison with co-training methods. We compare three co-training meth-
ods under three configurations (Tab. 9): (i) Ho. (homogeneous Seg+Seg), (ii)
He. (heterogeneous Seg+SAM with a symmetric loss), and (iii) + (heteroge-
neous Seg+SAM with SCALER’s asymmetric Phase I/Phase II rules). Three
trends are observed. First, replacing a second segmenter with SAM (Ho.—He.)
improves all methods, confirming the benefit of architectural complementarity.
Second, applying SCALER’s asymmetric optimization (He.—+) yields further
gains, showing that heterogeneous architectures alone with a symmetric loss are
insufficient and verifying the superiority of our SCALER.

Cross-task generalization. To evaluate whether SCALER’s Phase II gener-
alizes beyond COS, we apply it to four additional label-deficient segmentation
tasks with representative specialist methods. As shown in Tab. 10, our SCALER
can better enhance the performance of the segmenter in each case.

Training dynamics. Fig. 6 plots Fg on COD10K during 60-epoch training,
where Phase I and Phase II alternate every epoch. Both models are initialized
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Table 11: Computational cost comparison (RTX 6000 Ada, 352x352). SCALER trains
both models but converges faster. At inference, only Segg is used.

Method ‘ Train. Memory Train. Time/Ep. Epochs Total train. Params FLOPs Inf. Mem. Inf. Time Fg1
WS-SAM [16] 12.23G 13.67min 120 27.34h 31.12M  40.06G 2.31G 12.45ms 0.719
SEE [17] 15.78G 19.73min 100 33.07h 41.09M  49.64G 2.92G 15.33ms  0.729
SCALER (Seg) 16.37G 22.18min 60 22.18h 31.12M  40.06G 2.31G 12.45ms  0.737

via labeled-data pretraining. Two convergence patterns emerge: SAM converges
earlier (~epoch 45) as it only requires domain adaptation via Phase II; the
segmenter, learning from a weaker initialization, converges later (~epoch 55).
In contrast, the WS-SAM baseline (the same segmenter) has not converged by
epoch 60 (Fg: 0.696, still rising). The smooth, oscillation-free convergence em-
pirically supports our theoretical guarantee (Sec. 3.4).

Computational cost. Tab. 11 compares computational costs. SCALER has
higher per-epoch cost due to updating both models, but converges in only 60
epochs, yielding the lowest total training time. At inference, only Segg is de-
ployed, so SCALER matches WS-SAM in inference cost while achieving the
highest Fj3. Note that we also bring a better foundation model (in Tab. 8). This
further validates the effectiveness of our framework.

5 Discussions

Asymmetric collaboration as a general paradigm. SCALER reveals that
a lightweight, task-specific segmenter can guide a large foundation model under
label-deficient conditions, provided the two models receive asymmetric, bias-
aware optimization. Our experiments (Tabs. 7 to 10) confirm this principle gen-
eralizes to various modules and tasks, suggesting a broader paradigm for other
label-scarce domains (e.g., medical imaging [25,26]) where knowledge should be
exchanged reciprocally rather than through one-way distillation [16,17].
When does SCALER fail? We identify three scenarios. (1) Cold-start fail-
ure: when both models completely fail to localize a target, mutual learning
cannot bootstrap; the labeled-data initialization mitigates this by establishing
minimum competence. (2) Systematic co-failure: when both models share the
same failure mode, mutual learning reinforces the error; SCALER’s heteroge-
neous architecture reduces this risk vs. homogeneous co-training (Tab. 9), and
entropy-based weighting further down-weights uncertain samples. (3) Capacity
mismatch: when the domain gap exceeds SAM’s adapter capacity (e.g., elec-
tron microscopy), Phase 1T yields diminishing returns and SCALER gracefully
degrades to a Phase I-only baseline. The training dynamics (Fig. 6) serve as a
diagnostic: a flat SAM curve signals insufficient adapter capacity.

6 Conclusions

We proposed SCALER, a framework for LDCOS that enables asymmetric col-
laborative learning between a mean-teacher segmenter and a learnable SAM.
Returning to our introductory questions: (1) consistency constraints and SAM-
based supervision can indeed be jointly leveraged, as Phase I's dual-source
pseudo-label refinement outperforms either alone; (2) the segmenter can guide
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SAM through Phase II’s augmentation invariance and noise resistance losses,
yielding mutual improvement. The key insight is that this mutual enhancement
requires asymmetric optimization tailored to each model’s inductive bias, going
beyond standard co-training or one-way distillation.
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