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Abstract. Few-shot semantic segmentation (FSS) often degrades when
support and query images exhibit large pose or scale differences since
conventional prototype matching operates in geometry-entangled feature
spaces. To mitigate this brittleness, we propose a lightweight encoder-
decoder framework that disentangles object representations into a geometry-
invariant semantic code and a low-dimensional modulation code captur-
ing instance-specific geometric variation. The reconstruction decoder is
trained with equivariance constraints so that geometric information gets
encoded by the modulation pathway while preserving semantic consis-
tency in a separate branch. As a result, robustness to pose-scale dis-
crepancies is improved before segmentation without explicit cross-image
alignment. To further strengthen supervision from limited supports, we
introduce a refinement module that synthesizes lightweight augmented
views of each support and performs cyclic ensemble refinement to gener-
ate more stable predictions. Predictions from multiple supports are then
fused using spatially adaptive reliability weighting, producing cleaner
and better-aligned query predictions. Across standard FSS benchmarks,
our method consistently improves performance - particularly under large
viewpoint changes. Ablations confirm that the disentanglement combined
with cyclic ensemble and spatial refinement are critical to the gains.
Project Website.
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1 Introduction

Deep learning-based semantic segmentation heavily depends on large-scale datasets
with dense pixel-level annotations that are often costly and labor-intensive to
create. Few-shot segmentation (FSS) [4120,/23] addresses this challenge by en-
abling models trained on base classes to generalize to novel categories with only a
few annotated samples. In the standard FSS setting, the model is trained on base
classes and evaluated on novel classes using a small set of labeled support images
with pixel-wise segmentation masks, along with unlabeled query images. Prior
works have explored a variety of strategies, including prototype-based metric
learning [4.331[39], conditional and guided networks |10L21}25], attention-based
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Fig.1: (a) We demonstrate Pose-Scale Discrepancy Bias in F'SS by augmenting the
support samples with various similarity transformations. The red box denotes where
the FSS model performs the best (usually when the scale and orientation of the support
and query objects are aligned well). (b) We show how different support samples yield
different predictions - and how different fusion methods lead to various results.
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architectures [27,35}/36], and latent representation optimization [22}/26//40]. Some
works go beyond the limited visual cues and incorporate external knowledge
sources such as semantic text embeddings [28}/41] and knowledge from pretrained
foundation models [11}42].

A critical yet underexplored challenge in FSS is the Pose-Scale Discrepancy
Bias. Although support and query objects belong to the same category, pro-
nounced differences in their orientation or size can impair correspondence when
matching is conducted in a feature space, where semantic and instance-level vari-
ations are entangled. Since FSS relies on limited support samples and similarity-
based guidance, its performance depends heavily on the stability of feature cor-
respondence between support and query images. Although CNN models exhibit
some degree of transformation tolerance |2}9], they are primarily optimized for
category discrimination rather than structured correspondence. Consequently,
prototype-based similarity does not explicitly guarantee consistent responses
under substantial pose-scale variation. Attention-based FSS methods alleviate
some limitations of static prototypes by enabling dense cross-image interactions.
However, attention weights are still learned based on feature similarity with-
out explicitly modeling geometric consistency. As a result, both approaches may
produce degraded similarity maps when support and query objects exhibit sig-
nificant pose-scale discrepancies. In few-shot settings, such mismatch can weaken
object correspondence and amplify bias toward appearance-specific cues, result-
ing in fragmented activations and unstable mask predictions.

To empirically demonstrate this bias, we apply controlled transformations
such as scaling and rotation to the support image relative to the query. Figure
shows that FSS performance is highest when the support and query objects
share similar orientation and scale, and it degrades noticeably as the discrep-
ancy increases. Through these synthetic similarity transformations, we reveal
that existing FSS models tend to overfit to specific orientations and object sizes,
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struggling to generalize across intra-class geometric changes. Additional exam-
ples are provided in the Supplementary Material.

A second issue in FSS is the lack of effective aggregation of information
from the scarce support samples. Due to limited supervision, the optimization
landscape is uncertain, and due to pose-scale bias, not all samples are equally
informative (Figure [Ip). In conventional K-shot FSS, the most common fusion
strategy aggregates information from multiple support examples by uniformly
averaging their prototypes or feature embeddings before guiding query segmen-
tation. Although simple and computationally efficient, this approach relies on the
strong assumption that all supports are equally informative and relevant to the
query. This assumption is rarely valid in practice, leading to inferior performance
that may be even worse than the single support with the best alignment (Figure
[al, bl]). Support objects may exhibit large variations in pose and scale rela-
tive to the query, along with changes in illumination, occlusion, and background
clutter. These tend to generate incomplete segmentation predictions.

BAM [8] addresses the above issue by introducing an adjustment factor ¥,
which quantifies the scene difference between support and query pairs using the
Frobenius norm of Gram matrix differences computed from low-level feature
maps and uses this to fuse support predictions. BAM (Figure a2, b2]) yields
better results compared to average fusion. However, ¥ can be dominated by
irrelevant scene context rather than by the target object itself. Therefore, a
better fusion strategy that identifies the contribution of each support object is
essential to achieve robust multi-shot performance (ours in Figure [[]a3, b3]).

To address the above challenges, we propose a novel framework, Decoupled
Maitching Network (DMNet), that explicitly mitigates pose-scale discrepancy
bias and improves multi-shot reasoning through three key contributions:

1. Geometry-Decoupled Disentangled Autoencoder (DAE): We pro-
pose a representation learning framework that decomposes object features
into two compact latent codes: a Semantic Code and a Modulation Code. The
Semantic Code captures geometry-invariant class identity, while the Modula-
tion Code models instance-specific geometric variation. The disentanglement
results in semantic matching being performed in a space where pose-scale
variation does not interfere. This structured reconstruction reduces mis-
matched activations and improves object correspondence, ultimately yielding
more accurate and stable segmentation predictions.

2. Cyclic Ensemble Refinement: To effectively leverage multiple supports,
we propose a refinement that uses query-support consistency. We enhance the
mutual relation between support and query in a cyclic manner - predicting
and refining their segmentation iteratively. This cyclic refinement allows the
network to refine query predictions by treating them as pseudo-supports.

3. Spatially Adaptive Fusion: We introduce a mechanism that dynamically

weights each support’s contribution to the query at the pixel level. This
weighted aggregation yields more reliable segmentation masks.
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2 Related Works

2.1 Pose-Scale Variation in Few-Shot Segmentation

Recent FSS advances increasingly target the support-query mismatch that breaks
naive similarity-based prior maps, evolving from attentive K-shot fusion [36] to
stronger correspondence models [25|. Transformer-based cross-attention meth-
ods [37] have been used to explicitly filter out harmful support regions. But none
of these effectively resolve the pose-scale discrepancy bias problem. A broader
analysis [1] identifies this bias as a persistent open challenge in FSS, noting that
existing methods largely assume spatial consistency between support and query.

PMMs [33] represent one of the earliest efforts to handle intra-class vari-
ation in FSS. Instead of constructing a single global prototype per class, they
introduce a mixture of multiple local prototypes learned through an expectation-
maximization process, capturing diverse visual modes. However, the method re-
mains appearance-driven; it clusters features in embedding space without taking
explicit viewpoint changes into consideration. SSFSS [5] introduces a self-guided
mechanism in which the query image generates its own “self-support” features
to complement the support cues. This design alleviates over-dependence on mis-
matched supports and enhances adaptability under large appearance shifts. How-
ever, the self-support process is unsupervised and purely feature-similarity based.

These methods primarily address mismatch by reweighting or refining fea-
ture correspondences, without explicitly structuring the representation to sep-
arate semantic identity from instance-level transformation factors. As a result,
while they can suppress certain appearance inconsistencies, they lack a dedi-
cated mechanism to model and absorb substantial pose or scale variation. This
limitation motivates the need for FSS frameworks that explicitly disentangle
transformation-related variation within the representation itself, rather than re-
lying solely on similarity re-calibration.

2.2 Aggregation of Multiple Supports in FSS

Existing multi-support fusion strategies exhibit important limitations at the al-
gorithmic level. PANet [29] enforces a single round of prototype alignment by
projecting query predictions back onto the support and encouraging consistency
at the prototype level. As a result, the process may propagate errors if initial pre-
dictions are imperfect, since there is no explicit mechanism to evaluate or filter
unreliable support contributions. BAM [8] emphasizes the suppression of mis-
leading regions by estimating scene-level discrepancy between support and query
features. However, the adjustment mechanism is primarily global and feature-
statistics driven which may be dominated by background variations rather than
object-specific reliability. As a result, supports that are globally similar may still
introduce local errors, while locally reliable supports may be underweighted due
to scene-level mismatch. DCAMA [24] performs attention-based aggregation by
computing dense cross-attention between support and query features. Although
attention weights are adaptive, they are implicitly determined by feature similar-
ity and learned attention scores, making the fusion heavily appearance-driven.
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Fig. 2: Geometry-Decoupled Disentangled Autoencoder (DAE) in DMNet.

3 Methodology

3.1 Problem Setting

A FSS task involves two disjoint datasets: a training set Diain containing base
classes Chase, and a testing set Diesy comprising novel classes Chovel (Chase N
Chovel = &). The objective is to learn transferable segmentation knowledge from
Dirain that generalizes to Diesy with very few labeled samples (support) from
novel categories. F'SS is typically trained in an episodic manner, mimicking few-
shot conditions during both training and testing. Each episode consists of:

— Support Set (S): A set of labeled samples (S = {(I%, ME)}E_ ) for a
target class ¢, where [ 5’3 and M § denote the k-th support image and its
corresponding binary mask, respectively. We call this K-shot scenario.

— Query Image (Q): An unlabeled image I containing an object of the same
class as \S; its ground-truth mask Mg.

During training, both S and @ are sampled from Dirain, and Mg is used to
compute the segmentation loss. During testing, episodes are sampled from Diest,
and the model predicts the segmentation mask (Mg) for Ig.

3.2 Method Overview

A straightforward way to solve pose-scale bias would be to explicitly align sup-
port and query images, e.g., by estimating a geometric transform and warping
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one image to match the other. However, in F'SS each episode involves unseen cat-
egories and varying object instances, making reliable correspondence estimation
at test time extremely challenging. Classical geometric matching (e.g., keypoints
+ RANSAC [13]) is brittle on deformable objects and severe clutter, while STN-
style modules |7] still depend on strong correspondence cues, and often overfit
to dominant geometric modes observed during training.

Instead of cross-image alignment, we adopt a different perspective: geometric
(pose-scale) variation should not disrupt semantic matching. The proposed DM-
Net (Figure [2) addresses this by disentangling semantics from instance-specific
geometric variation. We encode (D) the object-centric feature maps of the
support and query (ngj and Fg’j ) as a combination of two latent factors: (i)
a geometry-invariant Semantic Code (z3™ and z§™) capturing class identity,
and (i) a Modulation Code (zg"°* and z3°?) encoding instance-dependent ge-
ometric variation. To enforce this, we design modulation modules to learn a
low-dimensional subspace for the support and query features (shown in purple
in Figure , in which a 2D vector - termed the geometric pointer - parameter-
izes and visualizes the transformation in the 2D space. A reconstruction decoder
(Dgec) recombines the codes and produces reconstructed object features (ROQZU

and Rosbj )- A segmentation decoder (Ds.4) then provides the query prediction

(Mg). This isolates instance-specific variation within the modulation pathway,
enabling semantic correspondence to be established in a disentangled space.

3.3 Model Architecture

(A) Feature Extraction Given query @ and support S with its binary mask
Mg, we first extract feature maps (Fg, Fg € REXHXW where C is the channel
dimension, and H and W are the height and width of the feature volume) using
a shared backbone network F'. We obtain the support object feature (F' gbj €
REXHXW)Y and its compact prototype (ps € RY) by:

ngj = Fs ® Mg, Ds = MAP(ngj% (1)

where ® denotes channel-wise element-wise multiplication and MAP is Masked
Average Pooling. To compute the query object feature (F(Sbj € REXHEXW)) e
compute a pixel-wise cosine similarity (Sg € RT*W)
each spatial location (z,y):

between Fg and pg for

FQ(x y)TpS obi
S xZ, = ) , F R F 0) S . 2
@Y = TG sl Te —fe®S (2)

(B) Geometry-Decoupled Disentangled Autoencoder (DAE) For both
support and query branches, F' ng and F, (gbj are passed through a shared encoder

Depe, producing a compact latent representation € R?*¢. This latent vector is
partitioned into two components: Semantic Codes (g™, zo € R?) and Modu-
lation Codes (szOd, zgod € RY) respectively. Dge. is designed to reconstruct the
object features from the respective latent codes:

R = Daee (5™ @ 8, RY = Dacole™ @257, (3)
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(b) Effect of applying similarity transforms on
the geometric pointer p on reconstructed features.

(a) Modulation Module.

Fig. 3: (a) Modulation Module. (b) Geometric pointer p.

where @ represents the channel-wise concatenation operation. We add a recon-
struction loss L;ec to keep Dge.’s outputs (Rgbj, Rggbj) on the same feature mani-

fold as ngj and Fébj, preventing implausible reconstructed features (Figure @)

obj obj obj obj
ﬁrec:”RSJ_FS J||§+||RQJ_FQJ”§ (4)

Semantic Consistency: To ensure z§™ and z5™ encode the common (class-level)

features across the support and query branches, we minimize:
o sem sem || 2
Lsem = [[25™ — 2™ I3- (5)

Modulation Module: We project zg(’d and zg”‘)d E| onto a 2-D subspace via a
learnable matrix U € R%*2, resulting in their geometric pointer p:

p=UZ"erR?™, UT=WU+X)T'UT,XA>0. (6)

Our idea is to make p a representative of the pose-scale of the corresponding
image, so that any similarity transformation (SIM) applied to it is reflected in
the reconstructed features. So, we randomly sample two sets of transformation
parameters (0; = (tu;,ty,, 5, ¢:), i € {1,2}) where t,; and ¢, are translation
components, s; represents scaling factor, and ¢; denotes rotation angle. We apply
SIMy, transformations on p to generate two versions of p (p;).

pi = si Rot(¢i)p+ti, Rot(¢;) = {Z?I?:;:: ngan’] - EZ:] , (7
where Rot(¢;) is the rotation matrix. Using multiple transformed versions dis-
courages the network from learning a shortcut that directly predicts the trans-
formation parameters without encoding meaningful geometric structure in the
modulation space. To ensure that geometric variations encoded in the pointer
are faithfully reflected in the reconstructed features, we enforce a consistent re-
lationship between transformations in the modulation space and changes in the
decoded feature maps. Specifically, when the pointer is transformed from p to
pi, the corresponding reconstructed feature should undergo the same transfor-
mation. For this, we convert p; back to RP space to generate z™°%. Modulating

! For simplicity, in Figure [3al and description below, we drop the subscript - the Mod-
ulation Module is applied to both support and query branches
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into the latent space, so the updated modulation code z™°% is:

gl = 5ol U (p, — p). (5)
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Fig. 4: The features in DAE.

The decoder Dy, then reconstructs the transformed object features:
RPJi = Dyeo (25 @ zmody e {1,2}. (9)

Specifically, when a controlled similarity transformation is applied to p, the re-
constructed object feature should undergo the same transformation in spatial
space to ensure geometric variations are consistently modeled within the mod-
ulation pathway rather than entangled with semantic identity. This is enforced
by an equivariance consistency loss Le.:

L"ec — Z ||R0bj’i —SIMei (Robj)Hg — Z HDdec(zsem@Zmodi)_SIMgi (Ddec(zsem@ZmOd)) Hg
i€{1,2} i€{1,2}
(10)

To keep p from encoding noise, a Geo Head (a multi-layer perceptron) pre-
dicts 0; from (p,p;) and compares it to the applied transform 6; by minimizing:

Egco = Z
ie{1,2}

Figure [3a] shows the overall idea of the Modulation Module. Figure [3b] shows
two examples of reconstructed features R°Pi when we apply particular STMo,,
transformations on the geometric pointer p. As we see, controlled changes on
p cause similarly structured transformations in the decoded feature map. This
shows that the model learns an internal alignment mechanism: by learning how
changes in the geometric pointer p affect feature reconstruction during training,
the decoder becomes capable of generating geometry-consistent features that
align with the query configuration during inference.

Figure[dshows the DAE feature representations in an example of a significant
pose-scale difference - the support object is much smaller than the query object
and has a large pose variation. We observe that Fg’] has strong responses on
the object but also, noisy activations in background under such variations. z¢™
captures class-level semantics (background activations are weaker and it focuses

on the object identity), while zgod captures instance-specific geometric features

b — 0|2 (11)

related to the object’s configuration. The reconstructed feature Rg’j from Dgec,
combining both codes, is cleaner and with stronger activation over the full dog,
demonstrating that disentangled latent codes provide complementary guidance
(semantic stability and geometry-specific refinement) for mask prediction.
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(C) Segmentation Map Prediction Segmentation is a pixel-wise classifica-
tion into object and background. A segmentation decoder D,., (architecture
details in Section 4) is designed to predict the per-pixel object probability map

P for query image I and its binary prediction mask Mg:
Z/W\Q(x) = 1[Pg(x) > 7], 7 is the threshold, (12)

where 1[.] is an indicator function, thresholding the probability at each pixel z
by 7. Segmentation is optimized by minimizing the Cross-Entropy Loss (CE):

Lseg = CE(Pg, Mq). (13)
Total Training Loss: Training uses multiple complementary objectives:

L= Erec + Eseg + )\semﬁsem + )\ecﬁec + )\geoﬁgeoa (14)

where Asem, Aees Ageo are respective loss weights.

Inference-time Role of DAE During inference, no synthetic transformations
are applied. D, extracts object features and encodes query object features into
semantic and modulation codes, and Dg.. reconstructs refined query object fea-
tures by recombining them. As p is used to enforce an equivariance constraint in
the modulation space during training, this teaches the decoder how geometric
variations affect object features, enabling it to reconstruct geometry-consistent
representations during inference without explicitly applying transformations be-
fore being passed to Dsegq.

3.4 Query Prediction Refinement

While the DAE yields an initial predicted query mask ]\/IQ (for iteration t = 0, we

will refer to it as M, égo)), boundary imprecision and part misalignment can persist,
especially under large pose-scale gaps. We therefore apply a light refinement
stage that (i) enforces a cyclic-ensemble across support augmentations and (ii)
fuses multi-support predictions using spatially adaptive reliability maps.

Cyclic Ensemble Refinement As we have shown in Figure[I] FSS models are
sensitive to different support augmentations - and often the support object which
matches the query’s orientation-scale yields the best performance. To exploit
this, at iteration ¢, we generate multiple augmentations of (Is, Mg) by applying n
random augmentations A; (scaling, flipping, rotating) to generate (Isi, M§ 1)1":1
We feed these augmented pairs to the DAE to generate the predicted query mask
at iteration t (Mé) Mé now acts as the pseudo-support and we reverse-predict
the supports’ prediction masks for iteration ¢ + 1:

MY = DAE(Is,; | (g, MY)). (15)

We now compare how close the predicted masks for the support samples are to
the ground truth by computing their compatibility scores:
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(a) Cyclic Ensemble Refinement Mechanism. (b) Spatially Adaptive Fusion Mechanism.
Fig. 5: Refinement Modules.

1§, m§

K mE

altl = IoU(MStjl, Ms). (16)

Top-K augmentations per support by their respective a; are selected, and
from each of these selected supports, we generate a fused query prediction:

t+1
ME =1 < > wf“DAE(IQ|(Is,i, Mstfgl))> >r|, wherew!tt = exp(a; )t+1 ,
i€Top-k ZjGTopr exP(aj )
(17)

The iteration of this cyclic ensemble refinement is summarized in Figure
This process continues until convergence (e.g., HMEH — M4l < €) or a fixed

number of iterations 7' (We have chosen ¢ = 107*, T = 3). A good initial query
prediction will act as a reliable pseudo-support and yield a strong prediction for
the support. Else, there is scope to refine the predictions in further iterations.

Spatially Adaptive Fusion Even after implementing the Disentangled Au-
toencoder architecture and Cyclic Ensemble Refinement, some cases exhibit ex-
treme pose-scale differences (Figure @ Also, from Figure |1, we know that not
all support sample regions have equal importance for the query predictions. For
this, we define pixel-wise spatial weights wy(z) (where x represents each pixel
in the query) that combine the influence the k-th support sample (I%) has for
the prediction, as well as the confidence with which it makes those predictions.

Influence: Let Py(z) denote the one-shot prediction from I% for pixel x. The
influence of the k-th support on pixel x is defined as:

Ii(z) = max(o, Pfu”(:c)—P,k(x)), (18)

where Py (z) is the mean of object probabilities over all K supports. P_x(z)
is computed by averaging over all supports excluding the k-th one.

Confidence: This metric is used to denote how certain I%’s predictions are:
C}c(l‘) =1 - H(P}g(x)), (19)

where H is the binary entropy function computed using base-2 logarithm, allow-
ing Cx(z) € [0, 1]. Final spatial weights wy(x) are obtained by normalizing the
combined scores and then we calculate the final fused query probability as:

exp(Ix(z) Ci(x))
S exp(1i(2) C(x))
This spatially adaptive fusion (summarized in Figure enables the model to

exploit complementary support regions while down-weighting misleading cues,
resulting in sharper and more reliable query segmentation.

wk(l‘) = ) Pfuscd(m) = Z’U)k(«f) Pk(m) (20)
k=1
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Table 1: Experimental results on PASCAL-5° and COCO-20". F denotes the pretrained
image feature encoder. S1-S4 denote the dataset splits. mIoU is the evaluation metric.
Bold means best performance, underline means second best performance.

Method F PASCAL-5' (1-shot) PASCAL-5' (5-shot) COCO-20" (1-shot) COCO-20° (5-shot)

S1 S2 S3 S4  Mean| S1 S2 S3 S4  Mean | S1 S2 S3 S4  Mean| S1 S2 S3 S4  Mean
PANet [29] VGG-16 |42.3 58.0 51.1 41.2 48.1 [51.8 64.6 59.8 46.5 55.7 - - - - 20.9 - - - - 29.7
RePRI |33] VGG-16 |47.1 65.8 50.6 485 53.0 | 50.0 66.46 51.94 47.64 54.0 - - - - - - - - - -
PFENet 25‘ VGG-16 |56.9 68.2 54.4 524 58.0 |59.0 69.1 54.8 529 59.0 [33.4 36.0 34.1 32.8 34.1 [35.9 40.7 38.1 36.1 37.7
HSNet |14] VGG-16 |59.6 65.7 59.6 54.0 59.7 | 64.9 69.0 64.1 586 64.1-| - - - - - - - - - -
BAM 8| VGG-16 | 63.2 70.8 66.1 57.5 64.4 |67.4 73.1 70.6 64.0 68.8 [38.9 47.0 46.4 41.6 43.5 [47.0 52.6 48.6 49.1 49.3
HDMNet |18| VGG-16 | 64.8 71.4 67.7 56.4 65.1 |68.1 73.1 718 64.0 69.3 [40.7 50.6 48.2 44.0 459 [47.0 56.5 54.1 51.9 524
SCCAN 32| VGG-16 | 62.9 70.7 648 543 63.1 |66.1 73.4 683 63.1 67.7 389 46.3 455 428 434 (464 51.7 53.5 48.0 49.9
AENet (30} VGG-16 |66.3 73.3 685 584 66.6 | 70.8 751 72.2 642 70.6 [40.3 50.4 47.9 449 459 | 458 56.3 55.8 53.4 52.8
HMNet |31} VGG-16 |66.7 745 689 59.0 67.3 |[70.5 76.0 72.2 657 711 [44.2 51.8 51.9 484 49.1 | 488 58.0 57.9 532 545
DeFSS |19 VGG-16
DMNet (Ours) | VGG-16

HSNet |14] ResNet-50 | 64.3

CyCTR [38] -50 | 65.

SSFSS 5|

DCAMA (24|

BAM 8| 67.8 | 70.6 751 70.8 672 70.9 [43.4 50.6 47.5 43.4 46.2 | 493 542 51.6 496 51.2
HDMNet |18| ResNet-50 | 71.0 75.4 68.9 62.1 694 | 71.3 762 71.3 685 718 |43.8 553 51.6 49.4 50.0 | 50.6 61.6 55.7 56.0 56.0
SCCAN 32| ResNet-50 | 68.3 72,5 66.8 59.8 66.8 | 723 741 69.1 65.6 70.3 |40.4 49.7 49.6 45.6 46.3 |47.2 572 59.2 52.1 53.9
AENet |30} ResNet-50 | 71.3 759 68.6 654 70.3 | 73.9 77.8 73.3 720 742 |454 571 52.6 50.0 51.3 | 52.7 62.6 56.8 56.1 57.1
IR 6] ResNet-50 | 71.8 77.1 71.5 684 722 |72.6 789 747 726 747 |47.2 56.9 52.7 51.7 52.1 |51.3 60.3 58.5 52.8 B55.7
HMNet |31} ResNet-50 | 72.2 754 70.0 63.9 704 |74.2 77.3 741 709 74.1 |455 587 529 514 521 | 534 64.6 60.8 56.8 58.9
DeFSS [19 ResNet-50 | 73.7 76.6 70.9 65.8 71.7 |75.0 786 74.7 722 75.1 |46.5 59.7 54.8 53.2 53.7 [ 55.1 66.0 61.3 57.5 60.0

DMNet (Ours) | ResNet-50 | 76.1 81.9 75.0 69.3 75.6 |77.4 79.9 76.7 74.8 77.5|50.7 64.1 57.7 57.4 57.5 |58.0 69.4 65.1 59.8 63.1

4 Experiments

Datasets. PASCAL-5" [23] comprises 20 distinct classes. COCO-20" [15] presents
a larger dataset with 80 classes. Following the protocols used by [25|, during
training, both PASCAL-5° and COCO-20° are partitioned into four folds for
cross-validation purposes, with each fold containing either 5 and 20 classes re-
spectively. Within each fold, the training set is the union of the other three folds,
while the fold itself is reserved for testing. During testing, we randomly sample
1,000 episodes from PASCAL-5% and 4,000 episodes from COCO-20°.
Implementation Details. For the backbone feature extractor F', we take frozen
ImageNet pretrained VGG and ResNet50, for fair comparisons with many FSS
methods. D, consists of 3 x 3 convolutional layers with ReLLU to downsample
the feature to 2 x d (d = 32), which is then split into z2°¢™ and 2™°? (dimension d
each). Dge. mirrors De,,. but uses upsampling blocks for reconstruction. Dy is
a simple convolutional module followed by a classification head with two output
classes to yield the segmentation prediction. The classification head is composed
of one 3 x 3 convolution and 1 x 1 convolution with the Softmax function.
DMNet is implemented using PyTorch [17] using one NVIDIA GPU (RTX
4090). The training follows an episodic learning setup, running for 50 epochs on
COCO-20" and 100 epochs on PASCAL-5'. Batch size B is set to 2 for COCO-20°
and 8 for PASCAL-5'. During training, we employ the AdamW optimizer |12],
with a learning rate of 0.0001 and a weight decay of 0.01. We set the loss weights:
Asem = 0.2, A = 0.5, and Age, = 0.1 using cross-validation with a 90-10 split in
each fold. We use mean intersection over union (mloU) as the evaluation metric.

5 Results

Quantitative Analysis. Tablereports mlIoU comparisons on PASCAL-5¢ and
COCO-20° under the standard 1-shot and 5-shot settings. We compare DMNet
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Table 2: Comparison with Foundation model-based FSS architectures.

Method FE PASCAL-5" (1-shot) PASCAL-5' (5-shot) COCO-20" (1-shot) COCO-20" (5-shot) Avg mIoU
SANSA |3 SAM2-L - - 60.2 64.3 62.3
FCP SAM 73.2 74.0 52.5 58.0 64.4
GF-SAM SAM 72.1 82.6 58.7 66.8 70.1
DMNet ResNet-50 75.6 77.5 57.5 63.1 68.4
DMNet-SAM SAM 7.7 79.8 59.2 66.4 70.8

DMNet

Support Image Query Image BAM Prediction DeFSS Prediction DAE+CycI|c DAE+Cyclic+Spatial

-

Fig. 6: Predictions of BAM , DeF'SS (Previous SOTA), DMNet (Ours). Red
masks denote the ground truth, and cyan boxes denote where previous methods fail.

against representative prototype-based, attention-based, and recent correspondence-
driven FSS methods under both VGG-16 and ResNet-50 backbones. Across all
settings, DMNet consistently performs better than previous works on most splits.
The gains are particularly notable under the more challenging COCO-20° bench-
mark, suggesting that the proposed disentanglement and refinement strategies
effectively enhance robustness in complex scenarios.

Table [2] further compares DMNet with foundation model-based FSS ap-
proaches. GF-SAM uses DINOv?2 for feature extraction and SAM as a mask
generator and builds a graph structure over support-query correspondences.
SANSA exploits semantic priors from SAM2 to guide mask selection and
refinement, while FCP integrates SAM-generated masks with foreground-
covering prototype matching. These approaches rely heavily on large pretrained
foundation models and benefit from strong global priors, but at the cost of heavy
computation. Notably, DMNet (using ResNet-50 backbone) performs strongly
even without these large backbones. DMNet-SAM further benefits by replacing
the frozen CNN backbone with a frozen SAM encoder without SAM prompting.
Qualitative Analysis. Figure [f] shows the prediction masks for three different
methods: BAM [8] (uses a scene-based ensemble technique), DeFSS (the previ-
ous state-of-the-art method) and DMNet, using the same ResNet-50 backbone.
Overall, DMNet consistently produces masks that are both more complete and
more semantically aligned with the target object compared to BAM and DeFSS.
While prior approaches frequently miss structural regions or become distracted
by visually similar background elements (cyan boxes), especially in cases where
the pose is misaligned, DMNet leverages meaningful disentanglement and robust
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Table 3: Computational Efficiency and Accuracy (1-shot).
Method Parameter Count Inference Time (ms) Avg mIoU
SANSA |3] 234M 67 62.3
GF-SAM |34] 180M 1800 70.1
Ours (DAE) 5.3M 14.3 68.0
Ours (DAE-+Cyeclic) 5.3M 15.9 69.2
Ours (DAE-+Cyclic+Spatial) 5.3M 19.7 70.8
BAM (8] 4.9M 7.4 57.0
HMNet |31] 32.8M 118 67.8
Table 4: Ablations (ResNet-50, PASCAL-5°).
(a) Component-wise ablation (5-shot). (b) Loss-wise ablation (1-shot).
Row DAE Cyclic Spatial | mIoU (%) Row [ Lseg | Lrec [Lsem| Lec | Lgeo | mIoU (%)
(a) X X X 62.2 (a) v X X X X 68.9
(b) v X X 75.0 (b) v v X X X 69.8
(c) v v x 76.8 © | v v v x x 71.7
(d) v x v 76.6 ) | v v v v x 74.7
(e) v v v 77.5 () | v v v v v 76.1

refinement to yield better predictions with cleaner boundaries and fewer false
activations, demonstrating improved support-query correspondence and gener-
alization under large appearance variations.

Computation Cost Table [3] compares parameter count, inference latency, and
FSS accuracy. Foundation-model-based approaches |3,[34] achieve competitive
average performance by leveraging large pretrained backbones and promptable
SAM priors. While these models benefit from large-scale pretraining and strong
general-purpose representations, they incur substantial computational and mem-
ory costs that may limit practical deployment.

In contrast, classical FSS architectures such as [8,|31] are lightweight and
efficient, but their accuracy lags behind DMNet’s, which strikes a favorable bal-
ance between these two extremes. With only 5.3M parameters, DMNet offers a
good accuracy-efficiency trade-off, with inference time comparable to lightweight
baselines. The addition of the refinement modules further improves performance
while maintaining low computational overhead.

6 Ablation Studies

Component-wise Ablations. Table [4] (a) shows quantitative ablation regard-
ing the effectiveness of the components involved. Row (a) shows the baseline
where we feed Fébj to Dgey without any feature refinement. DAE provides
the most significant performance improvement by explicitly reducing sensitivity
to instance-specific variations (Row (b)), forming the foundation of the overall
framework. Building on this, Cyclic Ensemble Refinement further improves per-
formance by leveraging query-support mutual agreement (Row (c)). Similarly,
Spatially Adaptive Fusion contributes complementary gains by emphasizing re-
liable regions while down-weighting misleading ones (Row (d)). When all three
components are combined, they yield the strongest performance (Row (e)).

Figure [6] (Right) shows the qualitative ablation of DMNet’s three compo-
nents. The segmentation maps are refined with each component.
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Iter0 QPred Iter1 SPred Iter1 QPred Iter2 SPred Iter2 QPred Iter3 SPred Iter3 QPred

Support Query
Support GT
uppo! Query GT 10U:0.799 10U:0.765 10U:0.812 10U:0.767 10U:0.822 10U:0.768 10U:0.831

Image (S) Image (Q)

A k' |
-

Support Support GT Query GT Iter0 QPred Iter1 SPred Iter1 QPred Iter2 SPred Iter2 QPred Iter3 SPred Iter3 QPred

uery
lmaEs 25! lma e (Q) :0.765 10U:0.904 10U:0.798 10U:0.906 10U:0.801 10U:0.906 10U:0.802

Fig. 7: Effect of Cyclic Ensemble Refinement.

Query Image Average Pred BAM Pred Spatial-Adaptive Fused
yimag Query GT ToU=0.721 ToU=0.735 IoU = 0.868

Support 1 Query Pred  Reliability Map

‘iuppnrt 3 Query Pred  Reliability Map

9 S t3
Support 1 GT from S1 (S1) uppors from S3 (83)
Reliability Ma
\upport 2 QueryPred Reliability Map ‘support 4 Query Pred P
Support 2 from §2 (82) Support 4 from S4 (54)

Fig. 8: Spatially Adaptive Fusion.

Effect of Cyclic Ensemble Refinement. Figure[7]shows the effect of cyclic
ensemble refinement across multiple iterations. Improvements concentrate on
boundaries and missing parts, and the process typically converges within two
iterations, indicating a stable mutual relationship between supports and query
predictions across iterations. More examples are in Supplementary.

Effect of Spatially Adaptive Fusion Module. Figure [§ contrasts different
K-shot aggregation techniques - Average Fusion and BAM - with our Spatially
Adaptive Fusion mechanism and visualizes the per-support reliability maps. Each
reliability map shows certain warm regions indicating portions where the corre-
sponding support is both influential and confident. Our spatial fusion mechanism
automatically up-weights high-reliability areas (on the relevant object parts) and
down-weights distractors (water, poles, sky in the background). This ablation
shows that our Spatially Adaptive Fusion is helpful: it retains complementary
evidence from helpful supports while neutralizing misleading ones, especially
under appearance mismatch. More examples are included in the Supplementary.

Effect of Different Losses Table 4] (b) shows the effectiveness of different loss
components involved. Incorporating L,.. stabilizes the decoded feature space
(Row (b)), encouraging structurally coherent object representations (e.g., Fig-
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obj obj .
obj Rq 2 without Rq ) with

Support Query .
Quiery Obj Fa Recon Loss Recon Loss

Image (S) Image (Q)

|

Fig. 9: Effect of Erec.

ureE[). Lgenm further strengthens alignment between support and query features,
reinforcing class-level invariance (Row (c)). Introducing L.. on top of that sig-
nificantly enhances geometric robustness by enforcing consistent transformation
behavior, making it a core contributor to the framework (Row (e)). Finally, Ly,
further improves the segmentation performance as it helps encode better features
responsible for effective modulation by predicting the transformation parame-
ters, resulting in more structured and interpretable modulation (Row (g)).

7 Conclusion

We present DMNet, a lightweight and effective framework for few-shot segmen-
tation to improve robustness under pose and scale variation. Instead of explic-
itly aligning support and query features, DMNet disentangles semantic identity
from geometric variation at the representation level. By doing this and enforcing
equivariant reconstruction in a structured modulation space, the model learns
object representations that are less sensitive to pose and scale discrepancies.
The disentangled autoencoder refines object features before final prediction,
suppressing geometry-induced distortions while preserving semantic consistency
and instance-specific spatial structure. This representation-level regularization
mitigates pose-scale bias without requiring explicit cross-image registration at
inference. In addition, a lightweight refinement module enhances supervision
from scarce supports through cyclic ensemble over augmented support views
and a spatially adaptive fusion mechanism that weights pixel-level predictions
according to reliability. Across standard FSS benchmarks, DMNet consistently
improves segmentation accuracy, especially under large pose-scale discrepancies.
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