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Figure 1. Explainability visualization of dynamic expert rout-
ing in SAGE on the EBHI dataset. From left to right, the first row
shows the input patch, its ground-truth mask, and the predicted
segmentation. Rows two and three report representative Grad-
CAM heatmaps from the ConvNeXt and Transformer streams, in-
cluding the main paths and selected expert blocks. Warmer regions
indicate higher attribution, illustrating how SAGE routes computa-
tion to different experts to refine local boundaries while preserving
global context under heterogeneous tissue appearances.

Abstract

The significant variability in cell size and shape contin-
ues to pose a major obstacle in computer-assisted can-
cer detection on gigapixel Whole Slide Images (WSIs),
due to cellular heterogeneity. Current CNN-Transformer
hybrids use static computation graphs with fixed routing.

∗Equal Contribution.

This leads to extra computation and makes it harder to
adapt to changes in input. We propose Shape-Adapting
Gated Experts (SAGE), an input-adaptive framework that
enables dynamic expert routing in heterogeneous visual
networks. SAGE reconfigures static backbones into dy-
namically routed expert architectures via a dual-path de-
sign with hierarchical gating and a Shape-Adapting Hub
(SA-Hub) that harmonizes feature representations across
convolutional and transformer modules. Embodied as
SAGE with ConvNeXt and Vision Transformer UNet (SAGE-
ConvNeXt+ViT-UNet), our model achieves a Dice score of
95.23% on EBHI, DSC scores of 92.78% and 91.42% on
GlaS Test A and Test B, respectively, and 91.26% DSC at the
WSI level on DigestPath, while exhibiting robust generaliza-
tion under distribution shifts by adaptively balancing local
refinement and global context. SAGE establishes a scalable
foundation for dynamic expert routing in visual networks,
thereby facilitating flexible visual reasoning. Project page:
https://oxyzgiahuy.github.io/sage/.

1. Introduction
Computer-aided detection of malignant tissue in gigapixel
WSIs is the basis of digital pathology. This makes it possi-
ble to quickly and accurately diagnose diseases. For quick
diagnosis, classification, and treatment planning of colorec-
tal cancer, it is very important to accurately describe the
tumor’s morphology. Nonetheless, converting these visu-
ally intricate and diverse tissue architectures into compu-
tational comprehension continues to be exceedingly diffi-
cult. Convolutional Neural Networks (CNNs) [1] are great
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at finding small local features like cell boundaries and tex-
tures. Vision Transformers (ViTs) [14], on the other hand,
are a powerful way to model long-range spatial dependen-
cies and global context. Nevertheless, substantial variabil-
ity in tissue appearance, ranging from homogeneous nor-
mal tissues to complex and subtly textured malignant pat-
terns, combined with the large resolution of WSIs, pushes
current models beyond their representational and computa-
tional limits. Existing models, including U-Net variants and
hybrid CNN-Transformer architectures, utilize a static com-
putational graph. This makes all input segments go through
the same processing, which is not a good way to do things
because it over-processes simple areas and under-models
complex ones. Also, the fact that CNN and Transformer
blocks can only interact in one way means that you can’t
take advantage of each paradigm’s strengths based on the
characteristics of the input.

To address these limitations, we propose Shape-
Adapting Gated Experts (SAGE), a dynamic, input-adaptive
framework that converts a static backbone into a dual-path
architecture. Each layer contains a main path that preserves
the backbone transformation and an expert path that con-
ditionally activates a subset of reused backbone blocks. A
hierarchical router first estimates a group-level preference
between shared and fine-grained expert groups, then applies
top-K selection on prior-modulated logits to determine the
active experts for each input. The two paths are fused adap-
tively, allowing the model to balance stability and input-
specific refinement at run time. To enable interaction across
heterogeneous experts (e.g., CNN and Transformer blocks),
we introduce the Shape-Adapting Hub (SA-Hub), which
aligns feature formats before and after expert execution. Al-
though trained on patches, SAGE is deployed on full WSIs
through sliding-window reconstruction, preserving compat-
ibility with high-resolution pathology workflows.

To summarize, this work makes contributions as follows:
• We propose a dual-path formulation that transforms static

backbones into dynamically routed architectures, en-
abling input-adaptive computation with parameter reuse.

• We design a hierarchical router with group-level gating
and top-K selection over prior-modulated logits to bal-
ance shared and fine-grained specialization.

• We introduce SA-Hub, a lightweight shape-adaptation
module that aligns CNN/Transformer feature formats for
stable cross-expert communication.

2. Related Work

Medical Image Segmentation. Medical image segmenta-
tion is a core component of computational pathology be-
cause it enables quantitative analysis of cellular and tissue
morphology. Earlier methods based on intensity thresh-
olds, region growing, and contour evolution are sensitive

to noise and staining variation. Deep learning substantially
improved robustness, starting from U-Net [25] and extend-
ing to stronger encoders such as ResNet [12], Efficient-
Net [31], ConvNeXt [17], and nested designs such as U-
Net++ [39]. Recent studies emphasize data efficiency and
transferability: foundation models such as MedSAM [19]
and SAM-Med2D/3D [30] leverage large-scale pretraining,
while semi-supervised methods such as C2GMatch [23] im-
prove performance under limited annotations. However, se-
vere domain heterogeneity in histopathology still makes ro-
bust cross-domain adaptation challenging.

Hybrid U-Net Architectures. Hybrid CNN-Transformer
segmentation models seek to combine local detail model-
ing and long-range context. Representative architectures in-
clude TransUNet [5], Swin-UNet [2], and SegFormer [36].
Although these models improve global reasoning, they still
follow static fusion and static computation graphs, which
can be suboptimal for highly variable tissue patterns. State-
space alternatives such as U-Mamba [20] and Swin U-
Mamba [16] reduce complexity for large images via linear-
time sequence modeling, but fine boundary precision can
remain challenging in difficult regions. MoE-based seg-
mentation models (e.g., MoE-NuSeg [35]) introduce con-
ditional computation, yet most existing designs do not ex-
plicitly combine depth-wise adaptive routing with cross-
architecture shape alignment.

Mixture of Experts. MoE provides scalable conditional
computation by activating only a subset of experts per in-
put [27]. Subsequent advances improve routing robustness
and efficiency, including large-scale routing designs [8]
and sigmoid-based gating [22, 37]. In vision, MoE has
been explored for multimodal routing and multi-task adap-
tation [6, 21], and decoder-centric parameterization strate-
gies [38]. Most prior approaches perform routing at to-
ken or spatial granularity, with limited depth-wise control
over which layers are executed. MoLEx [33] addresses this
gap by treating layers as experts and routing across depth.
SAGE builds on this direction and further introduces hier-
archical group-aware routing together with shape-adaptive
interaction between heterogeneous experts.

3. Method
Modern hybrid CNN-Transformer architectures generally
depend on static computation graphs, applying the same se-
quence of operations to all inputs regardless of structural in-
tricacy. While this design is stable and easy to implement,
it limits adaptability toward heterogeneous visual patterns.
To tackle this limitation, Shape-Adapting Gated Experts
(SAGE) reparameterizes a fixed backbone into a two-path
architecture with conditional expert routing, as illustrated
in Figure 2. This framework preserves the original back-
bone pathway while introducing sparse expert selection for
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Figure 2. Overview of the SAGE framework. The main path (black arrows) keeps the original forward flow through Backbone 1
and Backbone 2, with multi-scale skip connections to the decoder. In parallel, the expert path (brown arrows) routes features from an
intermediate layer to a sparse expert set (illustrated with Stage 2, Expert k) selected by the router. The Shape-Adapting Hub performs
bidirectional format alignment via Sin and Sout so that cross-backbone expert execution is shape-compatible before fusion with the main
branch. Blue arrows indicate input/output shape constraints used by the adapters, and dashed boxes denote parameter sharing (expert
upcycling from pretrained backbone blocks).

feature optimization. The Sparse Mixture-of-Experts for-
mulation is introduced in Section 3.1; the SAGE block and
hierarchical routing are then detailed in Section 3.2 and 3.3.
Finally, Section 3.4 presents the Shape-Adapting Hub for
cross-architecture feature adaptation and integration.

3.1. Preliminaries: Sparse Mixture-of-Experts

Our SAGE framework is rooted in the Sparse Mixture-of-
Experts (SMoE) formulation [27], which increases capac-
ity by selectively activating only a subset of expert sub-
networks, keeping computation roughly constant. A stan-
dard SMoE layer comprises a router and a set of experts
{Ej}Mj=1. Given an input x, the SMoE output is

y =
∑
j∈K

G(x)j Ej(x), (1)

where K is the index set of selected experts. There are mul-
tiple choices for implementing G(x), but a simple and per-
formant option is to apply a softmax over the Top-K logits
of a linear layer, G(x) := Softmax(TopK(x ·Wg)), so only
the chosen experts are evaluated.

During training, a common issue known as router
collapse arises when only a few experts dominate the
routing. To promote balanced utilization, an auxiliary
load-balancing loss encourages uniform token distribution

across experts:

Lload-balancing = M ·
M∑
j=1

fj Pj , (2)

where M is the total number of experts, fj denotes the pro-
portion of tokens distributed to expert j and Pj is the pro-
portion of the gating probability assigned to expert j.

Despite its scalability advantages, conventional SMoE
primarily decides which experts to activate in a single rout-
ing stage. However, many complex tasks require not only
expert selection but also adaptive coordination across het-
erogeneous computation types. Motivated by this limita-
tion, our SAGE framework generalizes SMoE by introduc-
ing hierarchical routing and heterogeneous expert coordina-
tion, enabling the model to adaptively determine both who
computes and how computation is performed for each input.

3.2. SAGE Block Architecture
At each backbone layer i (Figure 2), SAGE replaces a sin-
gle deterministic transformation with a dual-path block that
preserves the original computation while enabling learnable
refinement. Given an input feature map zi−1, we compute a
baseline feature via the original backbone layer and an en-
riched feature via sparsely activated layer experts, and then
fuse them with a learnable gate.

Main path (backbone preservation). The main branch
applies the original transformation fi(·) to obtain a stable



baseline feature, z(main)
i = fi(zi−1). This pathway anchors

optimization and retains the inductive bias and pretrained
initialization of the CNN/Transformer backbone.

Expert path (conditional refinement). In parallel, the
same input is routed to a sparse set of experts. Follow-
ing MoLEx-style sparse upcycling [33], experts are the
pre-trained backbone layers themselves and their param-
eters are reused rather than replicated; the router acti-
vates only a small subset per input. A hierarchical router
(Section 3.3) performs top-K selection and yields expert
weights {wk}k∈K, while the expert-path feature is formed
by weighted aggregation into z

(expert)
i . The exact construc-

tion of z(expert)
i , including shape-adaptive translation and ag-

gregation, is detailed in Section 3.4 and Equations 8–10.

Adaptive fusion. We gate between the baseline and expert-
refined features using a learnable scalar αi:

zi = αi · z(main)
i + (1− αi) · z(expert)

i , (3)

where αi = σ(θi) is computed from a learnable param-
eter θi. This formulation allows the model to dynamically
balance stability and adaptability, favoring expert-driven re-
finement when beneficial while preserving the backbone’s
inductive biases when necessary.

Expert pool composition. All expert paths draw from a
global pool E with a predefined number of fine-grained ex-
perts and shared experts. Both types are implemented as
reused backbone layers, but they serve different objectives:
fine-grained experts Efine focus on depth-specific special-
ization, whereas shared experts Eshared encourage domain-
generalizable computation.

3.3. Hierarchical Expert Routing
SAGE employs a two-level routing strategy to construct a
sparse, input-dependent expert path while preserving the
backbone computation. As illustrated in Figure 3, given a
layer input zi−1, the router computes a group-level gate gs,
produces base expert logits via Semantic Affinity Routing
(SAR), modulates these logits with the group prior, and then
performs top-K selection on the modulated logits. This
process jointly controls which experts are preferred (shared
versus fine-grained) and which experts are finally executed,
yielding the sparse expert computation used in Equation 3.

Group-Level Gating. A lightweight gating network Gs es-
timates the group-level preference toward shared experts. It
takes a globally pooled representation z̄i−1 ∈ Rd and out-
puts a scalar gate gs ∈ (0, 1):

gs = σ
(
z̄i−1W

(i)
gate + b

(i)
gate

)
. (4)

A high gs favors shared experts, while a low gs favors fine-
grained experts; shared experts are still selected condition-
ally via the same top-K routing process.
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Figure 3. Hierarchical routing with prior-guided logit mod-
ulation (Top-K = 4). (a) For high gs, shared-expert candi-
dates (green) receive a weaker penalty than fine-grained candi-
dates (blue), leading higher Top-K rank. (b) For low gs, the pref-
erence reverses, favoring fine-grained experts for input-specific
adaptation. Here, MS and MF denote the numbers of experts
in the shared group and fine-grained group, with total pool size
M = MS + MF ; darker fills indicate activated experts. In
both regimes, the router computes SAR logits, applies group-prior
modulation, performs Top-K selection, and aggregates shape-
aligned outputs via Sin and Sout into z

(expert)
i .

Semantic Affinity Routing (SAR). A primary router Ri

computes base logits Li ∈ RM over all experts E =
{E1, . . . , EM}:

Li =
(z̄i−1W

(i)
Q )(K(i))⊤
√
dk

+ sp(z̄i−1W
(i)
noise)⊙ ϵ(i), (5)

where sp(·) is the softplus function, ϵ(i) ∼ N (0, IM ),
W

(i)
Q ∈ Rd×dk is a learnable query projection, K(i) ∈

RM×dk is the expert-key matrix, and W
(i)
noise ∈ Rd×M con-

trols input-adaptive noise magnitude. The first term cap-
tures semantic affinity, while the second term adds stochas-
tic exploration to improve routing diversity and reduce ex-
pert over-specialization. The group-level preference in-
duced by gs is not applied within SAR; instead, it is in-
troduced afterward via logit modulation.

Prior-Guided Logit Modulation. Our hierarchical gating
couples group-level preference (shared vs. fine-grained ex-
perts) with expert-level selection. Given the base routing
logits Li produced by SAR and the scalar shared gate gs,
we bias expert scores toward the preferred group before se-
lecting the active experts, without forcing shared experts to
remain always active. We define a binary mask ms, where
(ms)j = 1 if expert j ∈ Eshared and 0 otherwise. The mod-
ulated logits are obtained as:

L′
i = Li +ms log(gs) + (1−ms) log(1− gs), (6)

where 1 ∈ RM is the all-ones vector. This log-space prior



Algorithm 1 SAGE Training Algorithm (per mini-batch)
Require: Input batch X with labels Y; model F with T

SAGE layers
Ensure: Total loss Ltotal for backpropagation

1: z0 ← Stem(X)
2: Lload-balancing ← 0
3: for i = 1 to T do
4: z

(main)
i ← fi(zi−1)

Group-Level Gating and SAR
5: z̄i−1 ← GlobalPool(zi−1)

6: gs ← σ(z̄i−1W
(i)
gate + b

(i)
gate)

7: Li ← SAR(z̄i−1)
Prior-Guided Logit Modulation

8: gs ← clip(gs, ϵ, 1− ϵ)
9: L′

i ← Li +ms log(gs) + (1−ms) log(1− gs)
Top-K Sigmoid Gating and Expert Execution

10: K ← TopKIndices(L′
i,K)

11: w[K]← σ(L′
i[K]); w[K]← 0

12: z
(expert)
i ← 0

13: for k ∈ K do
14: z̃

(k)
i−1 ← Sin(zi−1, ek)

15: ẑ
(k)
i ← Sout(ek(z̃

(k)
i−1), z

(main)
i )

16: z
(expert)
i ← z

(expert)
i +wk ẑ

(k)
i

17: end for
18: zi ← αi z

(main)
i + (1− αi) z

(expert)
i

19: Lload-balancing ← Lload-balancing +M
∑M

j=1 f
(i)
j P

(i)
j

20: end for
21: P← Decoder(zT )
22: Ltask ← λceLCE(P,Y) + λdiceLDice(P,Y)
23: Ltotal ← Ltask + λlbLload-balancing
24: return Ltotal

raises shared-expert logits when gs is high and fine-grained
logits when gs is low. For numerical stability, we clip gs
to [ϵ, 1− ϵ], then select K = TopKIndices(L′

i,K). Unlike
softmax gating, we use independent sigmoid gates on the
selected experts:

wj = σ
(
(L′

i)j
)
· 1[j ∈ K], (7)

where σ(·) is the sigmoid function; w = {wj}Mj=1. For
k ∈ K, wk denotes the gate value at expert index k. This
design permits independent multi-expert activation without
simplex normalization across selected experts.

Overall, the integration of logit modulation with top-K
sigmoid gating induces a sparse, input-adaptive computa-
tion graph that balances efficiency with expert specializa-
tion across heterogeneous feature distributions.

3.4. Cross-Architecture Adaptation and Fusion
Executing heterogeneous experts requires resolving repre-
sentation mismatches between convolutional feature maps
(B,C,H,W ) and token sequences (B,N,D). We address

this with the Shape-Adapting Hub, a lightweight learnable
module that performs bidirectional format conversion with
explicit shape alignment.

Shape-Adapting Hub (SA-Hub). SA-Hub consists of an
input adapter Sin and an output adapter Sout. For each se-
lected expert ek, we first infer the representation type of the
source feature and target expert, then apply a format-aware
transformation:

z̃
(k)
i−1 = Sin(zi−1, ek), (8)

with

Sin(x, ek) =



AC→D(Ftokenize(x)) , τ(x) = CNN,

τ(ek) = Trans.,
Fdetokenize(AD→C(x)) , τ(x) = Trans.,

τ(ek) = CNN,

A(x), τ(x) = τ(ek),

where τ(·) denotes the representation format type (e.g.,
CNN feature map or Transformer token sequence).
Ftokenize maps spatial feature maps to token sequences, and
Fdetokenize reconstructs spatial layouts (with interpolation
if needed). AC→D and AD→C denote projections between
channel and token-embedding spaces, while A(·) is used
when source and target formats already match. After expert
computation, the output adapter maps back to the main-path
format with target-shape constraints:

ẑ
(k)
i = Sout

(
ek
(
z̃
(k)
i−1

)
, z

(main)
i

)
, (9)

where Sout applies the inverse format transformation and en-
forces the spatial resolution and channel dimensionality of
z
(main)
i . Finally, the adapted expert outputs are combined by

gating-weighted aggregation:

z
(expert)
i =

∑
k∈K

wk · ẑ(k)i . (10)

This design allows CNN and Transformer experts to be
mixed within a routing layer without imposing a shared na-
tive tensor format. In implementation, SA-Hub maintains a
registry of pre-initialized adapters for common dimensional
conversions to reduce runtime overhead while preserving
end-to-end differentiability. The complete execution flow
of SAGE, including hierarchical gating, shape adaptation,
and loss computation, is summarized in Algorithm 1.

4. Experiments
4.1. Datasets and Evaluation Metrics
We rigorously evaluated the SAGE framework using three
established public benchmarks for colorectal histopathol-
ogy segmentation: EBHI, GlaS, and DigestPath.



Table 1. Baseline comparison on EBHI and GlaS. SAGE-ConvNeXt+ViT-UNet consistently outperforms strong baseline backbones
across all reported metrics. All scores are percentages (%). Best and Second indicate the best and second-best performance, respectively.

Model EBHI GlaS (Test A) GlaS (Test B)
(Adenocarcinoma)

Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ O-DSC ↑ Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ O-DSC ↑
ResNet101-UNet [11, 26] 91.93 89.11 94.24 46.15 55.58 87.52 77.75 87.49 32.37 60.11 41.68 85.72 78.46 87.93 26.10 56.69 40.11
ResNet152-UNet [11, 26] 91.64 88.69 94.00 45.93 54.89 87.60 77.76 87.60 33.08 55.79 33.81 84.28 76.73 86.83 26.14 49.10 27.69
EfficientNet-B7-UNet [26, 32] 91.82 89.00 94.18 46.37 54.45 87.92 78.77 88.12 33.57 53.26 22.99 84.97 77.14 87.09 30.26 51.25 24.33
ConvNeXt-UNet [17, 26] 91.87 89.07 94.22 46.01 54.59 91.91 85.03 91.91 23.39 68.03 54.31 88.22 81.68 89.91 25.85 59.37 49.17
U-Net++ (ResNet 101) [39] 91.94 89.13 94.25 45.51 56.00 89.01 80.40 89.13 30.21 61.14 29.21 86.23 79.30 88.46 26.34 53.08 19.38
UMamba [20] 91.51 88.55 93.93 49.79 51.66 83.64 72.17 83.83 34.31 53.14 36.40 84.46 77.22 87.15 26.23 54.89 45.00
Swin UMamba [16] 92.01 89.18 94.28 48.35 55.23 86.57 76.09 86.42 34.93 60.59 35.46 84.00 75.00 85.72 26.76 58.29 38.37
Swin U-Net [2] 91.97 89.10 94.24 45.73 53.06 90.53 82.72 90.54 26.89 60.20 45.20 86.82 79.52 88.59 24.82 54.70 43.09

ResNet34-UNet [11, 26] 91.72 88.63 93.88 47.41 54.67 88.91 81.72 89.78 26.48 63.84 55.26 87.46 80.68 88.92 24.62 57.38 49.84
SAGE-ResNet34-UNet (Ours) 92.36 89.24 94.28 46.05 56.18 90.37 83.34 91.06 23.39 69.27 61.18 89.28 82.11 90.41 21.27 63.45 56.73

ConvNeXt+ViT-UNet 92.49 83.60 90.94 46.02 55.60 91.88 84.91 91.80 24.25 75.21 65.09 89.96 81.80 89.85 22.32 67.57 59.93
SAGE-ConvNeXt+ViT-UNet (Ours) 94.03 90.90 95.23 45.20 58.10 92.96 86.62 92.78 19.85 77.91 73.49 91.55 84.56 91.42 17.94 70.23 66.67

Table 2. SOTA comparison on EBHI and GlaS. SAGE-ConvNeXt+ViT-UNet achieves the strongest overall performance across metrics,
indicating robust generalization across diverse tissue morphologies. All metrics are reported in percentages (%). Best and Second
indicate the best and second-best performance, respectively.

Model EBHI GlaS (Test A) GlaS (Test B)
(Adenocarcinoma)

Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ O-DSC ↑ Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ O-DSC ↑

SelfReg-UNet [41] 91.53 88.58 93.95 45.66 53.83 89.36 80.34 89.10 28.57 65.82 47.17 86.21 77.93 87.60 26.33 59.95 40.16
Attention U-Net [24] 92.11 89.28 94.34 46.43 57.64 90.53 82.43 90.37 65.60 45.95 59.03 87.57 80.29 89.07 56.51 38.87 54.77
ConvUNeXt [10] 90.73 87.66 93.43 47.93 49.86 87.68 77.61 87.39 28.70 62.80 45.60 88.05 81.16 89.60 20.46 60.58 42.96
UCTransNet [34] 91.95 89.07 94.22 46.67 57.22 87.07 76.47 86.66 29.23 62.97 49.38 85.45 77.14 87.10 26.66 58.51 58.00
TransAttUNet [3] 91.40 88.52 93.91 50.02 51.40 91.18 83.69 91.12 24.51 72.13 66.65 89.87 83.78 91.18 22.41 64.27 60.86
SegFormer [36] 92.62 89.93 94.70 42.43 55.16 91.09 83.31 90.89 20.72 61.65 53.72 87.47 80.45 89.16 23.60 55.95 51.54
EViT-UNet [15] 92.80 90.23 94.86 45.30 59.99 92.70 86.15 92.56 21.82 76.54 73.26 89.61 83.62 91.08 21.24 65.62 63.24
CAC-UNet [40] 91.32 88.40 93.84 51.35 53.42 88.01 78.34 87.85 31.70 64.29 53.81 85.69 77.52 87.33 27.87 58.11 46.02
TransUNet [4] 91.46 88.38 93.83 45.76 53.96 91.26 83.72 91.14 23.46 63.62 67.33 87.30 79.98 88.87 22.77 55.63 63.56

SAGE-ConvNeXt+ViT-UNet (Ours) 94.03 90.90 95.23 45.20 58.10 92.96 86.62 92.78 19.85 77.91 73.49 91.55 84.56 91.42 17.94 70.23 66.67

EBHI Dataset. The Extended Biopsy Histopathologi-
cal Image (EBHI) dataset[28] contains 5, 170 H&E-stained
biopsy samples, each classified into one of six histological
subtypes. We focused on the clinically significant Adeno-
carcinoma subset, and selected 795 images for our experi-
ments. This dataset evaluates SAGE on heterogeneous yet
domain-consistent tissue patterns.

GlaS Dataset. The Gland Segmentation (GlaS) dataset [29]
was introduced in the MICCAI 2015 Gland Segmentation
Challenge. It consists of 165 H&E-stained histology images
at a resolution of 522 × 775, each annotated for glandular
structures. The official split includes 85 images for Train,
60 for Test A, and 20 for Test B. This dataset is widely used
to assess a model’s ability to capture gland morphology and
boundary precision.

DigestPath Dataset. The DigestPath dataset [7] was intro-
duced in the DigestPath 2019 Challenge and contains 660
gigapixel whole-slide images (WSIs) from colonoscopy
specimens. To facilitate efficient training, we devised a pre-
processing pipeline applied to all WSIs. Each WSI was par-
titioned into overlapping tiles of size 1536×1536 with stride

512. A patch P was retained only when both conditions
were satisfied on its grayscale intensities:

P is retained iff

{
σ(P ) ≥ 10,

µ(P ) ≤ 230,

where σ(P ) and µ(P ) denote the standard deviation and
mean intensity of P , respectively. This preprocessing
yielded approximately 40,000 patches across all WSIs, fil-
tering out low-information background while preserving di-
agnostically relevant tissue regions.

Evaluation Metrics. We assessed segmentation perfor-
mance using a comprehensive set of metrics: pixel-wise
Accuracy (ACC), Intersection over Union (IoU), Dice Sim-
ilarity Coefficient (DSC), 95% Hausdorff Distance (HD95),
and Boundary F1 (B-F1). For GlaS, given its focus on
object-level segmentation rather than semantic segmenta-
tion, we additionally reported the Object DSC score (O-
DSC). ACC, IoU, DSC, B-F1, and O-DSC are reported in
percentage (%), while HD95 is reported in pixels. For EBHI
and GlaS, metrics are computed per image and averaged
over the held-out test set. For DigestPath, we report both



patch-level and WSI-level results. To reconstruct WSI-level
predictions, overlapping patch logits are mapped back to
their original slide coordinates and merged by averaging in
overlap regions, followed by a threshold of 0.5 to obtain the
final binary mask; this reconstruction uses the same tiling
stride (512) as preprocessing.

4.2. Implementation Details

SAGE-ConvNeXt+ViT-UNet Configuration. The SAGE
module was integrated into the hybrid encoder combining
ConvNeXt [17] and an ImageNet-pretrained ViT [9]. The
MoE module included 4 shared experts and 16 non-shared
experts, with the top 4 experts dynamically selected during
routing. We trained SAGE-ConvNeXt+ViT-UNet on two
NVIDIA H100 GPUs (80GB VRAM each) with a global
batch size of 64 (32 per GPU). Training proceeded in two
stages using the AdamW optimizer [18] and the hybrid loss
Ltotal in Algorithm 1, weighted as λce = 1, λdice = 1.5,
λlb = 1. In the first stage, all parameters were optimized
with a uniform learning rate of 1 × 10−5. In the sec-
ond stage, discriminative fine-tuning [13] was applied with
1 × 10−5 for non-shared experts, routers, and the decoder,
and 5×10−5 for shared experts. Unless noted otherwise, all
experiments used random seed 42, and other hyperparame-
ters followed default settings.

Comparison Protocol. To benchmark SAGE-
ConvNeXt+ViT-UNet, we compared its performance
in two settings: Baseline Comparison and State-of-the-Art
(SOTA) Comparison. For GlaS and EBHI, we report
results under both settings, with all input images resized
to 224 × 224. In contrast, DigestPath was evaluated
only under the SOTA setting, using a higher resolution
of 512 × 512 to preserve critical tissue-level detail. We
adhered to the official training setups for all methods (e.g.,
optimizer, learning rate), except for a standardized batch
size of 64, which ensured efficient multi-GPU utilization.

Evaluation and Model Selection. Dataset splitting strate-
gies varied by dataset structure. For GlaS, we split the of-
ficial training data into 80% for training and 20% for val-
idation, using the official Test A and Test B sets for fi-
nal evaluation. For EBHI, we employed a random split of
70% training, 15% validation, and 15% testing at the im-
age level. For DigestPath, we performed a stratified split
of 70%/15%/15% based on the raw positive and negative
WSIs. The patch extraction pipeline was subsequently ap-
plied to the WSIs within each split. For all datasets, the
model checkpoint with the highest Dice score on the vali-
dation set was selected for final evaluation on the test set.

4.3. Quantitative Comparison
This section provides a quantitative comparison of SAGE-
ConvNeXt+ViT-UNet against strong baselines and SOTA

methods. Baseline results are in Table 1, while SOTA com-
parisons are in Table 2 and Table 3.

Table 3. SOTA comparison on DigestPath at Patch and WSI
levels. SAGE-ConvNeXt+ViT-UNet delivers the best overall re-
sults under both evaluation protocols. All metrics are reported
in percentages (%). Best and Second indicate the best and
second-best performance among all models, respectively.

Model DigestPath

Patch WSI

Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑ Acc ↑ IoU ↑ DSC ↑ HD95 ↓ B-F1 ↑

SelfReg-UNet [41] 96.28 80.05 83.32 131.20 71.61 97.77 78.06 83.04 417.45 60.09
Attention U-Net [24] 96.81 80.47 83.97 123.71 72.29 98.03 80.30 85.36 416.23 61.31
ConvUNeXt [10] 96.84 77.71 81.22 123.98 69.40 98.03 74.20 79.25 576.06 55.37
UCTransNet [34] 96.63 81.54 84.89 121.27 73.81 97.95 84.44 89.44 427.20 66.35
TransAttUNet [3] 96.86 80.37 83.69 126.87 71.37 98.02 75.53 80.45 454.48 56.00
SegFormer [36] 96.99 84.54 87.66 115.75 76.54 97.97 85.51 90.56 393.11 67.15
EViT-UNet [15] 96.60 83.38 86.37 120.47 76.38 98.02 83.16 87.78 364.86 65.97
CAC-UNet [40] 96.81 81.74 84.99 61.10 78.78 97.96 83.63 88.66 528.06 65.03
TransUNet [4] 96.79 83.19 86.50 119.96 74.40 97.92 82.25 87.28 419.77 63.18

ConvNeXt+ViT-UNet 96.80 89.51 91.96 132.88 75.91 97.95 83.46 88.69 482.08 65.16
SAGE-ConvNeXt+ViT-UNet (Ours) 97.69 90.21 92.66 60.67 79.48 98.73 86.21 91.26 362.31 67.85

Baseline Comparison. Table 1 demonstrates that SAGE
enhances both pure-CNN and hybrid backbones, rather
than benefiting a single architecture. In a direct plug-
in comparisons, SAGE-ResNet34-UNet improves over
ResNet34-UNet on EBHI and on both GlaS splits. The
gains are especially clear on gland-level structure qual-
ity, where O-DSC increases by about +5.9%/+6.9% on
Test A/B. A similar trend is observed in the hybrid
pair: SAGE-ConvNeXt+ViT-UNet also outperforms its
non-SAGE counterpart on EBHI, with strong gains in IoU
and DSC (approximately +7.30% IoU and +4.29% DSC).
Overall, these paired comparisons indicate that the perfor-
mance gain is mainly attributable to dynamic routing, not to
a particular encoder design.

SOTA Comparison. Tables 2 and 3 present a comparison
between the proposed model and recent SOTA methods.
SAGE-ConvNeXt+ViT-UNet achieves the highest overall
performance across EBHI, GlaS, and DigestPath, with the
most significant margins observed in more challenging set-
tings. On EBHI and GlaS, it surpasses strong transformer-
based competitors while maintaining the highest DSC val-
ues. On DigestPath, it ranks first at both patch and WSI lev-
els, with a notably larger gain at WSI level (+2.57% DSC)
compared to the patch level (+0.70% DSC). This pattern
aligns with the objective of enhancing robustness to mor-
phological variation and domain shift.

4.4. Efficiency and Model Complexity
Table 4 highlights two key points. First, despite adding
dual-path routing and SA-Hub adapters, SAGE keeps pa-
rameter growth modest (543.71M→ 573.51M, +5.5%) be-
cause expert blocks are reused from the backbone. Sec-
ond, computation scales with Top-K: FLOPs increase from
63.77G (baseline) to 99.51G (K = 1), 130.47G (K = 2),
and 486.81G (K = 4), reflecting the expected accuracy–
efficiency trade-off of sparse expert activation.
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Figure 4. Qualitative comparison on GlaS test samples. Each
column shows (a) the input image with ground-truth annotation,
(b) TransUNet, (c) EViT-UNet, and (d) our proposed SAGE-
ConvNeXt+ViT-UNet. The top row presents a typical gland struc-
ture (GlaS Test A), while the bottom row depicts a challenging
case with irregular morphology (GlaS Test B). Green areas denote
correct predictions, and red areas denote errors.

Table 4. Model complexity across varying Top-K settings. Pa-
rameter count and FLOPs per image for the baseline and SAGE.

Model Top-K Params (M) GFLOPs/image

ConvNeXt+ViT-UNet (Baseline) – 543.71 63.77
SAGE-ConvNeXt+ViT-UNet 1 573.51 99.51
SAGE-ConvNeXt+ViT-UNet 2 573.51 130.47
SAGE-ConvNeXt+ViT-UNet 4 573.51 486.81

4.5. Qualitative Results

Figure 4 provides qualitative evidence supporting the im-
provements reported in Table 1 and Table 2. On GlaS Test
A, SAGE-ConvNeXt+ViT-UNet produces cleaner gland
boundaries and fewer false positives compared to Tran-
sUNet and EViT-UNet. The performance gap increases
on the more challenging Test B sample, where competing
methods exhibit pronounced stromal over-segmentation and
occasional gland merging, whereas SAGE maintains gland
separation and boundary fidelity. These visual trends align
with the quantitative gains and indicate enhanced robustness
under domain shift.

To further assess deployment behavior, Figure 5 provides
WSI-level qualitative comparisons on DigestPath. In WSI
Sample 1, which features branching glandular structures,
SAGE-ConvNeXt+ViT-UNet more accurately follows thin
lesion boundaries and produces fewer false positives than
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Figure 5. Qualitative comparison on Digestpath WSI test sam-
ples. Each column displays vertically stacked pairs of (a) the input
image and ground-truth annotation, followed by the error over-
lays and binary predictions for (b) SegFormer, (c) EViT-UNet,
and (d) our proposed SAGE-ConvNeXt+ViT-UNet. WSI Sam-
ple 1 (top rows) presents branching tissue structures requiring fine
local boundary delineation, while WSI Sample 2 (bottom rows)
depicts a dense, uniform tissue mass prone to patch-level attention
collapse in pure transformer architectures. Green areas denote cor-
rect predictions, and red areas denote errors.

SegFormer and EViT-UNet. In the denser WSI Sample 2,
competing models display spillover into background tissue
and partial region collapse, while SAGE preserves contigu-
ous lesion topology with cleaner boundaries. These WSI-
level findings are consistent with the quantitative improve-
ments reported in Table 3, indicating that dynamic routing
enhances stability beyond patch-level predictions.

5. Conclusion

We introduced SAGE (Shape-Adapting Gated Experts), a
dynamic and backbone-agnostic framework for histopathol-
ogy image segmentation that replaces static CNN-
Transformer fusion with hierarchical expert routing and a
Shape-Adapting Hub to adapt computation to input mor-
phology; across EBHI, GlaS, and DigestPath, SAGE con-
sistently outperforms backbone-matched baselines and re-
cent methods at both patch and WSI levels, while offering
interpretable routing behavior that clarifies expert special-
ization, and future work will extend evaluation to broader
clinical settings and additional dense prediction tasks.
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