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Abstract

We present BRDG, a boundary-responsive differentiable
gating superpixel framework designed to resolve the trade-
off between computational efficiency and segmentation pre-
cision in surgical scenes. At its core, the architecture is
organized into three cooperative agents. The first agent
is the region creator, which is fully differentiable and con-
verts dense features into learnable superpixel tokens, jointly
learning region descriptors and dense context. The Bound-
ary Detector agent is the second agent; it acts as a gat-
ing mechanism, estimating boundary confidence from re-
gion features to predict where refinement is needed. The
third agent is for refinement of the boundary superpixels;
it uses a gate to selectively fuse efficient coarse predictions
with a high-fidelity refinement path that restores pixel-level
details. To further enhance distinctiveness, an adjacency-
boosted contrastive loss mines hard negatives across neigh-
boring regions to improve boundary separation. We evalu-
ate BRDG on three surgical tasks requiring high-precision
(EndoVis18-parts, EndoVisl8-tools, EndoVisl7-tools), as
well as general domain benchmarks. Our model improves
mloU by substantial margins (14.5-7.0) over strong pixel-
wise baselines; raising Boundary-FI1 scores by over 110
points. Under the same hardware (RTX-A6000 Pro), it
reaches 150.25 FPS with only 24M parameters. This
makes it xX10 faster and x3.5 smaller than current state-
of-the-art models, effectively resolving the critical accu-
racy—efficiency trade-off in real-time segmentation.

1. Introduction

Semantic segmentation is a fundamental task in medical im-
age analysis [7]. In minimally invasive surgery (MIS), such
as robot-assisted surgery (RAS) [58], accurate delineation
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of instruments and tissues is essential, as sharp tools in-
teract with delicate anatomical structures [3]. Therefore,
reliable segmentation masks underpin critical downstream
tasks, including instrument tracking, surgical navigation,
and context-aware decision-making [47].

Current approaches formulate segmentation as a dense,
pixel-wise classification problem over high-resolution in-
puts [2, 4,20, 36-39, 41, 49]. While effective in static imag-
ing, such methods incur substantial computational costs in
MIS settings [44] due to dense architectures with high pa-
rameter counts [17] and spatial redundancy [52]. More-
over, independent pixel predictions often yield fragmented
regions, particularly along fine-grained surgical boundaries
[55]. In time-critical and safety-sensitive surgical environ-
ments, these inefficiencies and inconsistencies limit practi-
cal deployment.

Superpixels offer a promising alternative by grouping
perceptually similar pixels into compact, coherent regions,
reducing redundancy while preserving local structure [29].
However, classical algorithms such as simple linear iterative
clustering (SLIC) [1], Felzenszwalb’s method [18], Quick-
shift [50], and Watershed [25] are non-differentiable and
thus operate as fixed pre-processing steps. Their low-level,
task-agnostic groupings cannot adapt to domain-specific
cues such as instrument-tissue boundaries or specular re-
flections, which are crucial features in surgical imagery. Al-
though learnable superpixels have been proposed to address
this limitation, most remain optimized for general vision
tasks and lack the robustness required for high-stakes med-
ical applications.

Pixel-wise segmentation delivers high fidelity but at a
prohibitive computational cost, while superpixel-based ap-
proaches are efficient yet often sacrifice semantic accuracy,
especially near boundaries. To reconcile this trade-off, we
propose BRDG (Boundary-Responsive Differentiable Gat-
ing), a framework that achieves superpixel-level efficiency
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without compromising pixel-level precision. BRDG in-

troduces a differentiable, boundary-aware mid-level repre-

sentation that enables efficient, coherent, and semantically
faithful segmentation tailored to complex surgical scenes.

Unlike existing learnable superpixel models such as SSN

[26], PAN [48], and HERS [43], which collapse pixel detail

too early by averaging within regions and thus lose criti-

cal boundary cues, BRDG incorporates explicit boundary-
responsive gating to maintain sensitivity to fine boundary
structures.

Specifically, BRDG preserves full pixel-level features in-
side stable regions while selectively refining only the am-
biguous boundary zones. The network learns to distinguish
coherent superpixel interiors from uncertain object bound-
aries, then uses a boundary-gating module to route bound-
ary pixels to a dedicated refinement head. This targeted
refinement preserves computational efficiency since only
a small subset of pixels are processed at high resolution,
while retaining the fine-level precision essential for accu-
rate delineation. Although motivated by the demands of
surgical scene understanding, the proposed architecture is
applicable to general dense prediction tasks. The main con-
tributions are summarized as follows:

e Unified differentiable superpixel formulation: A
soft-assignment superpixel module integrated within a
ResNet-U-Net backbone, enabling end-to-end learning
of region features, boundary confidence, and refinement
within a single differentiable framework.

* Boundary-routed refinement: A learned gating mech-
anism that uses predicted superpixel boundary probabili-
ties to selectively refine pixels near semantic edges.

¢ Adjacency-boosted boundary contrastive learning: A
boundary-level contrastive loss that leverages superpixel
adjacency graphs to emphasize hard negatives across
neighboring regions, enhancing boundary discrimination.

2. Related work

Superpixel segmentation, differentiable and non-
differentiable alike, has contributed significantly to com-
puter vision. The central notion of superpixels is to simplify
image understanding by replacing a pixel-level representa-
tion with a region-level representation I € R *Wx3 L et
the image domain be 2 = {1,...,H} x {1,...,W}. A
superpixel partition is a collection of K disjoint, spatially
contiguous sets S = {S1,..., Sk} C 2 such that

K
UsSki=9  8inS;=afori#j.
k=1

Each Sj groups perceptually similar pixels and can be
treated as an atomic unit for downstream processing. Figure
| demonstrates how classical superpixel methods groups
similar pixels together based on the value of K. Although,

| >
(a) Original Frame (b) SLIC Superpixels  (c) Felzenszwalb Superpixels  (d) Watershed Superpixels

Figure 1. Examples of classical superpixel methods that are non-
differentiable on surgical image

all methods uses the same K value, Felzenszwalb [ 18] tends
to be noisier compared to the other two methods. Water-
shed [25] has the smoothest boundaries and the least frag-
mented, yet it struggles to differentiate between objects in
shadowed scenes.

2.1. Non-Differentiable Superpixels

Early superpixel algorithms focused on perceptual group-
ing via low-level cues such as color and spatial proximity.
Felzenszwalb and Huttenlocher [18] proposed an efficient
graph-based segmentation method based on local variation
in edge weights. Meanwhile, the Mean Shift algorithm [14]
clusters pixels in joint spatial-color space. Among the most
influential approaches, Simple Linear Iterative Clustering
(SLIC) [1] formulates superpixel extraction as a variant of
k-means clustering in the five-dimensional Lab+XY space,
achieving a strong balance between boundary adherence
and regularity. Subsequent work refined these ideas, for ex-
ample SEEDS [16] that performs hill-climbing optimization
on pixel neighborhoods, and ERS [34] which uses an en-
tropy rate formulation to encourage spatial compactness and
boundary precision. These algorithms remain highly effec-
tive in classical vision pipelines but are non-differentiable,
making them unsuitable for integration into deep learning
architectures that require gradient flow through the super-
pixel generation process. Figure 1 shows the different su-
perpixel methods, all using 100 superpixels.

2.2. Differentiable Superpixels

To bridge this gap, differentiable superpixel methods have
been proposed that embed superpixel assignment within
neural networks, allowing end-to-end training. Jampani
et al. introduced SSN [27], which approximates the dis-
crete SLIC clustering with a continuous soft assignment
mechanism. Their framework enabled gradient propaga-
tion through superpixel formation, thus integrating region
grouping into the learning objective. Similarly, HERS
[43] adapted the non-differentiable entropy rate formula-
tion (used by ERS) into a hierarchical, end-to-end trainable
framework. Later work such as Deep Simplex Superpixels
[42] and Learnable Superpixels [56] further improved the
differentiability and stability of the clustering process, of-
ten by incorporating spatial regularizers or by reinterpreting
superpixel formation as a differentiable assignment problem
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on a simplex manifold. Recently, differentiable superpixels
have been used in self-supervised representation learning
and segmentation [19, 32], demonstrating their potential as
an interpretable mid-level representation. Existing differen-
tiable superpixel methods have two limitations. First, they
are often task-agnostic: the superpixel generation is learned,
but not explicitly optimized for the downstream task, such
as preserving semantic boundaries. Second, models like
SSN [27] and HERS [43] typically collapse all information
to the region level, performing classification on the pooled
region features. This discards fine-grained pixel informa-
tion, leading to the very boundary-smoothing errors they
were meant to avoid. Our work addresses this gap by creat-
ing a superpixel framework that is (1) explicitly boundary-
aware, and (2) preserves pixel-level information, using a
gate to selectively reintroduce it.

2.3. Boundary-Aware Refinement

Object boundaries are critical in high-stakes domains such
as surgical scene understanding, where inaccurate edges can
lead to unsafe tool localization. Several studies have ex-
plored boundary-focused architectures to alleviate the over-
smoothing effect of convolutional decoders. BoundaryNet
[11] introduces an auxiliary edge supervision head to em-
phasize boundary gradients. BDCN [21] learns hierarchi-
cal edge features for multi-scale boundary detection. In
the context of segmentation, Gated-SCNN [46] integrates
a shape stream that communicates with the main seman-
tic stream through a gating mechanism to improve edge fi-
delity in complex urban scenes. Similarly, methods such as
RefineNet [33] and SegFix [57] apply boundary refinement
or offset correction after coarse segmentation. These ap-
proaches confirm that explicit boundary modeling improves
mask sharpness and class consistency. However, they often
treat boundary prediction as a parallel branch rather than
an integrated structural cue. Our proposed BRDG differs
by embedding boundary reasoning directly into the super-
pixel assignment process and learning a differentiable gate
to route refinement selectively along predicted boundaries.

2.4. Contrastive and Region-Level Representation
Learning

Contrastive learning has become a powerful paradigm for
dense prediction tasks. Pixel-level contrastive objectives
[51] encourage representation separation between seman-
tic classes, yet they typically neglect spatial context or
region adjacency. Recent extensions such as ReCo [35]
and PiCIE [13] address this by applying region-aware or
clustering-based contrastive sampling. In medical imag-
ing, contrastive learning has been adapted to unsupervised
segmentation and domain transfer [9, 60]. However, these
methods still rely on pixel-level sampling that is computa-
tionally heavy for high-resolution surgical scenes. In con-

trast, our adjacency-boosted boundary contrastive loss ex-
ploits the inherent superpixel graph to efficiently mine hard
negatives from neighboring regions. This couples semantic
contrast with geometric adjacency in a single differentiable
objective.

Our work builds upon this line of research but introduces
two key novelties: (1) a boundary-responsive gating mech-
anism that routes pixel-wise refinement based on predicted
boundary confidence, and (2) a boundary-aware contrastive
loss that leverages adjacent region relationships to improve
boundary discrimination.

3. Methods

Our framework, BRDG, is a fully differentiable architec-
ture that unifies the efficiency of region-level reasoning with
the precision of pixel-level classification. Algorithm | sum-
marizes the forward pass: an input image I is encoded, su-
perpixel assignments are inferred, boundary confidence is
estimated, and coarse and refined predictions are blended
to produce the final logits Y. Conceptually, the model is

organized into three cooperative agents (Figure 2 a):

1. Agent 1 (Region & Feature Creator). A ResNet-UNet
backbone [22, 45] integrated with a differentiable super-
pixel module. Given I, it produces the mid-level repre-
sentations required by downstream components: a dense
feature map F’, a soft assignment map A, coarse logits
Y,, and a set of K compact region descriptors 7.

2. Agent 2 (Boundary Detector). A lightweight gating
head that consumes 7, to predict a boundary-confidence
score py, for each region and reprojects these scores via
A to form a dense, pixel-wise refinement gate g.

3. Agent 3 (Refinement Agent). A dual-path classifier that
combines F', i, A, and the gate g to compute refined
logits Y, and blends them with Y, to obtain the final out-
put Y.

This design forces the model to learn what to refine

(Agent 2) and how to refine (Agent 3) based on the rich,

multi-level features provided by (Agent 1).

3.1. Agent 1: Region and Feature Creator

This agent forms the foundation of the entire network.
Its first component is the feature extraction backbone, a
ResNet-34 encoder [22] paired with a U-Net-style decoder
[45]. The residual design of ResNet stabilizes optimization
via identity skips, enabling reliable gradient flow across lay-
ers. The encoder is initialized with ImageNet weights, and
the early batch-normalization layers are kept frozen during
the initial epochs to preserve pretrained statistics. We adopt
a discriminative learning-rate scheme: the encoder is fine-
tuned with a learning rate of 10~* the base rate, and the ran-
domly initialized decoder (and heads) uses the base rate, en-
couraging transfer of generic ImageNet features and faster
learning of task-specific representations. The encoder out-
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Agent-2: Boundary Detector

Agent-2 —— Agent-3

A

Final Mask

Figure 2. Boundary-Responsive Differentiable Gating Superpixel (BRDG) architecture overview.

Algorithm 1 BRDG Forward Pass
Input: Image I; temperature 7; number of superpixels K
Output: Logits Y
F <+ ResNet-UNet([])
Alogits < assign_head(F); A < softmax(Ajogits/7)
for k = 1to K do
L e 20 Ak Pl
g 205 Akiig
for k = 1to K do
| px + boundary mlp(ry)
Gi,5 < ZkK:l Ak,i,j Pk
Y. — coarse_head(F")
(Reprojection) Rproj,i Zle ApijTh
(Coords) form grids X,Y € R”*XW with normalized i, Yi,j
(Deﬁnition OfZ) Zi’j <~ [Fi’j; Rproj,i,j; Ti,j5 yiyj]
Y, + refine_head (%)
Y« (l—g)f/c—f—gf’}
return ¥

puts feature maps at strides {1/2, 1/4, 1/8, 1/16, 1/32}
relative to the input resolution. These multiscale features
are fused in the decoder via bilinear upsampling and lat-
eral skip connections to reconstruct a dense feature field
F € RBXCrxHXW where B is the batch size and Cy =96
is the number of feature channels. On top of the shared
feature map F', two lightweight 1x1 convolutional heads
are attached: (i) the assignment head (assign_head) produc-
ing superpixel assignment logits Ao, and (ii) the coarse
head (coarse_head) producing coarse segmentation logits
Y, as a fast baseline prediction. The assignment logits are
converted into a soft assignment map A via a temperature-
controlled softmax,

exp (Alogits,b,k,iJ /T)
>k XD (Atogits b ki, /T)

The soft assignments are then used to “soft-pool” F' into a
set of K region descriptors 7, each representing the aver-

6]

Ap ki =

age feature of its superpixel as mentioned in algorithm 1.
Thus, this agent outputs the dense map F', the coarse logits
Y., the assignment map A, and the K region descriptors 7y,
which are used by the subsequent components.

3.2. Agent 2: Boundary Detector

A ground-truth pixel-boundary map is derived directly from
semantic labels: a pixel is designated as a boundary if any
of its neighbors belongs to a different class. Superpixels
containing at least one such pixel are assigned a positive
label (1), and all others (0); these labels supervise p; via
binary cross-entropy (BCE) loss, ensuring that refinement
is triggered only at structural interfaces between classes.

The second agent’s task is to determine which of the K
regions are ambiguous and lie on a semantic boundary. It
takes the K region descriptors r; from Agent 1 and passes
them through a small multi-layer perceptron (MLP) (bound-
ary_mlp). This head predicts a single boundary probability
pr. € [0, 1] for each superpixel. These K region-level prob-
abilities are then re-projected back to the dense H x W
pixel space using the assignment map A (also from Agent
1). This creates the final boundary gate g: where g; ; is the
final gate value at pixel (4, j), Ay, ; is the soft assignment
of that pixel to superpixel k, and py, is the predicted bound-
ary probability for that k-th superpixel. This gate g has high
values (= 1) at pixels belonging to boundary superpixels
and low values (= 0) for stable interior superpixels.

3.3. Agent 3: Refinement Agent

The final agent performs the segmentation. It operates via
two distinct paths that are blended by Agent 2’s gate, g.
First, a Coarse Path coarse_head computes coarse logits
Y, directly from the shared features F' (from Agent 1) using
an efficient 1x 1 convolution. This provides a fast, baseline
prediction. Second, a refined path produces high-fidelity
refined logits Y. Its refinement capability comes not from
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the 1x 1 convolutions alone, but from its rich, concatenated
input tensor Z:

Zi; = |Fij; Rprojiji Tij; Yijl- 2

Here, Z; ; combines the original pixel feature (F; ;), the
shared context from its entire superpixel region (Rp;j,i,5)s
and two scalar values, x; ; and y; ;, which are the normal-
ized spatial coordinates that provide absolute positional in-
formation. This fused tensor is processed by a lightweight
MLP (refine_head) to produce Y.

Finally, the Final Blend produces the network’s output Y
by using the gate g to selectively merge the two paths:

Y=(01-g)YetgY: 3)

This blend forces the model to use the efficient coarse logits
Y., for stable region interiors (where g ~ 0) and the precise,
context-aware refined logits Y, only for the complex object
boundaries (where g ~ 1). This is illustrated in Figure 2 b.

3.4. Boundary-Aware Contrastive Learning

Finally, to ensure the region descriptors 7 (from Agent 1)
are highly discriminative, we introduce a specialized con-
trastive loss. This loss operates on the K region features and
is supervised by their boundary labels (derived from Agent
2’s predictions). It pulls same-class regions (e.g., two “in-
terior” regions) together and pushes different-class regions
(e.g., an "interior” vs. a “boundary” region) apart.
Its key novelty is an adjacency boost, w;:

exp(si; /T)

1
Lond = ——- log |
1] (z‘;p > ki €XD(Sik Wik /T)

“4)

where s;; = 7,/ 7; is the feature similarity, 7" is the tem-
perature hyperparameter, and w;;, = 1 + «1[i, k adjacent].
This boost term increases the penalty for adjacent negative
pairs, forcing Agent 1 to learn a sharp feature separation be-
tween neighboring superpixels that lie on opposite sides of
a semantic boundary.

Conceptually, the architecture learns to function as a
sparse refiner. The gated loss (1 — g)f/C + gf’r ensures that
the refined path is trained almost exclusively on boundary
pixels (where g ~ 1), and the coarse path is trained on stable
interiors (where g =~ 0). This allows the model to achieve
high precision without the computational cost of a second,
heavy refinement network.

4. Experiments

In this section, we describe the experiment setup to de-
sign and evaluate BRDG. We evaluate the robustness of our
model across multiple datasets. We further present sev-
eral ablation studies performed to justify the framework
component-level design choices.

4.1. Implementation Details

Our model is trained using the AdamW optimizer [30] with
a base learning rate of 1 x 10~ and a weight decay of 1 x
10~*. We initialize the encoder with ImageNet-pretrained
weights and finetune using a discriminative learning [31]
rate, set lower for the encoder than for the randomly initial-
ized decoder. All training images are resized to a resolution
of 512 x 640. Training proceeds for 100 epochs follow-
ing a multi-stage schedule. Warmup (Epochs 1-5): The
ResNet encoder is kept frozen, with only the primary seg-
mentation loss (a 0.5/0.5 weighted combination of Cross-
Entropy and Tversky loss) active, allowing the decoder and
heads to learn stable representations from static pretrained
features. Unfreeze & Ramp-up (Epochs 6-10): The en-
coder is unfrozen at its 0.1x learning rate, and auxiliary
loss weights are linearly ramped up from 0.0 to their final
values. Full Training (Epochs 11-60): All components
are active with loss weights at their final scheduled values.

For comprehensive evaluation of the model’s perfor-
mance, we employed a multi-faceted set of metrics target-
ing accuracy, efficiency, and boundary fidelity. Segmenta-
tion accuracy was quantified using the standard mean In-
tersection over Union (mloU), which measures the average
overlap between the predicted mask and the ground truth,
and the Dice Score (or F1 Score), which balances precision
and recall to assess mask similarity. To evaluate bound-
ary fidelity—a critical factor in surgical segmentation—we
report Boundary Recall (BF), which specifically measures
how well the predicted contour aligns with the true object
outline. Finally, efficiency was assessed through several
computational metrics: Frames Per Second (FPS), which
represents the real-time processing speed; GFLOPs (Giga
Floating-Point Operations), which measures the model’s
computational complexity; number of trainable parame-
ters, which indicates model size; and peak memory usage
during inference, which reflects deployment feasibility on
resource-constrained hardware. For real-time deployment,
the model achieves 6.63 ms inference time (150.25 FP) on
NVIDIA RTX-6000 Pro GPU, utilizing 99.6% of the per-
frame budget with only 0.026 ms headroom for I/O.

4.2. Datasets and Baselines

To validate the performance of our proposed model, we con-
duct a comprehensive evaluation on a diverse set of pub-
lic benchmarks, which are divided into two distinct cate-
gories. The first category includes domain-specific surgical
datasets, namely the EndoVis 2017 [5] and EndoVis 2018
tools [6] , the EndoVis 2018 (Parts) [6] and cholecSeg8k
[24] datasets for instrument components and anatomy seg-
mentation. The second category, used to assess the gener-
alizability of our feature representation and boundary de-
tection, includes general-purpose benchmarks: Cityscapes
[15] and [61], for urban scene understanding, and BSDS500

42141



Table 1. Cross-Method Benchmark Results Across Four Surgical Segmentation Tasks. Accuracy is evaluated by mloU, Dice Score, and
Boundary F1 Score (BF1) at 2px tolerance. Model Cost is a dataset-agnostic measure (at 512 x 640), reporting FPS, GFLOPs (complexity),
and Params (M) (size in millions). Models marked (*) indicate results reproduced by our implementation. CholecSeg8K results sourced

from [41]. The ”...” indicates that it was not reported.

Method EndoVis’18 Parts EndoVis’18 Tools EndoVis’17 CholecSeg8K Model Cost
mloU Dice BFlI mloU Dice BFlI mloU Dice BFlI mloU Dice GFLOPs Params(M) FPS
CNN-Based Models

DeepLabv3+ (R101) [10] « 056 058 0.03 0.78 0.80 0.67 067 0.68 026 056 0.63 629.5 61.0 15.1

Mask-RCNN [23] + 037 048 0.19 041 044 023 038 041 020 054 055 95.0

U-Net (R34) [45] x 053 058 0.17 064 066 021 042 044 020 043 049 15583 13.39 45.96
Transformer-Based Models

TransUNet [41] 048 052 .. .. ... 0.55 0.62 .. 31.0

SegFormer-B5 [41] x 0.57 0.58 0.71 0.72 0.63 070 070 0.74 0.79 12485 84.7 13.84

MedT [41] 0.65 0.68 ... 0.50 0.7 84.7

SwinUNet [8] 0.65 0.67 029 059 062 023 064 066 024 068 071 41.0 150.60

nnFormer * 0.60 0.61 024 063 064 035 062 064 022 062 0.66 53.0 123.54

LETNET [54] 057 059 026 053 054 032 059 061 051 058 0.60 0.95 46.40

Mask2Former [12] 049 053 0.12 044 046 055 0.63 065 053 069 071 . 47 .
Superpixel-Based Models

SSN [26]% 037 042 025 041 045 030 033 037 019 042 045 116.80 0.655 271.62

HERS [43] » 045 050 041 070 0.73 060 0.51 056 043 058 063 130.97 7.70 564.76

BRDG * 072 076 031 075 077 071 0.76 075 0.69 0.73 080 157.97 239 150.25

Ground truth

SegFormer

EndoVis-18 (P)

EndoVis-18 (T)

DeeplLabV3+

Figure 3. Qualitative comparison between state-of-the-art (SOTA) models and our method on EndoVis-2018. EndoVis-18 P denotes the
parts-segmentation task (articulated tool components and anatomical structures, independent of tool identity); EndoVis-18 T denotes full

surgical-tool segmentation.

[40] for contour detection. We benchmark against two pri-
mary families of segmentation algorithms. For superpixel-
based comparisons, we include the differentiable SSN (Su-
perpixel Sampling Networks) [26], the hierarchical HERS
[43], and a classical SLIC [1] + GraphCut pipeline. For
state-of-the-art (SOTA) pixel-wise comparisons, we eval-
uate against the foundational U-Net [45], the multi-scale
DeepLabv3+ [10], and the Transformer-based SegFormer
[53].

4.3. Ablation Study

We conducted a series of ablations to assess the contribu-
tion of each component to the framework, shown in Table 2.
Unless noted, all experiments are run on EndoVis2018-Part,
and the superpixel-count study on BSDS500, which is stan-
dard for boundary evaluation. In each experiment, we report
mloU, inference time (ms), and peak memory (GB).

Model’s Components

The first experiment evaluates the model purely as a pixel-
wise segmentation network without the superpixels. The
mloU decreased to 0.57, which the same score as Seg-
Former model (table 1). Peak memory increases by >
400 MB relative to the full model. Furthermore, remov-
ing the boundary-head binary cross-entropy (BCE) and the
boundary-contrastive loss under the "No-boundary” abla-
tion drops performance from 0.72 to 0.57 mIoU (a 0.15 de-
crease), indicating that boundary-aware supervision is crit-
ical. To isolate the effect of the refinement agent (the final
stage), we disable it and rely solely on the coarse head in the
”No-refine” ablation. mlIoU decreases by 11 points (from
0.72 to 0.61). Notably, removing refinement does not im-
prove speed or memory: runtime remains 6.63 ms and peak
memory increases from 1.05 to 1.17 GB. Renabling the re-
finement head and learned gate restores the ”Full model” to
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Figure 4. Qualitative ablation results showing the effect of remov-
ing key components: (a) Ground Truth, (b) Full model, (c) No
Boundary Head, (d) No Refinement (e) Coarse only.

Table 2. Ablation study on the proposed method. Number of su-
perpixels = 100, feature channels = 92. Image size: 512x640 on
Endovis2018. Inference measured in ms; Peak Memory in GB.

Ablation mloU Inference FPS Peak Mem
No-superpixels 0.57 24 128.88 1.53
No-boundary 0.57 8.12 123.20 1.52
No-refine 0.61 6.63 150.90 1.17
Gate =0 0.61 6.63 150.90 1.17
Only-coarse 0.52 9.8 65 1.23
Full 0.72 6.63 150.25 1.05

0.72 mIoU at the same 6.63 ms, delivering a substantial ac-
curacy gain at no inference-time cost.
Finally, forcing the gate to zero ("Gate=0"; using only
coarse logits) reproduces the baseline “No-refine”” (0.61
mloU). The learned gate in the full model (0.72 mIoU)
outperforms either coarse-only or refine-only variants, sug-
gesting that selectively refining boundaries while preserving
coarse interiors is the optimal strategy. Our ablations indi-
cate that each agent and loss term contributes materially to
final quality as illustrated in Figure 4.
Number of Superpixels ”K”
We analyzed the effect of the number of superpixels (K)
on the model’s performance, using the BSDS500 dataset
and measuring Boundary Recall (BF). As shown in Fig-
ure 5 a, we found that the optimal number of superpixels
is K = 500, which achieved a BF score of 0.67. Inter-
estingly, increasing the superpixel count beyond this point
resulted in diminishing returns. Performance did not just
plateau but actively degraded, with the worst score observed
at K = 1000. Figure 7 in the supplementary material pro-
vides a qualitative explanation for this, illustrating that as K
increases, the superpixel assignments become overly frag-
mented, which harms the model’s ability to adhere to true
semantic boundaries.

Alpha Value
We further analyze the sensitivity of the boundary-
contrastive loss scaling parameter «, which controls the de-
gree of adjacency boosting applied to boundary superpixels.
As o =1 serves as the natural baseline (since log(1) =0, ad-
jacency boosting is absent, and the loss reduces to standard
contrastive loss), our ablation focuses on o > 1 to quan-
tify the impact of progressively stronger boundary-aware
spatial constraints. As shown in Figure 5 b, performance

remains stable for o > 1, beyond which the over-emphasis
on boundary regions begins to degrade overall segmentation
quality.

Trendline R? =0.216
-8 Boundary Recall 75

0.67

mloU (%)
o
o

Boundary Recall
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Figure 5. Ablation studies. (a) Boundary Recall vs. number of
superpixels on the BSDS500 dataset. (b) Effect of & on mloU.

Different Backbones
Additionally, we evaluated the model’s robustness through
experimenting with different backbones for generating the
differentiable superpixels. ResNet-34 is selected as our
default to minimize model size without sacrificing perfor-
mance; however, as shown in Table 3, BRDG remains com-
petitive across a range of backbones, with performance scal-
ing gracefully as capacity increases. These results confirm
that BRDG is not contingent on a specific backbone, and
that ResNet-34 offers the best efficiency-accuracy trade-off
for the surgical domain.

Table 3. Backbones Evaluated for BRDG on EndoVis2018

Backbone mloU Dice Para (M)
ResNet-34 72.0 76.0 24.0
ResNet-50 72.7 77.5 37.0
ResNet-101 72.9 77.8 56.0
ViT 74.78 79.22 99.0

Failure Modes Finally, we examine failure modes and
robustness to image corruptions. The primary failure case
occurs when the learned gate misfires, incorrectly routing
interior regions through the refinement head or suppress-
ing genuine boundaries. Quantitatively, synthetic corrup-
tions reveal that fog produces the largest degradation (mloU
drops from 82.3 to 68.9), while motion blur and Gaus-
sian blur are better tolerated (78.9 and 80.1 mloU, respec-
tively), suggesting that low-frequency contrast degradation
is more harmful to the boundary-gating mechanism than
high-frequency noise. Qualitative examples of gate-misfire
cases are shown in figure 8 in the supplementary material.

4.4. BRDG vs. SOTA on Surgical Datasets

We evaluated our proposed model against pixel-based and
superpixel-based methods, with results detailed in Table 1.
The analysis shows that BRDG not only establishes a new
state of the art in segmentation accuracy but also resolves
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the critical accuracy efficiency trade-off for this task. On
the EndoVis’18 Parts dataset, BRDG achieves 0.72 mloU,
a substantial +6 point lead over the strongest superpixel-
based competitor (HERS) [43] and +7 points over the
best-performing pixel-based model (MedT) [49]. On En-
doVis’ 18 Tools dataset, our model’s 75.46 mIoU surpasses
the SOTA pixel-based SegFormer-B5 [53] by strong +4.46
points and the superpixel-based HERS by +5.46 points.
Per-class results are shown in the supplementary material
with more qualitative results.

The success of our gated refinement is most evident in
boundary-specific scores (BF1): on Tools, BRDG attains
71.00 BF1, a dominant +10.88 point margin over HERS,
demonstrating superior delineation of semantically mean-
ingful boundaries. Crucially, BRDG attains this accuracy
while being markedly more efficient.

BRDG operates at 150.25 FPS, making it 10 x faster
than heavyweight SOTA models it outperforms, such as
DeepLabv3+ (15.1FPS) and SegFormer-BS5 (13.8FPS), and
exceeds an optimized U-Net (R34) by +104 FPS a x(3.3)
speedup. Although SSN is technically faster, its perfor-
mance mloU < 0.42 renders it uncompetitive. Parameter-
wise, BRDG (23.9M) is x 2.5 smaller than DeepLabV3+
(61.0M) and x 3.5 smaller than SegFormer-B5 (84.7M).
This demonstrates that BRDG is not an incremental im-
provement, yet it redefines the performance envelope by
delivering +[5-7] points higher accuracy while being x 10
faster and x 3 smaller than current SOTA models.

Figure 3 presents a qualitative comparison of BRDG
against superpixel and pixel-wise models on three surgical
tasks: EndoVis-2018 Part, EndoVis-2018 Tools [6] andEn-
doVis 2017 [5]. The visual results show that BRDG con-
sistently produces cleaner and more spatially coherent seg-
mentation masks, unlike the fragmented and noisy outputs
from SSN and U-Net.

Pixel-based baselines show distinct failure modes:
DeepLabV3+ struggles with both boundary delineation and
classification. SegFormer often fails to distinguish be-
tween tool boundaries and adjacent tissue. In contrast, our
model’s masks align closely with the ground-truth bound-
aries. On datasets with larger objects, such as EndoVis
2017, our model’s boundary adherence is nearly identical
to the ground truth, though it occasionally exhibits classi-
fication errors in these large regions, a challenge likely at-
tributable to data imbalance.

We further compare against LETNet [54], a real-time
segmentation architecture, under identical experimental set-
tings. As reported in Table 1, LETNet achieves 0.57 mloU
on EndoVis’ 18 Parts and 0.59 on EndoVis’ 17, falling below
BRDG by 4-0.15 and 4-0.17 points respectively, confirming
that BRDG’s efficiency—accuracy trade-off remains com-
petitive even against models explicitly optimized for real-
time inference.

4.5. Results on General Domain Data

To evaluate the generalizability of our architecture, we ex-
tended our testing beyond surgical data to the Cityscapes
and ADE20K benchmarks. The quantitative results are
summarized in Table 4. Our model attains 0.54 mloU on
Cityscapes and 0.60 mIoU on ADE20K, evaluated under
the foveated/efficient segmentation protocol defined in [59];
these results reflect cross-domain generalization under effi-
ciency constraints and should not be interpreted as a com-
parison against general-purpose segmentation leaderboards.
These results are particularly significant when compared
to FSNet, a foveated instance segmentation framework de-
signed for AR/VR, which leverages real-time user gaze data
to perform segmentation exclusively on instances of interest
[59]. Figure 6 shows qualitative results of BRDG segmen-
tation on the Cityscapes dataset. The model was able to
accurately segment large objects but struggled with smaller
objects or those in occluded situations.

Prediction

Image Ground-truth

Table 4. Mean IoU Performance of BRDG on Cityscapes and
ADE20K Datasets

Method CityScapes ADE20K
Avg+DeepLab [59] 0.26 0.39
Avg+HRNet [59] 0.20 0.43
Avg+SegFormer-B4 [59] 0.25 0.37
Avg+SegFormer-B5 [59] 0.27 0.41
LTD [28] 0.37 0.41
FSNet+DeepLab [59] 0.52 0.55
FSNet+HRNet [59] 0.47 0.56
FSNet+SegFormer-B4 [59] 0.46 0.54
FSNet+SegFormer-B5[59] 0.51 0.55
BRDG 0.54 0.60

5. Conclusion & Future Work

In this paper, we presented BRDG, a differentiable
superpixel-based segmentation model tailored for surgical
scenes that can be extended to other domains through fine-
tuning. Our model demonstrated superior performance,
achieving state-of-the-art accuracy while being significantly
more efficient than competing methods. It operates up to x
10 faster while being x 3-4 smaller than existing dense seg-
mentation models. Future work includes strengthening the
model’s classification capabilities to offer a reliable delin-
eation tool that can be used to accelerate the segmentation
and production of new large-scale datasets.
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