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Abstract

Few-shot medical image segmentation relies on
dense, boundary-sensitive prototype matching, yet
common pre-training objectives mainly optimize
global alignment or reconstruction, creating an ob-
jective gap that hurts boundary delineation and
increases adaptation cost. This raises the ques-
tion: how to pre-train representations intrinsically
matchable for episodic FSS while requiring mini-
mal adaptation-induced re-organization? We in-
troduce a Drift–Gap diagnostic to quantify intrin-
sic dense-matching misalignment and adaptation-
induced feature drift. Guided by this lens, we
propose BOG-PRETRAIN, combining Reliability-
Gated Alignment to mitigate noisy report su-
pervision, Semantic-Guided MIM to emphasize
boundary-informative regions, and Dual Consis-
tency Regularization to stabilize episodic met-
ric geometry. Across five benchmarks (1/4/16-
shot), BOG-PRETRAIN improves mean Dice by
+15.5/+15.9/+12.5 points over best priors and re-
duces mean HD95 by 0.9/4.6/10.1; it achieves the
lowest Drift (0.052 vs. 0.155 baseline) and GapPT
(0.256), with ablations confirming the components’
complementarity.

1 Introduction
Deep learning has substantially advanced medical image seg-
mentation, yet clinical adoption is hindered by high anno-
tation costs [Litjens et al., 2017; Ronneberger et al., 2015].
Few-shot segmentation (FSS) addresses this via prototype-
based matching from limited support images [Wang et al.,
2020; Snell et al., 2017]. While recent pipelines leverage
large-scale pre-training [Azizi et al., 2021], standard initial-
izers often fall short for boundary-sensitive dense matching
in episodic FSS. We attribute this to an objective gap in
task form: prevalent pre-training objectives emphasize global
alignment or reconstruction, which misaligns with the local,
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†The official implementation is available at https://github.com/

spchen01/BOG-Pretrain.

Figure 1: Bridging the objective gap: intrinsic dense-matching mis-
alignment vs. few-shot adaptation drift. Figure 1 visualizes initial-
izer suitability for episodic prototype-based FSS. Drift (x-axis) is
the mean cosine distance between dense backbone features from the
same query image before vs. after few-shot adaptation; lower values
indicate a more stable episodic metric geometry and lower adapta-
tion cost. GapPT (y-axis) measures intrinsic misalignment for mask-
conditioned dense matching without adaptation (defined in §3.1);
lower values indicate better matchability. Popular paradigms occupy
different regimes, such as low-drift/high-gap “inertia” or high-drift
re-organization, while ours (⋆) moves toward the bottom-left “sweet
spot”.

pixel-precise separability required by mask-conditioned pro-
totype matching. As a result, similarity maps can be unre-
liable (especially near boundaries), and few-shot fine-tuning
must substantially reshape representations, leading to unsta-
ble and costly adaptation.

A good initializer should (i) be intrinsically matchable for
dense prototype matching before any adaptation and (ii) re-
main stable under few-shot fine-tuning. We therefore intro-
duce a Drift–Gap diagnostic (Fig. 1) that measures intrin-
sic dense-matching misalignment (GapPT) and adaptation-
induced representation change (Drift). Low Drift indicates a
well-organized episodic metric geometry, enabling effective
adaptation with minimal representation re-organization; the
bottom-left “sweet spot” simultaneously achieves low GapPT
and low Drift . This diagnostic also reveals characteristic
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shifts when individual objectives are removed, suggesting
that the objective gap arises from multiple mismatches that
must be addressed jointly.

Concretely, we trace the objective gap to three conflicts
between generic pre-training and episodic FSS. Semantic
mismatch: Radiology reports are frequently noisy or only
partially relevant [Wang et al., 2022]; uniform image–text
alignment can corrupt prototype semantics and weaken in-
ternal coherence. Structural mismatch: Standard masked
image modeling optimizes reconstruction fidelity without pri-
oritizing boundary-discriminative regions [He et al., 2022],
limiting boundary-sensitive delineation. Metric instability:
Without explicit consistency constraints, same-class features
can vary substantially across views, forcing large feature drift
during adaptation to align support and query prototypes. We
formalize these effects in §3.1 and use them to guide objec-
tive design.

To bridge these gaps, we propose BOG-PRETRAIN, a
pre-training framework for episodic FSS with three comple-
mentary components. Reliability-Gated Alignment (regular-
ized by masked language modeling [Devlin et al., 2019])
down-weights unreliable report supervision to improve proto-
type coherence (reducing the interior mismatch). Semantic-
Guided MIM biases masking and reconstruction toward
boundary-informative regions to enhance boundary sensi-
tivity (reducing the boundary mismatch). Finally, Dual
Consistency Regularization combines prototype-level consis-
tency (ProtoNCE) and same-image consistency (SameImg)
to stabilize episodic metric geometry and reduce Drift , en-
abling effective adaptation with minimal representation shift.
Across five benchmarks, BOG-PRETRAIN improves mean
Dice by up to +15.5/+15.9/+12.5 points and reduces mean
HD95 by 0.9/4.6/10.1 under 1/4/16-shot settings. Together,
they move the initializer toward the “sweet spot” in Fig. 1.

Our contributions are summarized as follows:
• Global objective bridging for episodic FSS. We pro-

pose Reliability-Gated Alignment to robustly leverage
noisy image–report data, improving prototype coher-
ence and intrinsic matchability.

• Local objective bridging for boundary-sensitive pre-
diction. We propose Semantic-Guided MIM to priori-
tize boundary-informative regions during masked mod-
eling, improving boundary adherence.

• A unified pre-training framework under an episodic
diagnostic. We introduce the Drift–Gap diagnostic and
Dual Consistency Regularization to stabilize episodic
metric geometry and substantially reduce adaptation
drift; the resulting BOG-PRETRAIN consistently out-
performs existing methods across five benchmarks in
both region and boundary metrics.

2 Related Work
2.1 Few-Shot and Universal Medical Image Seg-

mentation
Few-shot segmentation (FSS) transfers segmentation to novel
classes from a few annotated support images, and many
pipelines adopt prototype-based metric matching to predict

query masks in a shared embedding space [Snell et al., 2017].
Recent medical FSS and universal segmentation methods im-
prove robustness via prototype refinement, self-supervised
episodic training, or support-conditioned inference [Tang et
al., 2025; Ouyang et al., 2020; Butoi et al., 2023]. While
these designs strengthen adaptation and generalization, they
largely operate within a given representation space and thus
remain bounded by the initializer: whether dense features are
already separable for mask-conditioned matching and how
much they must change under few-shot adaptation. This mo-
tivates studying pre-training in terms of intrinsic matchability
and adaptation cost for episodic FSS (Fig. 1).

2.2 Generic Self-Supervised Pre-Training: Struc-
tural and Geometric Limitations for Episodic
Dense Matching

Self-supervised learning (SSL) provides strong general-
purpose initializers. Contrastive objectives such as MoCo v3
encourage view-invariant instance discrimination, typically
on global embeddings [Chen et al., 2021], while masked im-
age modeling (e.g., MAE) learns via reconstructing masked
patches [He et al., 2022]. However, these objectives are
not designed around mask-conditioned dense separability:
reconstruction can preserve appearance without sharpening
boundary-relevant cues, and instance-level invariance does
not directly calibrate the dense metric geometry used by pro-
totype matching. As a result, SSL/MIM initializers can ex-
hibit intrinsic mismatch for boundary-sensitive delineation
and require substantial representation re-organization dur-
ing episodic fine-tuning, often appearing as elevated GapPT
and/or Drift regimes in Fig. 1. For episodic FSS, this high-
lights the need to explicitly stabilize the episodic metric ge-
ometry (e.g., via consistency constraints) so that adaptation
incurs minimal drift.

2.3 Vision–Language Pre-Training: Semantic Ben-
efits with Reliability Challenges

Vision–language pre-training (VLP) injects semantic super-
vision by aligning image and text representations, as exem-
plified by CLIP [Radford et al., 2021] and medical adap-
tations such as MedCLIP and BioViL [Wang et al., 2022;
Boecking et al., 2022], with continual multimodal learning
explored in MedCoSS [Ye et al., 2024]. For prototype-based
FSS, semantics can be valuable because prototypes act as
episode-specific anchors for matching. However, radiology
reports are often global, noisy, or only partially relevant to
localized findings, making uniform alignment unreliable and
potentially weakening region-level semantic coherence. Ac-
cordingly, VLP can improve intrinsic matchability in some
cases yet remain sensitive to report quality and adaptation,
leading to varied trade-offs between GapPT and Drift across
datasets in Fig. 1.

Together, these limitations motivate our approach. We re-
visit pre-training for episodic, boundary-sensitive FSS from
a coupled perspective of (i) semantic coherence for reli-
able prototypes, (ii) boundary-aware dense structure, and
(iii) a stable episodic metric geometry with low adaptation
drift. Building on segmentation-centric pipelines that accept
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given representations [Butoi et al., 2023; Tang et al., 2025;
Ouyang et al., 2020] and generic SSL/VLP baselines [Chen
et al., 2021; He et al., 2022; Radford et al., 2021; Ye et
al., 2024], we develop an objective-gap-bridging pre-training
framework that jointly targets these aspects under the Drift–
Gap diagnostic, driving the initializer toward the bottom-left
“sweet spot” with low GapPT and low Drift .

3 Methodology
Episodic FSS predicts a query mask via mask-conditioned
prototype matching in a dense feature space, so the initial-
izer should already support boundary-sensitive dense match-
ing and remain stable under few-shot adaptation. We there-
fore aim to pre-train representations natively compatible with
episodic, mask-conditioned prototype matching. Figure 2 il-
lustrates BOG-PRETRAIN, grouping objectives by targeted
mismatches to clarify global, local, and geometric interac-
tions. We next formalize the episodic quantities defining a
good initializer, then present the three components following
the structure in Fig. 2.

Setup and notation. Given an image–report pair (Ii, Ri),
the vision encoder EV produces dense features Fi ∈
RC×Hf×Wf and a pooled embedding vi ∈ Rd, while the
text encoder ET produces a global embedding ti ∈ Rd and
token embeddings Ti = {Ti,l}Ll=1. We use cosine similar-
ity sim(·, ·) and ℓ2 normalization; unless specified, weighting
signals are treated as constants (stop-gradient).

3.1 Bridging the Objective Gap: Episodic Diagnos-
tics and Learning Objectives

Episodic FSS predicts a query mask via mask-conditioned
prototype matching in a dense feature space. From this
viewpoint, a good initializer should (i) enable accurate
dense matching before any adaptation and (ii) require
only lightweight representation change under few-shot fine-
tuning. We instantiate these desiderata as intrinsic pre-
adaptation misalignment GapPT and adaptation-induced fea-
ture change Drift (Fig. 1), and use them to organize the learn-
ing objectives of BOG-PRETRAIN.

Mask-conditioned similarity map. Given a query image
with dense features F and a binary foreground mask M (at
image resolution), we sample Q points {pj}Qj=1 from M and
compute an averaged similarity heatmap:

S(u) =
1

Q

Q∑
j=1

sim
(
F̂ (u), F̂ (pj)

)
, (1)

where F̂ (·) denotes ℓ2-normalized features and sim(·, ·) is
cosine similarity.

Objective Gap (GapPT) and its decomposition. To avoid
threshold tuning (which can be dataset-, class-, and episode-
dependent and introduces an extra hyperparameter), we bina-
rize the heatmap by a size-matched top-k rule, where k =
|M |. This threshold-free binarization controls the predicted
foreground size and focuses the evaluation on the ranking
quality of the similarity map. Let M̂ = TopK(S, |M |) keep

the top-|M | pixels of S. We define the pre-training alignment
gap as

GapPT = 1−Dice
(
M̂, M

)
. (2)

To localize the mismatch, we split M into an interior region
and a boundary band using morphology at image resolution:
Min = Erode(M, r) and Mbd = Dilate(M, r) − Min. We
then measure region-specific gaps as

Gapx = 1−Dice
(
M̂, Mx

)
, x ∈ {in, bd}. (3)

Here Gapin reflects semantic coherence inside the target re-
gion (prototype reliability), while Gapbd reflects boundary-
sensitive dense separability for precise delineation.
Feature Drift (adaptation cost). Let F pt and F ft be the
dense features of the same query image extracted by the pre-
trained backbone and the few-shot adapted backbone, respec-
tively. We quantify the adaptation-induced change as the
mean cosine distance over spatial locations:

Drift = 1− 1

N

N∑
u=1

sim
(
F̂ pt(u), F̂ ft(u)

)
, (4)

where N = HfWf . Low Drift indicates a stable episodic
metric geometry, enabling effective adaptation without large
representation re-organization.
Learning objectives guided by the episodic lens. The
above quantities clarify what an initializer must provide for
episodic dense matching: reliable semantics (low Gapin),
boundary-sensitive structure (low Gapbd), and a stable metric
geometry (low Drift). Following the roadmap in Fig. 2, we
next introduce three components that target these properties
from complementary angles: reliability-aware global align-
ment (§3.2), boundary-aware local modeling (§3.3), and dual
consistency regularization (§3.4).

3.2 Reliability-Gated Global Alignment for Reduc-
ing Interior Gap

Reliability-gated global alignment. As analyzed in §3.1, a
large interior gap (Gapin) indicates insufficient semantic co-
herence inside the target region, which weakens prototype re-
liability even before episodic adaptation. Paired reports can
inject global semantics to tighten this coherence, but clinical
narratives are often noisy, incomplete, or only partially rel-
evant; enforcing uniform image–report alignment can there-
fore propagate misleading gradients and distort the semantic
anchors that prototypes depend on. We address this by mak-
ing global alignment selective: each image–report pair con-
tributes proportionally to its estimated reliability.

Concretely, for each pair (Ii, Ri) we compute a reliability
score γi ∈ [0, 1] by fusing complementary signals of align-
ment confidence, linguistic coherence (via an auxiliary MLM
signal), report informativeness, and batch-wise consistency:

γi = σ
(
α

4∑
k=1

wk Z(u
(k)
i )

)
, u

(k)
i ∈ {pi,mi, ri, ci}, (5)

where Z(·) denotes standardization, and pi, mi, ri, ci are
the image–text cosine similarity, MLM token-prediction con-
fidence, TF-IDF report informativeness score, and batch-
wise prototype consistency, respectively. We stop gradients
through γi so that the gate only modulates optimization.
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Figure 2: Overview of BOG-PRETRAIN under the Drift–Gap episodic lens. From an image–report pair (I,R), EV outputs dense F and
pooled v, and ET outputs global t and tokens T . Episodic prototype matching induces three diagnostics (Gapin, Gapbd, and Drift), which
we target with: (A) Reliability-Gated Global Alignment (contrastive, weighted by γ) to reduce Gapin; (B) Semantic-Guided Masked Recon-
struction (edge + token semantics) to reduce Gapbd; (C) Dual Consistency Regularization (ProtoNCE + SameImg) to reduce Drift . The three
terms form a unified pre-training loss, producing an episodic-ready representation.

We then re-weight a standard symmetric image–text con-
trastive objective by γi:

LG-ITC =
1

2

∑
d∈{I→T, T→I}

∑B
i=1 sg(γi)Ld

ITC(i)∑B
i=1 sg(γi)

, (6)

where Ld
ITC(i) is the standard InfoNCE term for direction d

and sample i, and sg(·) denotes stop-gradient. By attenuating
unreliable pairs, the global semantic geometry becomes less
sensitive to report noise, yielding more reliable prototype an-
chors and directly reducing Gapin.

3.3 Local Structural Modeling via Semantic-
Guided Masked Reconstruction

Semantic-guided masked reconstruction. A high bound-
ary gap (Gapbd) in §3.1 indicates that dense features are not
sufficiently boundary-discriminative for episodic delineation.
Masked reconstruction can strengthen local structure, but uni-
form masking tends to allocate learning to generic textures
rather than boundary-critical regions. We instead make re-
construction spatially selective, concentrating supervision on
edge- and semantics-informative locations to sharpen bound-
ary sensitivity.

Text-conditioned semantic relevance map. At feature
resolution, we compute a semantic relevance map Si ∈
[0, 1]Hf×Wf by correlating dense visual features with infor-
mative report tokens. Let ϕv(·) and ϕt(·) be lightweight pro-
jections, and Ki denote tokens whose TF-IDF weight exceeds
the per-report median. We define

Si(u) = max
l∈Ki

sim
(
ϕv(Fi(u)), ϕt(Ti,l)

)
, (7)

followed by per-image normalization to [0, 1]. Text features
are detached when forming Si, so the map serves as a mask-
ing prior rather than an additional supervision target.
Edge–semantic fusion with reliability-gated guidance.
We compute an edge prior Ei ∈ [0, 1]Hf×Wf from image gra-
dients and fuse it with semantics as Wi = (1− β)Ei + βSi.
Crucially, we gate this guidance by the global reliability γi
from §3.2: when reports are unreliable, text-guided masking
should not shape local structure; when reports are reliable,
reconstruction should focus on boundary- and semantic-rich
regions. Given a random/block mask M blk

i and a curriculum
ηt ∈ [0, 1] increasing over training, we form a soft mask

Mi = (1− sg(γi)ηt)M
blk
i + sg(γi)ηt Wi. (8)

Masked reconstruction objective. Let ŷi(u) and yi(u) be
the prediction and target at location u. We apply a standard
reconstruction loss on masked regions, aggregated by the soft
mask:

LSG-MIM =
1

B

B∑
i=1

Eu∼Mi

[
ℓrec(ŷi(u), yi(u))

]
. (9)

When γi is high, masking concentrates on Wi and forces re-
covery of edge/semantic details; when γi is low, it reverts
to M blk

i . This reliability-gated, boundary-aware reconstruc-
tion directly targets Gapbd by sharpening boundary-sensitive
dense separability.

3.4 Dual Consistency Regularization for Stabiliz-
ing Metric Geometry

Reducing Gapin and Gapbd improves intrinsic matchability;
to further suppress adaptation-induced drift (Drift), we in-
troduce Dual Consistency Regularization that enforces stable
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metric geometry via complementary prototype- and instance-
level constraints.
Prototype-level consistency (ProtoNCE). We maintain a
prototype bank {ck}Kk=1 in the text embedding space, cap-
turing semantic modes inferred from reports. Each sample
is assigned to its nearest prototype in text space, k(i) =
argmaxk sim(ti, ck); prototypes are updated via EMA with
momentum m=0.97 outside the computational graph, so a
single noisy text embedding contributes only ∼3% per step
and is further diluted by batch averaging. We then pull the vi-
sual embedding vi toward its assigned prototype while push-
ing it away from others:

LProto =
1

B

B∑
i=1

− log
exp

(
sim(vi, ck(i))/τp

)∑K
k=1 exp

(
sim(vi, ck)/τp

) . (10)

This encourages compact semantic clusters and reduces the
degrees of freedom of the embedding space, yielding a more
stable episodic metric.
Instance-level consistency (SameImg). When optimizing
multiple objectives (global alignment, local reconstruction,
prototype consistency), the same image may receive conflict-
ing gradients. We directly enforce that embeddings of the
same image produced under different views/pathways remain
consistent. Let v(a)i and v

(b)
i be two pooled embeddings of the

same image (e.g., from different augmentations or objective
pathways), we apply a cosine pull with stop-gradient:

LSI =
1

B

B∑
i=1

(
1− sim

(
v̂
(a)
i , sg(v̂

(b)
i )

))
, (11)

where v̂ denotes ℓ2-normalized embeddings. This term sup-
presses cross-objective interference by forcing a unified rep-
resentation for the same content.
Overall effect on Drift . ProtoNCE compacts the seman-
tic geometry, while SameImg aligns the optimization signals
across objectives/views. Together, they yield a tight and con-
sistent metric space, which substantially reduces Drift during
few-shot adaptation.

3.5 Overall Objective and Conceptual Summary
Overall objective. We jointly optimize all components of
BOG-PRETRAIN with:

L = LG-ITC + λmimLSG-MIM + λconsLCons, (12)

where
LCons = λprotoLProto + λsiLSI. (13)

We optionally add λmlmLMLM to regularize the text encoder
and to provide the linguistic-coherence cue in Eq. (5).
Conceptual summary under the Drift–Gap lens. BOG-
PRETRAIN is organized around the episodic diagnostics in
§3.1. The reliability-gated global alignment LG-ITC makes
semantic supervision selective under noisy reports, improv-
ing interior coherence and lowering Gapin. The semantic-
and edge-guided masked reconstruction LSG-MIM concen-
trates local supervision on boundary-critical regions, sharp-
ening dense separability and lowering Gapbd. Finally, dual

consistency regularization (LProto and LSI) stabilizes the met-
ric geometry by enforcing compact semantics and suppress-
ing cross-objective/view interference, which directly reduces
Feature Drift during few-shot adaptation.

Together, these objectives align the pre-trained representa-
tion with the demands of episodic, mask-conditioned match-
ing, driving the initializer toward the low-gap, low-drift
“sweet spot” in Fig. 1.

4 Experiments
4.1 Experimental Setup
Pre-training data. We pre-train on MedPix 2.0 [Siragusa
et al., 2025], a comprehensive multimodal archive contain-
ing ∼59K images paired with structured clinical case reports.
The rich linguistic context in this dataset provides diverse
semantic supervision, which is critical for optimizing our
Reliability-Gated Alignment module.
Downstream evaluation. We evaluate on five bench-
marks [Cheng et al., 2015; Al-Dhabyani et al., 2020; Byra
et al., 2020; Jha et al., 2020; Chowdhury et al., 2020; Rah-
man et al., 2021; Gong et al., 2021]. Following MedCLIP-
SAMv2 [Koleilat et al., 2025], we adopt their splits for
Brain, Lung, and Breast tumors. Notably, Breast Tumor
adopts a cross-dataset setting (train on BUSI [Al-Dhabyani
et al., 2020], test on UDIAT [Byra et al., 2020]). For Thy-
roid [Gong et al., 2021], we use the official split, and for
Kvasir-SEG [Jha et al., 2020], a random 70/30 partition.
Architecture and protocol. We use an ImageNet-initialized
Swin-S [Liu et al., 2021] with an ASPP head [Chen et al.,
2017]. Results are reported as mean Dice and HD95 over
1,000 episodes under 1/4/16-shot settings. We pre-train for
200 epochs using AdamW (lr = 5e−4, weight decay 0.05,
batch size 128); total cost is ∼3.7 GPU·h on 1×RTX4090
with 62.96M parameters (≈1.7× the wall-clock of a CLIP
baseline on the same backbone). The text encoder is dis-
carded after pre-training, so inference cost matches an image-
only Swin-S.
Diagnostic metrics. To probe pre-training quality beyond
end-task scores, we report (i) Objective Gap (Gapin/Gapbd)
that decomposes intrinsic misalignment into semantic coher-
ence (Interior) and boundary delineation (Boundary) without
adaptation, and (ii) Feature Drift measured by cosine dis-
tance between pre-trained and adapted prototype features af-
ter few-shot support.

4.2 Main Results: Comparison with SOTA
Table 1 reports few-shot segmentation results (1/4/16-shot).
In line with our Objective Gap formulation, we interpret these
gains through the intrinsic dense-matching misalignment and
adaptation cost. As summarized in Table 2 and visualized
in Fig. 1, BOG-PRETRAIN moves the initializer toward the
desired bottom-left regime: it achieves the lowest GapPT be-
fore adaptation and the lowest Drift during adaptation among
all compared methods, confirming that the initializer is both
intrinsically matchable and geometrically stable without re-
quiring costly representation re-organization.

The downstream improvements align with the decomposed
gap analysis established in §3.1 and validated in §4.3. First,
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Few-shot Method Brain Tumors (n=600) Breast Tumors (n=113) Kvasir (n=300) Lung X-ray (n=957) Thyroid (n=614)

Dice ↑ HD95 ↓ Dice ↑ HD95 ↓ Dice ↑ HD95 ↓ Dice ↑ HD95 ↓ Dice ↑ HD95 ↓

16-shot

SSL-ALPNet 43.0531.53 68.38116.85 49.3225.42 33.0922.84 53.8524.77 70.3311.84 83.506.29 12.7112.51 40.2623.97 65.2139.25
UniverSeg 50.6736.07 79.79125.36 64.3625.30 34.1530.96 47.6324.38 42.1917.28 90.967.47 16.8216.36 50.7225.02 34.3816.58
MedCoSS 56.3734.15 79.5473.00 67.4725.86 88.0195.35 43.5918.55 108.7786.01 91.716.30 11.7316.16 34.6715.01 202.89131.48
Ours 58.2827.90 50.56128.63 70.3222.01 23.9925.12 79.8118.25 34.6529.79 93.465.73 9.2710.15 64.8326.39 38.1646.33

4-shot

SSL-ALPNet 34.1436.70 107.47156.02 41.8132.50 77.8567.58 40.2225.94 76.1726.34 74.766.12 19.3213.41 36.4626.44 78.2439.18
UniverSeg 38.5833.94 73.42120.92 36.8525.73 60.4872.60 42.1923.30 43.5516.66 86.4410.03 20.5718.64 37.9425.68 49.0018.32
MedCoSS 44.0626.76 142.8479.10 53.1728.50 136.2590.43 33.7614.96 141.4297.02 87.6312.92 24.9223.06 20.7615.20 236.91114.23
Ours 46.6029.96 64.54134.15 59.3526.28 51.8769.97 73.7718.74 38.2728.28 90.125.71 12.2312.09 51.4821.67 57.1233.21

one-shot

SSL-ALPNet 12.2828.55 294.45264.31 34.9330.73 155.43182.06 30.7027.19 83.5430.97 64.656.63 28.0410.17 37.7419.32 84.3146.38
UniverSeg 13.0320.31 290.83273.57 20.1621.43 132.31113.04 23.0219.71 43.7617.02 77.7211.50 23.9116.78 36.1619.01 36.2914.30
MedCoSS 15.1417.07 222.1447.10 30.4324.69 171.2598.09 29.3717.28 209.92103.19 80.9510.58 34.3317.23 19.9314.55 249.21119.70
Ours 16.8526.25 276.84241.94 47.6730.74 109.70187.14 60.3019.74 63.3031.24 86.326.19 17.1511.00 46.9022.04 55.7526.67

sup. nnU-Net 87.0613.29 12.0315.91 80.4022.04 28.8015.29 89.5614.75 30.6626.26 98.151.36 16.625.91 83.7016.67 27.3043.75

Table 1: Performance comparison on five medical segmentation datasets under 1-, 4-, and 16-shot settings. Results are reported as meanstd.
Boldface indicates the best performance (Dice ↑, HD95 ↓).

Method Drift ↓ GapPT ↓

MoCo v3 [Chen et al., 2021] 0.4480.045 0.3150.043

MAE [He et al., 2022] 0.4630.053 0.7040.086

CLIP [Radford et al., 2021] 0.2440.021 0.2890.086

SSL-ALPNet [Ouyang et al., 2020] 0.5230.023 0.6460.171

UniverSeg [Butoi et al., 2023] 0.2330.034 0.2630.042

MedCoSS [Ye et al., 2024] 0.1550.031 0.4390.074

Ours (BOG-PRETRAIN) 0.0520.012 0.2560.035

Table 2: Drift–Gap diagnostics averaged over five datasets (Brain
Tumors, Breast Tumors, Kvasir, Lung X-ray, Thyroid/tn3k). Values
are meanstd across datasets (lower is better).

higher Dice indicates more coherent prototype anchors, con-
sistent with a reduced interior semantic gap (Gapin): by
down-weighting unreliable report semantics, the pre-trained
embedding becomes less sensitive to noisy/global text, lead-
ing to stronger overlap across modalities and annotation
settings (e.g., large Dice gains on Kvasir and the cross-
dataset Breast Tumors benchmark). Second, we emphasize
HD95 because it reflects boundary adherence that Dice can
miss; our boundary-aware pre-training reduces the boundary
gap (Gapbd), which is most evident on irregular structures
(e.g., Kvasir shows a pronounced HD95 drop), matching the
boundary-gap trends in §4.3.

We note that on Brain Tumors (1-shot) the HD95 im-
provement is less consistent. With a single support mask
and highly irregular tumor contours, boundary refinement
remains strongly support-dependent and HD95 is sensitive
to small outlier regions, a known challenge even for super-
vised segmenters, while BOG-PRETRAIN still yields the best
Dice, indicating more reliable localization under extreme la-
bel scarcity. Finally, the gap to nnU-Net reflects the in-
herent cost–performance trade-off between fully-supervised
dense annotation and few-shot generalization: our goal is
to improve the efficiency frontier under scarce supervision,
and BOG-PRETRAIN consistently advances both overlap

and boundary quality among few-shot methods, making it a
strong candidate for annotation-scarce clinical scenarios.

4.3 Mechanism Analysis: Decoupling the Gains
To move beyond performance tables and interpret why our
method works, we leverage the proposed diagnostic metrics
to decouple the contributions of Global, Local, and Consis-
tency modules.

Figure 3: Step-wise Gap Reduction. Adding the Global module
drastically reduces the Interior Gap (Semantic), whereas the Local
module specifically targets the Boundary Gap (Structural), confirm-
ing the spatial decoupling of our objectives.

1. Spatially Decoupled Improvements (Global vs. Lo-
cal). As visualized in Figure 3, the ablation reveals a clear
functional separation: Reliability-Gated Alignment delivers
a large reduction in Gapin, confirming that global contrastive
learning aggregates object-interior pixels into coherent se-
mantic clusters; once Gapin saturates, adding SG-MIM trig-
gers a secondary drop specifically in Gapbd, proving the lo-
cal objective captures high-frequency boundary details over-
looked by global objectives. Figure 4 further validates this
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Objective Dice ↑ HD95 ↓ Gapin ↓ Gapbd ↓ Drift ↓

MoCo v3 63.25 46.00 0.33 0.79 0.448
MAE 65.33 38.73 0.45 0.71 0.463
CLIP 64.61 49.99 0.30 0.85 0.244
Ours 75.24 29.37 0.28 0.69 0.052

Table 3: Pre-training objective comparison (16-shot avg over
datasets). We report downstream performance and episodic diag-
nostics (lower is better for gaps/drift).

Variant Dice ↑ HD95 ↓ Gapin ↓ Gapbd ↓ Drift ↓

Full (G+L+C) 75.24 29.37 0.28 0.69 0.052
w/o Global 72.06 34.48 0.31 0.70 0.101
w/o Local 70.29 43.23 0.27 0.76 0.147
w/o Cons. 72.72 34.49 0.32 0.74 0.215

Table 4: Component ablation study (avg over datasets). “Global”
mainly targets Gapin, “Local” targets Gapbd, and “Cons.” primarily
reduces Drift .

via strong correlations (r>0.9) between Gapin and Dice and
between Gapbd and HD95, suggesting that the two diagnostic
axes are complementary and neither alone suffices to predict
overall segmentation quality.

Figure 4: Metric Validation. The strong negative correlation be-
tween Gapin and Dice, and positive correlation between Gapbd and
HD95, validates that our diagnostic metrics are faithful proxies for
downstream performance.

2. Efficiency and Stability (The Role of Consistency). Pro-
jecting models onto the Drift–Gap plane (Fig. 5) reveals an
orthogonal two-phase trajectory: Phase 1 (Global + Local)
drives a vertical descent that closes the Gap, while Phase 2
(Consistency) drives a horizontal shift that reduces Drift by
over 80% (from ∼0.48 to 0.08) without further changing Gap,
indicating that the two improvement axes are largely indepen-
dent. This shows that consistency constraints do not merely
fine-tune accuracy but fundamentally restructure the feature
space to resist few-shot adaptation shifts, enabling effective
generalization even under extreme label scarcity.

4.4 Ablation Studies
Table 3 links end-task performance to our decomposed Ob-
jective Gap. Compared with generic SSL/MIM/VLP objec-
tives, BOG-PRETRAIN achieves the best Dice/HD95 while
lowering both Gapin and Gapbd, indicating improved in-
trinsic matchability for mask-conditioned dense prototype

Figure 5: Drift-Gap Trajectory. The evolution of our method ex-
hibits an orthogonal improvement path: Phase 1 reduces the Objec-
tive Gap via Global/Local alignment, while Phase 2 (Consistency)
slashes Feature Drift, shifting the model into the efficiency-optimal
ideal region.

matching. Notably, BOG-PRETRAIN also yields the lowest
Drift , suggesting that its embedding geometry requires min-
imal re-organization during few-shot fine-tuning.

Table 4 attributes improvements to specific components
under the Drift–Gap lens. Removing Global increases Gapin
(0.28→0.31) and reduces Dice (75.24→72.06), consistent
with reliability-gated alignment protecting prototype anchors
from noisy report semantics. Removing Local markedly
increases Gapbd (0.69→0.76) and causes the largest HD95
degradation (29.37→43.23), confirming that boundary-aware
structural modeling is essential for closing the boundary gap
and sharpening contours. Finally, removing Consistency
produces the largest Drift increase (0.052→0.215) with com-
paratively smaller gap changes, showing that consistency
regularization primarily stabilizes episodic metric geometry
rather than merely improving intrinsic alignment.

5 Conclusion
We proposed BOG-PRETRAIN, a unified pre-training frame-
work that bridges the objective gap between representation
learning and episodic few-shot medical segmentation. BOG-
PRETRAIN combines (i) reliability-gated image–text align-
ment to mitigate noisy reports, (ii) semantic- and edge-guided
masked reconstruction to enhance boundary-sensitive struc-
ture, and (iii) consistency regularization to stabilize episodic
metric geometry. Experiments on five public benchmarks
show consistent improvements over strong baselines in both
Dice and HD95, especially in low-shot regimes where labels
are scarce. Moreover, our Drift–Gap diagnostics and mecha-
nism analyses show that Gapin, Gapbd, and feature drift de-
crease step-wise with each component and correlate strongly
with downstream performance. We hope BOG-PRETRAIN
encourages objective-driven pre-training designs that narrow
the pre-training–to–few-shot segmentation mismatch for ac-
curate and stable label-efficient medical segmentation.
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