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Abstract. Semi-supervised medical image segmentation aims to reduce
annotation costs, yet achieving anatomically consistent segmentation un-
der limited supervision remains challenging. Most methods rely on vi-
sual representations or coarse vision–language alignment strategies that
assume spatially agnostic correspondence between modalities, overlook-
ing localization cues in visual features and textual descriptions. Con-
sequently, pixel–text or mask–text matching yields ambiguous cross-
modal alignment, particularly for anatomically adjacent or visually simi-
lar structures. We propose PC-VLG, a position-correlated vision–language
graph framework for semi-supervised medical segmentation that estab-
lishes object-level positional correspondence between visual anatomy and
textual semantics. A Vision–Language Graph Alignment Network injects
multi-modal embeddings into Position-Correlated Cross-Modal Graph
modules, where anatomical structures are modeled as graph nodes en-
riched with visual, textual, and spatial cues, and inter-object relation-
ships are encoded as geometry-aware edges to enable structured and con-
sistent cross-modal alignment beyond conventional pixel–text or mask–
text paradigms. Experiments on multi-object datasets demonstrate that
PC-VLG outperforms state-of-the-art methods. Code at here.
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anything model · Vision-language alignment · Inter-object positional cues

1 Introduction

Accurate medical image segmentation requires costly pixel-level annotations,
motivating semi-supervised learning (SSL) with limited labeled data. Most SSL
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Fig. 1. Overview of text–image alignment and boundary ambiguity. (a) Text descrip-
tion. (b) Pixel–text alignment. (c) Mask–text alignment. (d) Boundary class ambiguity.

methods rely on consistency regularization [12, 17], which enforces prediction
invariance under augmentations or perturbations. However, these approaches
depend on feature capacity, lack priors, and often yield unstable predictions
in complex regions [32]. Recent Segment Anything Models (SAM) demonstrate
that large-scale pretraining captures useful inductive biases, leading to medical
adaptations such as Med-SAM [20] and SAM-Med2D [34]. Nevertheless, visual
representations remain insufficient to distinguish anatomically similar structures.

In parallel, vision–language representation learning has shown that incorpo-
rating textual semantics can enhance visual understanding. Representative mod-
els such as CLIP [24] and BLIP [14] demonstrate that aligning visual features
with language enables context-aware alignment and effective cross-modal rep-
resentations. Inspired by these advances, textual information has been increas-
ingly explored as complementary guidance for medical image analysis, including
LViT [16], ConTEXTual-Net [13], and STPNet [26]. However, most existing ap-
proaches overlook explicit localization cues in medical text and imagery that
describe spatial positions of anatomical structures. As illustrated in Fig. 1(a),
anatomically adjacent organs such as the liver and spleen may share similar
visual appearances yet occupy distinct anatomical locations described in med-
ical textual description. Without incorporating these localization cues into vi-
sion–language alignment, features from different organs can be matched to the
same textual embedding, resulting in ambiguous cross-modal correspondence.

Current vision–language methods perform alignment at the pixel–text [24]
or mask–text [10] level via implicit attention mechanisms [7] (Fig. 1(b)). Due to
computational constraints, pixel–text alignment is typically conducted on low-
resolution features, where encoder stride and pooling blur inter-class bound-
aries and degrade fine-grained correspondence [24] (Fig. 1(c)). Furthermore,
mask–text matching yields global textual embeddings that encode holistic se-
mantics rather than localized structural cues. This global–local discrepancy in
representation granularity may introduce semantic inconsistencies and weaken
anatomical discrimination [7]. These limitations reveal a structural bottleneck:
the absence of explicit modeling of position-correlated object-level correspon-
dence in vision–language medical segmentation. Consequently, anatomically ad-
jacent structures with similar appearances remain difficult to disambiguate.
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Fig. 2. Overview of the PC-VLG, including (a) a coarse segmentation network, (b)
a visual anatomical prior branch, (c) a position-correlated cross-modal graph module,
and (d) a textual semantic prior branch. ‘L’ and ‘U’ denote labeled and unlabeled data.

Motivated by this observation, we identify two challenges: (i) leveraging lo-
calization cues in medical text to establish position-level correspondence with
visual anatomy and (ii) enabling cross-modal alignment beyond pixel–text or
mask–text matching. These limitations arise because existing vision–language
segmentation frameworks lack explicit modeling of object-level positional rela-
tions. To address this issue, we propose PC-VLG, a Position-Correlated Vi-
sion–Language Graph framework for semi-supervised medical segmentation that
establishes object-level positional correspondence between visual anatomy and
anatomical textual semantics through graph-based cross-modal alignment.

Our contributions are summarized as follows: (1) We propose PC-
VLG, which models position-correlated object-level correspondence between vi-
sual and textual representations for semi-supervised medical segmentation. (2)
We develop a Vision–Language Graph Alignment Network that represents anatom-
ical structures as graph nodes with geometry-aware relational modeling for struc-
tured cross-modal alignment. (3) Experiments on multi-object benchmarks demon-
strate consistent improvements over recent state-of-the-art methods.

2 Method

2.1 Overview of PC-VLG

The Position-Correlated Vision–Language Graph framework (PC-VLG, Fig. 2)
addresses cross-modal alignment in semi-supervised medical segmentation by
modeling positional relationships between visual and textual cues.

Given an input image, the Coarse Segmentation Network [21] (Fig. 2(a))
produces coarse predictions that provide structural cues for vision-language
alignment. Based on coarse predictions, the Vision-Language Graph Alignment
Network (VLGR-Net, Fig. 2) employs a Consistency-Aware Prompt Generator
(CAPG) [23] to extract bounding-box prompts. The prompts are encoded in the
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Visual Anatomical Prior branch (Fig. 2(b)) and fused with image embeddings
to inject pretrained anatomical knowledge for decoding. Meanwhile, VLGR-Net
incorporates a Textual Semantic Prior branch (Fig. 2(d)) to encode textual
descriptions and capture semantics. To establish position-correlated correspon-
dence, PC-VLG introduces Position-Correlated Cross-Modal Graph modules,
where anatomical structures are represented as graph nodes with visual, textual,
and positional features, while inter-object relations are modeled by geometry-
aware edges. This enables structured cross-modal alignment beyond pixel-text
alignment. During training, VLGR-Net transfers position-aware vision-language
priors to the Coarse Segmentation Network through consistency regularization.

2.2 Vision–Language Graph Alignment Network

The Vision–Language Graph Alignment Network (VLGR-Net) comprises a Vi-
sual Anatomical Prior (VAP, Fig. 2(b)) branch, a Textual Semantic Prior (TSP,
Fig. 2(d)) branch, and Position-Correlated Cross-Modal Graph (PC-CMG,
Fig. 2(c)) modules that model correspondence between anatomy and semantics.

(1) Visual Anatomical Prior Branch. The VAP branch incorporates
visual anatomical priors via Med-SAM [20], pretrained on large-scale medical
images and comprising an image encoder, a prompt encoder, and a mask decoder.
The image and prompt encoders are frozen, while the mask decoder is redesigned
with dual-branch attention to recover resolution.

Given an image xi, the Coarse Segmentation Network produces a coarse
prediction mcoarse

i , which provides region-level cues. The image is simultaneously
encoded by the frozen image encoder Φimg_enc(·) to obtain image embeddings:

si = Φimg_enc(xi). (1)

For labeled data, CAPG [23] extracts bounding-box prompts from masks and
predictions, whereas unlabeled samples use confidence-filtered predictions with
a threshold of 0.6. The generated prompts are encoded by the prompt encoder:

pi =

{
Φprompt_enc

(
CAPG(mcoarse

i , yi)
)
, xi ∈ Dl,

Φprompt_enc
(
B(mcoarse

i )
)
, xi ∈ Du.

(2)

The image embeddings si and prompt embeddings pi are fused by the mask
decoder Φmask_dec(·) to generate mask predictions:

mm
i = Φmask_dec(si, pi), (3)

thereby injecting fine-grained anatomical details from pretrained visual priors.
(2) Textual Semantic Prior Branch. The TSP branch (Fig. 3(a)) encodes

anatomical semantics from medical text to complement visual features. Textual
knowledge is collected from concept–definition pairs (ti, pi) and knowledge-graph
triplets (ti, rij , tj), where pi denotes the definition of concept ti and rij spec-
ifies the relation between ti and tj . Triplets are reformulated into relation-
augmented descriptions (e.g., (ti+rij , tj) and (ti, rij+tj)). All texts are encoded
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Fig. 3. Overview of the position-correlated cross-modal graph (PC-CMG) module.

by a BERT encoder Φtext(·) [8], pretrained on PubMed abstracts [25], yielding
domain-specific representations. Given a text sequence t (concept, definition, or
relation-augmented form), the encoder produces textual embeddings zi:

zi = Φtext(t), zi ∈ Rd, t ∈ {ti, pi, ti + rij , rij + tj}. (4)

To enforce semantic consistency, we align concept-definition and relation-
augmented embeddings using a contrastive objective. Given paired embeddings
{(zi, z′i)}Ni=1, the loss pulls matched pairs closer and separates non-matching
concepts, where N denotes the number of pairs and k indexes negative samples.

Losstext = −
1

N

N∑
i=1

[
log

exp(zi · z′i/τ)∑
k ̸=i exp(zi · z′k/τ)

+ log
exp(z′i · zi/τ)∑
k ̸=i exp(zk · z′i/τ)

]
, τ=0.07

(5)
During segmentation, a concept ti is encoded by the frozen text encoder as

ci = Φtext(ti) and mapped by a six-block transformer query decoder to obtain
qi = Φquery(ci), serving as the semantic cue for position-correlated alignment.

(3) Position-Correlated Cross-Modal Graph Module. We introduce
PC-CMG (Fig. 3(b)) to model object-level positional relationships via graph
nodes and edges derived from multi-layer visual and textual embeddings, en-
abling explicit structured graph propagation for cross-modal alignment.

PC-CMG constructs graph nodes via query-guided localization with midline-
aligned positional encoding. The VAP mask decoder and TSP query decoder are
organized into four aligned stages. At stage g, visual features s(g) ∈ RHg×Wg×dg

and semantic queries Q(g) = {q(g)c }Cc=1 are obtained, where C denotes the number
of concept classes. Nodes are derived through query-guided attention using pro-
jections W (v)

q and W
(v)
s to a shared space, with spatial index p ∈ {1, . . . , HgWg}

corresponding to coordinates (xp, yp) and satisfying
∑

p α
(g)
c,p = 1:

α(g)
c,p = softmaxp

(
(W (v)

q q(g)c )⊤(W (v)
s s(g)(p))

)
, v(g)c =

∑
p

α(g)
c,ps

(g)(p). (6)

The object centroid is (x
(g)
c , y

(g)
c )=

∑
p α

(g)
c,p(xp, yp). For laterality-sensitive

organs (e.g., left/right kidneys), a midline-aligned coordinate x̃
(g)
c = x

(g)
c − xmid

is used, where xmid denotes the anatomical midline from data. The positional
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embedding is π
(g)
c =PE(x̃

(g)
c , y

(g)
c ), with PE(·) sinusoidal encoding. Nodes are:

n(g)
c = Wvv

(g)
c +Wpπ

(g)
c +Wtq

(g)
c . (7)

PC-CMG constructs relation-aware edges under uncertainty gating. A fully
connected graph is formed. For nodes indexed by a and b, edge weights as ew(g)

ab :

ew
(g)
ab = softmaxb̸=a

(
(W (e)

q n(g)
a )⊤(W

(e)
k n

(g)
b ) +Wgg

(g)
ab +Wreab

)
· ω(g)

ab , (8)

where g
(g)
ab = ReLU

(
Wϕ[∆x,∆y, ∥∆∥2]⊤

)
encodes relative geometry with ∆x =

x̃
(g)
a − x̃

(g)
b and ∆y = y

(g)
a −y

(g)
b . W (e)

q ,W
(e)
k ,Wϕ are learnable projections, where

Er ∈ Rn×256 encodes n anatomical relations, and rab indexes the corresponding
row. The uncertainty gate is defined as u

(g)
a .

u(g)
a = − 1

log(HgWg)

∑
p

α(g)
a,p logα

(g)
a,p, ω

(g)
ab = (1− u(g)

a )(1− u
(g)
b ). (9)

PC-CMG performs graph propagation for progressive refinement. For nodes
indexed by a, message passing updates representations as Eq. 10, where Wm is a
learnable projection, and FFN(·) denotes a position-wise feed-forward network:

n(g)
a ← FFN(n(g)

a +
∑
b̸=a

ew
(g)
ab Wmn

(g)
b ). (10)

where b ̸= a indicates that self-connections are excluded from message aggrega-
tion. Refined nodes are projected back to the spatial domain:

ŝ(g)(p) = s(g)(p) +
∑
a

β(g)
a,pWon

(g)
a , β(g)

a,p = softmaxa((Wbn
(g)
a )⊤s(g)(p)). (11)

where Wo,Wn are learnable projections, β(g)
a,p denotes the node-to-pixel attention

weight between node a and location p. The updated features ŝ(g) are added to the
next-stage visual features s(g+1) and propagated to the next stage for refinement.

2.3 Progressive Consistency Learning

Given input xi with label yi, PC-VLG produces coarse and refined predictions
mc

i ,m
ref
i . Pseudo-labels are obtained by argmax(·) with detached gradients.

fCSN(xi) = argmax(mc
i ), fVLGR-Net(xi) = argmax(mref

i ). (12)

For unlabeled data, cross-branch consistency is enforced using dice loss,
whereas labeled predictions are supervised using cross-entropy and dice losses:

Lunlabel(xi) =LDice(m
c
i , fVLGR(xi)) + LDice(m

ref
i , fCSN(xi)),

Llabel(xi, yi) =LCE(m
c
i , yi) + LCE(m

ref
i , yi)

+ LDice(fCSN(xi), yi) + LDice(fVLGR(xi), yi).

(13)

The overall objective is defined in Eq. 14, where µ follows a Gaussian warm-
up schedule with µmax = 0.1 [19] to stabilize early-stage pseudo-supervision.

LTotal = Llabel + µLunlabel. (14)
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Table 1. Ablation study under 10% labeled data on datasets, using Dice for FLARE.

Dataset Baseline | VAP Branch | TSP Branch | PC-CMG Module Liver (%) Kidney (%) Spleen (%) Pancreas (%)

FLARE

✓ × × × 84.22 67.54 61.65 36.46
✓ ✓ × × 88.64 82.91 74.23 39.87
✓ ✓ ✓ × 90.81 85.37 77.16 44.09
✓ ✓ ✓ ✓ 92.73 88.02 79.59 47.38

Dataset Baseline | VAP Branch | TSP Branch | PC-CMG Module DSC (%) Jaccard (%) HD95 (mm) ASD (mm)

ACDC

✓ × × × 85.79 73.86 6.24 2.73
✓ ✓ × × 87.32 78.41 4.77 1.92
✓ ✓ ✓ × 88.49 79.26 4.15 1.58
✓ ✓ ✓ ✓ 89.55 79.98 3.30 1.06

Fig. 4. Comparison on FLARE21 (left) and ACDC (right) under 10% labeled data.
(a) Label. (b) Baseline. (c) + VAP. (d) + TSP. (e) + PC-CMG.

3 Experiments

3.1 Experimental Settings

Datasets and Evaluation Metrics. (a) FLARE21 [1] comprises 361 abdom-
inal CT scans annotated for liver, kidney, spleen, and pancreas, split into 260
scans for training, 26 for validation, and 75 for testing. (b) ACDC [4] includes
100 cardiac MR volumes annotated for right ventricle (RV), left ventricle (LV),
and myocardium (MYO). Following [28], 75 cases are used for training, 5 for val-
idation, and 20 for testing. Performance is evaluated using DSC, Jaccard index,
95% Hausdorff distance (HD95), and average surface distance (ASD).

Implementation Details. All volumes are converted to axial slices, resized
to 256× 256, and normalized to [0, 1]. Random rotation, flipping, and zooming
are used for augmentation. Med-SAM image and prompt encoders are frozen for
anatomical priors. VLGR-Net is used during training, while inference relies solely
on the coarse segmentation network [11]. The VAP decoder contains 4 stages
with 256-dimensional features and 8-head attention. PC-CMG adopts 4 graph
stages for relation-aware semantic modeling. Organ-specific textual descriptions
are derived from PubMed-based anatomical knowledge and relation triplets. The
coarse segmentation network uses SGD with learning rate 0.03, while VLGR-Net
uses AdamW with learning rate 10−4. Models are trained for 90k iterations with
batch size 4. Experiments are implemented in PyTorch on RTX 3090 GPUs.

3.2 Experimental Results

Ablation Study. Table 1 and Fig. 4 report ablation results on the U-Mamba
baseline [11]. (1) FLARE21. VAP improves Dice across organs, and TSP en-
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Table 2. Semi-supervised results on FLARE21. All comparative results are from [1].

Method
with 10% Labeled Data

Liver Kidney Spleen Pancreas Avg
DSC (%) HD95 (mm) DSC (%) HD95 (mm) DSC (%) HD95 (mm) DSC (%) HD95 (mm) DSC (%) HD95 (mm)

MT [28] (NIPS) 88.77 12.09 83.34 8.70 72.91 35.89 38.01 17.64 70.76 18.58
SASSNet [15] (MICCAI) 86.94 24.59 63.59 15.10 59.83 51.86 35.36 19.53 61.43 27.76
DTC [18] (AAAI) 87.99 21.63 83.11 18.80 66.04 32.64 35.15 19.31 68.07 23.11
UAMT [33] (MICCAI) 91.65 10.44 84.70 8.08 76.16 20.44 42.01 18.24 73.63 14.30
DUMT [29] (MICCAI) 87.28 13.23 80.47 19.21 68.23 36.17 40.18 20.77 69.04 22.35
URPC [19] (MedIA) 91.09 11.71 85.88 7.41 75.40 20.82 40.89 16.96 73.31 14.23
AAUM [1] (MIA) 90.78 10.85 87.09 9.48 78.13 18.45 45.12 15.98 75.28 13.69
PC-VLG (Proposed) 92.73 9.24 88.02 8.87 79.59 17.14 47.38 14.65 76.93 12.48

Method
with 20% Labeled Data

Liver Kidney Spleen Pancreas Avg
DSC (%) HD95 (mm) DSC (%) HD95 (mm) DSC (%) HD95 (mm) DSC (%) HD95 (mm) DSC (%) HD95 (mm)

MT [28] (NIPS) 89.82 11.04 85.15 10.89 71.87 25.70 41.55 17.94 72.10 16.39
SASSNet [15] (MICCAI) 88.41 34.01 86.19 11.89 64.11 32.28 40.25 17.16 69.74 23.84
DTC [18] (AAAI) 89.61 25.23 83.31 18.09 62.76 29.05 38.29 17.46 68.49 22.46
UAMT [33] (MICCAI) 89.54 16.60 87.92 7.83 73.07 17.91 48.34 15.66 74.72 14.50
DUMT [29] (MICCAI) 90.11 11.74 85.43 8.64 71.83 25.43 40.94 16.31 72.08 15.53
URPC [19] (MedIA) 91.02 11.16 87.91 8.47 72.06 20.66 46.03 16.33 74.26 14.16
AAUM [1] (MIA) 91.84 11.32 88.72 7.79 78.07 17.38 48.14 15.94 76.69 13.11
PC-VLG (Proposed) 93.29 9.84 89.53 7.21 79.46 16.19 49.62 14.48 77.98 11.93

Table 3. Semi-supervised results on ACDC. All comparative results are from [32].

Method with 10% Labeled Data with 20% Labeled Data
DSC (%) Jaccard (%) HD95 (mm) ASD (mm) DSC (%) Jaccard (%) HD95 (mm) ASD (mm)

UAMT [33] (MICCAI) 81.32 70.58 13.17 3.77 85.62 76.65 9.31 1.53
SASSNet [15] (MICCAI) 84.26 74.21 6.08 1.76 86.98 77.34 5.36 2.52
Tri-U-MT [28] (MICCAI) 83.71 73.99 7.54 2.73 87.04 78.09 5.62 1.63
DTC [18] (AAAI) 82.43 71.15 8.82 3.15 86.13 76.87 6.28 2.31
CoraNet [27] (MedIA) 84.17 74.08 6.18 2.41 86.32 77.03 6.45 2.21
MC-Net+ [31] (MedIA) 86.55 77.13 7.01 2.13 88.35 79.11 5.76 1.73
URPC [19] (MedIA) 84.72 74.26 5.12 1.64 87.18 78.30 5.29 1.64
PLCT [5] (MedIA) 86.48 76.73 6.69 2.32 88.26 79.07 5.84 2.13
MCF [30] (CVPR) 86.95 77.43 5.04 1.86 88.47 79.92 5.61 1.79
CAML [9] (MICCAI) 87.46 78.51 5.01 1.39 89.06 80.49 5.21 1.56
DCNet [6] (MICCAI) 87.64 78.83 4.89 1.26 89.31 80.57 4.86 1.19
PatchCL [3] (CVPR) 87.21 78.46 5.15 1.68 89.06 80.33 5.14 1.61
SC-SSL [22] (TMI) 83.14 73.31 9.47 2.63 86.52 77.81 6.73 1.86
BCP [2] (CVPR) 88.02 79.13 4.68 1.43 89.12 80.42 4.42 1.29
BoCLIS [32] (TMI) 88.96 79.72 4.23 1.21 90.10 81.11 4.14 1.06
PC-VLG (Proposed) 89.55 79.98 3.30 1.06 90.62 81.87 2.91 0.74

hances pancreas performance. PC-CMG yields gains for large and small objects.
Visual comparisons in Fig. 4 show clearer boundaries and reduced confusion
among adjacent objects. (2) ACDC. VAP and TSP improve DSC and Jaccard,
while PC-CMG reduces HD95 and ASD, validating cross-modal alignment.

Comparison with State-of-the-Art Methods. Tables 2 and 3 show that:
(1) FLARE21. PC-VLG outperforms advanced methods under the same set-
tings, indicating that position-correlated graph modeling and cross-modal align-
ment enhance anatomical consistency and boundary discrimination. (2) ACDC.
PC-VLG achieves superior accuracy and boundary precision, indicating im-
proved structural consistency through positional correspondence.

4 Conclusion

We propose PC-VLG, a position-correlated vision-language graph framework
for semi-supervised medical image segmentation. PC-VLG establishes object-
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level positional correspondence between visual anatomy and anatomical textual
semantics through graph modeling. By integrating visual anatomical priors, tex-
tual semantic priors, and geometry-aware relational modeling, PC-VLG enables
coherent cross-modal alignment beyond pixel-text or mask-text correspondence.
Experiments on multi-object datasets demonstrate that PC-VLG consistently
outperforms state-of-the-art semi-supervised segmentation methods.
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