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Abstract. Segmentations of hepatic vessels, Couinaud segments, and
tumors are crucial for precision liver surgery. Existing methods mostly
handle them independently, without exploiting their correlation in the
segmentations. We propose UniLiver, a unified model for multi-target
hepatic segmentation. Specifically, we introduce Multi-Target Gradient-
Conditioned Adapter (MTGCA) to resolve the optimization conflicts.
By this new means, we address the morphological variations in differ-
ent hepatic targets and allow the shared encoder to serve each target
with minimized mutual degradation. In addition, to handle vast scale
and shape disparities among liver anatomical data, we design Target-
Aware Spectral-Spatial Encoding (TA-SSE) to modulate spatial posi-
tional cues as per target geometric demands. Further, we present VCT
Sequential Denoising (VCT-SD) to progressively refine predictions fol-
lowing the anatomical hierarchy from vessels to segments and tumors.
Evaluated on the composite LiTS and MSD8 datasets, UniLiver achieves
consistent improvements over state-of-the-art methods for specific hep-
atic targets, confirming its compelling performance of jointly modeling
the anatomical dependencies for precision liver surgery. Code is available
at https://github.com/YueQiu0911/UniLiver.

Keywords: Unified model - Hepatic vessel segmentation - Couinaud
segmentation - Liver tumor segmentation

1 Introduction

Automated analysis of hepatic anatomy is crucial for surgical planning, re-
quiring simultaneous delineation of hepatic vessels, Couinaud segments, and
tumors [20,12,13,22]. Anatomically, these structures are interlinked: the vas-
cular topology physically defines the functional liver segments (i.e., Couinaud
segments), which in turn serve as the spatial containers for potential lesions
[18,5,15,23]. However, existing medical AT models predominantly delineate these
liver anatomical structures as independent segmentation targets, neglecting the
structural synergies inherent in anatomical hierarchy. Usually, vessel segmen-
tation [17,29,14,28,7] and tumor segmentation methods [11,27] overlook the
vascular-segmental priors that could narrow the tumor search space. Although
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recent studies attempt to incorporate vascular constraints for Couinaud segmen-
tation, they typically rely on static ground-truth masks or separate preprocessing
steps, preventing the two targets from mutually refining each other [30,31,6].

In this work, we propose UnilLiver, a comprehensive unified model that fun-
damentally rethinks multi-structure hepatic segmentation not as a disparate
collection of independent objectives but as a deeply interconnected physiologi-
cal system. To achieve this, we leverage a joint representation learning strategy.
By employing a shared backbone to extract common morphological features,
UniLiver minimizes the redundant computation inherent in deploying multiple
target-specific encoders. However, naively aggregating these heterogeneous ob-
jectives often leads to task interference and optimization instability: for example,
the high-frequency features required for fine-grained vessel segmentation may
conflict with the low-frequency, region-level context of volumetric segment delin-
eation, causing gradient inconsistencies during backpropagation. Unlike typical
joint learning architectures that employ static target weighting or shared-private
encoder splits [24,21], we introduce Multi-Target Gradient-Conditioned Adapter
(MTGCA) to resolve target interference by conditioning shared feature adap-
tation on inter-target gradient coherence. Particularly, our MTGCA maintains
a per-target gradient bank and applies orthogonal decomposition to isolate the
conflicting gradient component for each target at every training step, using this
signal to adaptively correct the feature modulation parameters so that cooper-
ative gradients are maintained while conflicting ones are suppressed.

To handle the vast morphological disparities among different liver anatom-
ical targets, we design Target-Aware Spectral-Spatial Encoding (TA-SSE) that
learns spectral filtering with multi-scale spatial encoding. This design is uniquely
target-adaptive: a semantic embedding dynamically regulates positional cues, en-
hancing coordinate awareness for anatomically consistent structures (e.g., ves-
sels) while suppressing it for location-invariant targets like tumors. Furthermore,
we propose VCT Sequential Denoising (VCT-SD) to progressively refine predic-
tions following the anatomical hierarchy. Specifically, our VCT-SD performs mul-
tiple refinement steps with directed cross-attention that propagates structural
cues along the anatomical dependency chain, i.e., from vessels to segments and
from both to tumors, allowing each segmentation target to capture increasingly
refined geometric priors from their anatomical predecessors. To comprehensively
evaluate the effectiveness of our proposed method, we conduct qualitative and
quantitative evaluations on two most widely-used liver benchmarks, LiTS [2] and
MSD8 [26], and compare against strong baselines and state-of-the-art methods.

2 Methodology

As Fig. 1 shows, UniLiver integrates MTGCA, TA-SSE, and VCT-SD into a
DynUNet backbone [9]. In general, MTGCA mitigates multi-target optimization
conflicts, TA-SSE extracts target-adaptive features, and VCT-SD progressively
refines predictions following anatomical hierarchy.
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Fig.1. (a) The overview of our UniLiver for multi-target hepatic segmentation (b)
Multi-Target Gradient-Conditioned Adapter (MTGCA), (c¢) Target-Aware Spectral-
Spatial Encoding (TA-SSE), and (d) VCT Sequential Denoising (VCT-SD). The frame-
work employs an enhanced encoder-decoder backbone with MTGCA for adaptive multi-
target feature modulation, TA-SSE for spatial-aware target embedding, and VCT-SD
for iterative cross-target feature refinement via sequence cross-attention.

2.1 Multi-Target Gradient-Conditioned Adapter

For multi-target hepatic segmentation, the shared encoder is expected to im-
plicitly represent the context of vascular boundaries, segmental regions, and
tumor textures. These structurally distinct targets impose competing feature
demands: for instance, capturing thin vessels requires the encoder to sharpen
high-frequency edge responses, while delineating Couinaud segments requires it
to maintain smooth regional consistency at the same layers, causing the shared
parameters to oscillate between conflicting or compromised optimization direc-
tions. Conventional learning strategies rely on fixed or globally re-weighted tar-
get balancing, which cannot resolve such layer-wise varying conflicts. To address
this, we propose the Multi-Target Gradient-Conditioned Adapter (MTGCA),
which applies inter-target gradient coherence to condition feature modulation
at each encoder stage, dynamically maintaining cooperative gradient directions
while redirecting conflicting ones.

Formally, let VyL; € RP denote the gradient of target ¢ with respect to
shared parameters 6. We project these gradients onto a compact d-dimensional
subspace using a random projection matrix P € RP*¢, and maintain a Gradient
Bank B = {g;}~, storing the projected gradients for all n targets:

g = PTVQEt € Rd. (1)

From the Gradient Bank, we construct a target affinity matrix A € R"*™ where
each entry a; ; = (g;,8;) represents the cosine similarity between normalized



4 Y. Qiu et al.

gradients g; = g;/|/g:||2. The conflict vector for target ¢ is extracted as the t-th
row of the affinity matrix: ¢; = A;. € R", encapsulating the relational structure
between target ¢ and all other targets. We then integrate c; for an extended
feature-wise linear modulation. Given a feature tensor F € REXCXDXHXW gy q
target embedding e; € R%, the modulation is computed as:

F' = (1+y(er, i) ©F + Bi(er, cp), (2)

where the scale and shift parameters are decomposed as v, = 7™ + &4 and

By = B + B2 with [y, gsem] = ¢(e,) capturing semantic target iden-
tity, and [y, 829 = ¢(c;) encoding gradient-derived relational signals. This
decomposition enables the proposed adapter to enhance edge-sensitive features
when vessel gradients dominate, smooth regional responses guided by segment
gradients, and preserve texture-discriminative cues driven by tumor gradients.
As a result, the shared encoder is exploited to serve all three hepatic segmenta-

tion targets without mutual compromise.

2.2 Target-Aware Spectral-Spatial Encoding

In volumetric medical imaging, hepatic structures such as vessels, Couinaud
segments, and tumors exhibit distinct characteristics across both spatial and
frequency domains: vessels appear as elongated tubular patterns with specific
spatial continuity; Couinaud segments are defined by their anatomical posi-
tions relative to hepatic veins; and tumors present as localized lesions requir-
ing precise boundary delineation. Existing encoder-decoder architectures usu-
ally operate in the spatial domain, overlooking the rich spectral information
that can help distinguish spatially similar yet semantically distinct regions. To
bridge this gap, we propose Target-Aware Spectral-Spatial Encoding (TA-SSE),
a module that jointly models spectral characteristics and positional informa-
tion at multiple scales of the network. Given an encoder output feature map
F ¢ RBXCOXDxHxW "TA_SSE produces enhanced representations through the
integration of frequency-domain filtering and positional awareness:

F:F+aQW(F)Jr@#)(F,et,’Y(P))a (3)

where G,(F) = F~! (]:(F) @Zszl rkW£k>) denotes spectral filtering with

learnable complex-valued filter banks ng) € C, input-adaptive routing weights
r = [r1,...,7x]" € RX and the 3D Fast Fourier Transform (FFT) F. The
spectral filtering term enables the network to selectively enhance or suppress
frequency components based on semantic content. The positional term employs
Fourier feature mapping (p) to encode 3D coordinates p = (z,y, 2) € [-1,1]3
into high-dimensional sinusoidal representations. Notably, the contribution of po-
sitional encoding is dynamically weighted by target embedding e;, allowing the
network to learn target-specific reliance on spatial information: vessel segmenta-
tion benefits from stronger positional cues to maintain tubular continuity, while
tumor detection may rely more on local appearance than absolute location. We
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apply TA-SSE hierarchically at encoder skip connections with frequency-domain
filtering, and at the bottleneck with additional multi-scale dilated convolutions,
ensuring that both fine-grained local patterns and global structural context are
effectively captured.

2.3 VCT Sequential Denoising

The target-specific feature maps produced by the backbone modules inevitably
involve prediction noise arising from the entanglement of multiple correlated
anatomical structures within a shared representation space. To mitigate this,
we introduce a VCT Sequential Denoising (VCT-SD) module that progressively
enhances target-specific representations through structured inter-target interac-
tions over multiple refinement steps.

Central to our formulation is the observation that the three target struc-
tures, i.e., vessel V', Couinaud segments C, and tumor 7', are associated by a
directed anatomical dependency: vessel topology defines Couinaud segment par-
titioning, while both vascular proximity and segmental identity are associated
with tumor localization. We encode this hierarchy as a directed acyclic graph
G = (V,&), where V = {V,C, T} denotes the target nodes and £ = {V —
C, C = T, V — T} encodes directed conditioning edges. Each edge is in-
stantiated as a cross-attention block in which the downstream target queries
structural cues from the upstream target: i.e., Couinaud features leverage vessel
features to perceive branching topology, and tumor features leverage both vessel
and segment features to incorporate vascular proximity and segmental context.
The three anatomical segmentation pathways are operated in topological order,
ensuring that vessel representations are refined first, while subsequent segmen-
tation targets progressively incorporate enriched structural priors.

Practically, the refinement unfolds over S iterative steps, each conditioned
on a sinusoidal step embedding e, that encodes the current stage, allowing the
module to apply coarse corrections in early steps and fine-grained adjustments
in later ones. Formally, the single-step update is:

(s+1) _ g(s) () g . _ 1.
IS Y AHJ(F]. , F! e) s=0.1..,5-1 (g
i (i—j) €E
where A;_,; is a cross-attention block in which target j attends to target i.

Upon completion of S steps, the enhanced features Fg), F(C?), ngS) are projected

through target-specific output layers and forwarded to the segmentation heads.

3 Experiments

3.1 Experimental Setup

To validate the effectiveness of UniLiver, we utilize the LiTS [2] and MSD8 [26]
datasets for hepatic vessel, tumor, and Couinaud segmentation targets. Both
datasets are randomly split into training and testing sets with a ratio of 8:2. In
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Table 1. Quantitative comparisons of three hepatic segmentation targets. UniLiver
(Single) is trained on a single dataset, while UniLiver (Multi) is trained on the combined
two datasets. Red denotes the best, and orange denotes the second best.

Target 1: Couinaud Segmentation

LiTS Dataset MSDS8 Dataset

Method

Dicet ACCYt ASD/] Dicet ACCYt ASDJ]
3D UNet [4] 74.91 63.06 1.9598 88.31 79.29 1.8299
Swin UNetR [8] 73.53 62.36 1.5375 85.33 74.79 0.9309
Dual-Atten [10] 79.43 68.05 1.6914 85.75 75.43 1.0271
UNetR++ [25] 79.27 67.90 1.0781 88.59 79.17 1.1180
APVN [30] 88.98 80.59 2.9741 89.56 81.33 1.7776
UniLiver (Single) 90.15 82.21 0.6285 89.83 81.85 0.7310
UniLiver (Multi) 91.15 83.88 0.3470 90.07 82.21 0.7469

Target 2: Vessel Segmentation

Method LiTS Dataset MSDS8 Dataset

Dicet VOE| ASSD| HD95, Dice} VOE| ASSD| HD95,
TransFusionNet[19] 54.17 60.12 4.6603 21.26 57.73 57.96 5.3986  26.10

VesselFM [28] 55.49 60.46 3.1734 19.04 56.08 60.32 3.6045  19.19
3D UNet|[4] 60.67 54.52 4.8852  25.68 63.66 50.81 5.6512  33.39
MFSNet [1] 56.03 59.58 4.8485  26.17 64.90 51.13 4.6503  25.46
LSFNet [7] 64.62 51.18 4.5359  23.84 60.74 54.72 6.3835 34.24

UniLiver (Single) 69.18 46.68 1.2917 10.63 67.48 48.66 2.0121 16.33
UniLiver (Multi) 69.15 46.71 1.2672 10.61 67.57 48.54 1.9111 15.22

Target 3: Tumor Segmentation

LiTS Dataset MSDS8 Dataset

Method

G-Dice? C-Dicet VOE| G-Dicet C-Dicet VOE|
TransUNet [3] 74.07 44.88 64.86 76.04 47.46 49.75
nnUNet [9] 74.65 54.59 62.04 72.56 44.87 57.92
RollingUNet [16] 72.67 42.50 67.86 77.11 50.42 54.31
TexLiverNet [11] 80.20 64.23 52.98 76.21 64.45 51.45
SBCNet [27] 82.13 65.44 51.97 77.72 67.12 49.49
UniLiver (Single) 78.54 69.54 48.60 80.23 69.35 48.71
UniLiver (Multi) 83.86 69.68 47.46 80.56 71.82 45.07

addition to the standard evaluation on each benchmark, we also report results
under a joint-training setting, where we train a unified model on the combined
training splits of both datasets and test on each dataset respectively. All ex-
periments are conducted on a single NVIDIA RTX 4090 GPU using PyTorch.
For fair comparisons, we train and test all comparison methods with the same
experimental settings and configurations. We adopt a DynUNet backbone [9] ini-
tialized with pre-trained VesselFM weights [28]. We apply the AdamW optimizer
with an initial learning rate of 2 x 1075, coupled with a step decay strategy that
reduces the learning rate by a factor of 0.2 every 5 epochs. The training batch
size and epochs are set to 2 and 150 respectively. We apply the combination of
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Fig. 2. Qualitative comparison of three hepatic segmentation targets. For tumor and
vessel segmentation, green indicates correct predictions, red denotes incorrect predic-
tions, and yellow marks missed regions.

Dice and Cross-Entropy losses for the three segmentation targets. Empirically,
we set the target loss weights to Ayesser = 1.0, Atumor = 3.0, and Acouinaua = 1.0
to balance the optimization.

3.2 Comparison with State-of-the-art Methods

Couinaud Segmentation. As shown in Tab. 1, UniLiver achieves a Dice of
91.15% on LiTS, surpassing APVN [30] by 2.17%, along with the lowest ASD of
0.3470 mm. As illustrated in the first row of Fig. 2, UniLiver produces segment
boundaries that most closely align with the ground truth, whereas competing
methods such as SwinUNETR [8] and Dual-Atten [10] exhibit noticeable segment
misclassification and fragmented inter-segment boundaries.

Vessel Segmentation. UniLiver consistently outperforms all compared meth-
ods across both datasets. Compared to the LSFNet [7], our framework improves
Dice by 4.53% on LiTS and reduces HD95 from 23.84 mm to 10.61 mm, sug-
gesting improved recovery of distal vessel branches that are typically difficult to
segment, as illustrated in the third row of Fig. 2, where UniLiver faithfully recov-
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Table 2. Ablation Study of key modules. The best results are highlighted in bold. M,
T, and S denote the MTGCA, TA-SSE, and VCT-SD modules, respectively.

Mod. Couinaud Vessel Tumor
M T S Dicet ACCt ASD] Dicet VOE| ASSDJ] HD95] G-Dicet C-Dicet VOE|

87.95 78.82 0.567 66.52 49.48 1.487 11.89 75.81  54.12 58.42
v 88.89 80.33 0.539 68.01 48.00 1.506 12.76 78.18 63.99 53.77
v v 89.32 80.95 0.480 68.37 47.57 1.414 11.83 79.29 66.76 51.52
v v v 91.15 83.88 0.347 69.15 46.71 1.267 10.61 83.86 69.68 47.46

LiTS

® 87.05 77.55 1.049 67.00 49.23 1.961 14.37 68.98 61.09 49.23
a v 87.88 78.73 1.010 67.39 48.80 1.916 14.56 69.86 57.18 60.78
= a's 88.13 79.25 0.918 67.56 48.74 1.968 15.38 72.99  65.28 52.64

v v v 90.07 82.21 0.747 67.57 48.54 1.911 1522 80.56 71.82 45.07

Table 3. Ablation of Spatial and Spectral components in TA-SSE on LiTS dataset.

TA-SSE Couinaud Vessel Tumor
Tspe Tspa Dicet ACCT ASD] Dicet VOE| ASSD] HD95| G-Dicet C-Dicet VOE|
v 90.27 82.39 0.5855 68.94 47.51 1.2765 10.6591 75.92 68.16 49.85

v’ 89.65 81.68 0.4041 69.09 47.39 1.2773 10.6628 79.66 62.55 55.10
v v 91.15 83.88 0.3470 69.15 46.71 1.2672 10.6111 83.86 69.68 47.46

ers fine peripheral branches while other methods either miss them entirely (e.g.,
MFSNet [1]) or introduce substantial false positives (e.g., TransFusionNet [19]).
Tumor Segmentation. UniLiver achieves the best performance in both Global
Dice (G-Dice) and Per-Case Dice (C-Dice). On the MSDS8 dataset, our model
reaches a G-Dice of 80.56% and a C-Dice of 71.82%, outperforming the recent
SBCNet [27] by 2.84% and 4.70%, respectively. The notable gain in C-Dice indi-
cates more consistent detection across individual patients, including challenging
cases with small or multiple lesions. As shown in Fig. 2, UniLiver correctly iden-
tifies nearly all tumor regions, whereas methods such as TransUNet [3] exhibit
large missed regions, and RollingUNet [16] produces scattered false positives.

3.3 Ablation Study

To evaluate our modules, we conduct ablation studies on LiTS and MSDS
(Tab. 2) against a vanilla multi-target DynUNet baseline. Introducing MTGCA
brings Couinaud Dice, G-Dice, and C-Dice improvements of 0.94%, 2.37%, and
9.87% on LiTS. Further integrating TA-SSE reaches 89.32% Couinaud Dice and
reduces vessel ASSD to 1.414 mm. Finally, incorporating VCT-SD achieves the
best overall metrics, notably yielding substantial tumor C-Dice improvements of
15.56% and 10.73% over the baseline on LiTS and MSDS.

Furthermore, Tab. 3 explicitly ablates the spectral (Tsp,.) and spatial (Tspq)
branches of TA-SSE on the LiTS dataset. Their combination synergistically ag-
gregates frequency-domain contexts and fine-grained spatial details, exhibiting
complementarity over individual branches. This unified design boosts Couinaud
Dice to 91.15%, vessel Dice to 69.15%, and tumor G-Dice to 83.86%.
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4 Conclusion

In this work, we propose a unified hepatic segmentation framework with three
core components: MTGCA dynamically modulates features based on gradient
coherence, TA-SSE adaptively fuses spectral-spatial representations to handle
morphological disparities, and VCT-SD progressively enforces anatomical hier-
archy through iterative refinement. Extensive experiments on LiTS and MSDS8
datasets demonstrate state-of-the-art performance across all three targets. In fu-
ture work, we aim to scale UniLiver with larger and more diverse liver imaging
datasets to develop a foundational model for comprehensive hepatic anatomical
segmentation.
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