This MICC/
by the M

ided
led

version, exce ] this watermz

M ICCAI final published version is available on SpringerLink

CDFP-Net: Cross-Modal Dynamic Fusion with
Diffusion Priors for PET-CT Tumor Segmentation

K
’

Mingin Wei®, Shanggian Wu?, Chang Xu?, Yurong Qian', Yongjun Tang?,
Jinmiao Song!, and Lei Deng!»2-*

! Xinjiang Key Laboratory of Intelligent Computing and Smart Applications, School
of Software, Xinjiang University, Urumgqi, China
2 School of Computer Science and Engineering, Central South University, Changsha,
China
leideng@csu.edu.cn
3 Department of Pediatrics, Xiangya Hospital, Central South University, Changsha,
China
* Corresponding Author

Abstract. Accurate automated tumor segmentation in PET-CT imag-
ing is critical for clinical diagnosis and radiotherapy planning. How-
ever, limited annotated data, the high computational cost of volumetric
modeling, and intrinsic physical discrepancies between metabolic PET
and anatomical CT modalities pose substantial challenges. To address
these issues, we propose CDFP-Net, a dual-stream framework that
integrates generative diffusion priors with cross-modal dynamic graph
fusion. Specifically, we employ a frozen, self-supervised pre-trained De-
noising Diffusion Probabilistic Model (DDPM) as a robust feature prior,
augmented with lightweight adapters to enhance modality-specific rep-
resentations under limited supervision. To effectively bridge cross-modal
discrepancies, we design a modality-asymmetric dynamic graph fusion
mechanism in which metabolically active PET regions act as spatial
anchors to query and aggregate complementary anatomical boundary
cues from CT. To alleviate the computational burden of full 3D pro-
cessing while preserving global semantic topology, we further introduce
a Multi-Angle Maximum Intensity Projection (MA-MIP) strategy for
efficient volumetric context modeling. Extensive experiments on three
multi-center datasets (AutoPET, HECKTOR, and PCLT20K) demon-
strate that CDFP-Net consistently outperforms state-of-the-art methods
in both accuracy and robustness, highlighting its strong potential for
precise biological target volume (BTV) delineation in clinical practice.
Source code is available at https://github.com/WeiMingin/CDFP-Net.

Keywords: PET-CT segmentation - Diffusion Model - Cross-modal Fu-
sion.

1 Introduction

Multimodal positron emission tomography-computed tomography (PET-CT)
imaging, combining the high-resolution anatomical structure of CT with the
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abnormal metabolic activity of PET, has become the gold standard for clinical
tumor diagnosis and radiotherapy planning[20]. However, achieving automated
and precise tumor segmentation still faces severe challenges|[11,21]. First, data-
sharing barriers and prohibitive expert-annotation costs lead to a scarcity of
high-quality multi-modal samples, hindering robust model generalization. Sec-
ond, conventional 3D convolutions incur massive memory overhead, and the pro-
cessing of numerous background slices inherently leads to computational redun-
dancy [11,2]. Finally, inherent inter-modal gaps and multi-centric intra-modal
heterogeneities [18,17] pose significant barriers to synergistic PET-CT feature
fusion and accurate segmentation.

Existing mainstream frameworks are mainly based on supervised learning and
are susceptible to the inherent statistical noise of PET, leading to jagged bound-
ary distortions or isolated false-positive results [4,6]. At the modality fusion level,
existing channel-wise concatenation strategies ignore the physical heterogeneity
and spatial non-homogeneity between PET and CT. Such "shallow coupling" fre-
quently triggers modal feature repulsion|2,3], causing strongly-weighted anatom-
ical structural information to overshadow weakly-weighted metabolic functional
signals, thereby limiting the depth of cross-modal synergistic representation.

To address these challenges, we propose CDFP-Net, a dual-stream archi-
tecture integrating generative diffusion priors with cross-modal dynamic graph
fusion. We employ a frozen dual-stream Denoising Diffusion Probabilistic Model
(DDPM) [8] as a feature backbone, leveraging self-supervised denoising priors for
semantic-level feature regularization. To reduce 3D computational cost while pre-
serving global context, we introduce a Multi-Angle Maximum Intensity Projec-
tion (MA-MIP) strategy [19], transforming volumetric data into semantically en-
riched 2.5D multi-view representations. Cross-modal heterogeneity is addressed
through lightweight adapters composed of Input Learnable Normalization (ILN)
and Dual-node Squeeze-and-Excitation (Dual-SE) modules. Furthermore, we de-
sign a modality-asymmetric dynamic graph fusion mechanism that enables PET-
dominant, structure-assisted cross-modal interaction. Extensive evaluations on
AutoPET, HECKTOR, and PCLT20K demonstrate consistent improvements
over state-of-the-art methods across DSC, HD95, and Recall.

Our main contributions are summarized as follows:

1. Diffusion-prior-guided representation learning for segmentation. We intro-
duce a parameter-efficient framework that transfers self-supervised diffusion
priors from a frozen DDPM backbone to PET-CT tumor segmentation via
lightweight adapters. This design enables prior-regularized feature adapta-
tion under limited supervision and improves robustness to multi-center dis-
tribution shifts.

2. Modality-asymmetric dynamic graph fusion. We propose a directed cross-
modal interaction mechanism formulated as dynamic graph message pass-
ing, where metabolically salient PET regions actively query and aggregate
complementary structural information from CT. This asymmetric formula-
tion mitigates modal feature competition and enables function-dominant,
structure-aware fusion beyond conventional symmetric concatenation.
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. Efficient 2.5D global semantic modeling via MA-MIP. We leverage MA-MIP
as a data-processing tool to preserve global topology while substantially
reducing 3D overhead for volumetric segmentation.
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Fig. 1. Overview of the proposed CDFP-Net framework. The pink, blue, and orange
regions denote the upstream pre-training process, frozen diffusion priors, and trainable
downstream modules, respectively.

2 Method

2.1 Overall Architecture

As illustrated in Fig.1, the proposed CDFP-Net is a novel dual-stream multi-
modal segmentation framework designed to leverage large-scale generative pre-
training priors to enhance the accuracy and robustness of PET-CT tumor seg-
mentation. As depicted in Fig.1(a), generative pre-training is conducted based
on a UNet architecture equipped with adapters, adding noise through a forward
diffusion process and predicting the target velocity (v-prediction). During data
preprocessing (Fig.1(b)), the 3D images are processed via multi-angle maximum
intensity projection (MA-MIP) and converted into 2.5D multi-angle projection
maps rich in global spatial semantics. In the downstream fine-tuning stage, the
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model utilizes the pre-trained and frozen dual-stream encoder for feature ex-
traction (Fig.1(c)). Subsequently, as shown in Fig.1(d), deep interaction and dy-
namic fusion of PET and CT features are achieved through graph convolutional
networks (GCN) and a cross-modal asymmetric attention mechanism. Finally,
Fig.1(e) utilizes the fused features to reconstruct the tumor regions within a
trainable decoder via multi-scale upsampling and skip connections.

2.2 Pre-training and Architectural Adapters

To balance computational efficiency and the preservation of spatial topological
information, we introduce MA-MIPs as the 2.5D input strategy. By performing
rotational projection along a specific axis with a fixed step size for PET and CT,
the maximum voxel values along the projection rays (maximum standardized
uptake value for PET and maximum Hounsfield Unit for CT) are preserved,
effectively compressing the 3D spatial structure into a series of 2D projection
maps rich in global semantics.

During the self-supervised pre-training phase, the denoising diffusion proba-
bilistic model (DDPM) is trained independently on a large corpus of unlabeled
PET and CT data. Given the original image xo and a random time step ¢,
the forward process adds Gaussian noise € ~ A(0,I) to obtain x;. To improve
the stability and convergence speed of multi-level feature learning, we employ a
pre-training loss function based on target velocity (v-prediction)[15] and signal-
to-noise ratio (SNR) adaptive weighting:

ACpTe = EXO,e,t >\t ||]:0(Xtat) - Vtarget”é (]-)

where the target velocity is defined as vigrget = v/are — /1 — @Xo, and the
time step smoothing weight is A\; = (1 + SNR(¢))~!. This objective forces the
encoder Fy to deeply capture the intrinsic data manifold of real medical images.

To enhance the perceptual capability of specific modalities without destroy-
ing the fundamental generative manifold of the diffusion model, we introduce
lightweight architectural adapters[1] during the pre-training phase.

Input Learnable Normalization (ILN): Composed of a 3x 3 convolution,
SiLU activation, and a Learnable Normalization (LearnableNorm) layer, this
module is situated at the encoder’s input stage. It aims to smoothly transition
image pixels into the diffusion model’s shallow feature space while compensating
for the physiological contrast loss induced by mandatory [—1,1] input scaling.
Given the input feature X € REXH*W 'its channel-wise normalization formula

is defined as:
9 Xc — M

X, = N\—meHe
o F fpum

where p. and af are the mean and variance in the channel dimension; A,
and d. are learnable affine parameters; and €., is a small constant utilized for
numerical stability.

Dual-node Squeeze-and-Excitation (Dual-SE): This module is embed-
ded after the data input layer and at the bottleneck layer of the encoder.

+ 6 (2)
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Given the input Z, the channel weight calibration process can be represented
as s = 0(W20(W1GAP(Z))), where GAP(-) denotes the global average pooling
operation, while o and d represent the Sigmoid and ReLU activation functions,
respectively. The shallow SE module is utilized to recalibrate low-level textures,
while the bottleneck SE module dynamically strengthens deep channels associ-
ated with high metabolism and anatomical boundaries.

2.3 Downstream Fine-Tuning and Dynamic Graph Fusion

In downstream tasks, the pre-trained dual-stream diffusion encoder remains com-
pletely frozen. Given a fixed time step t, the encoder extracts multi-scale deep
features from PET and CT, respectively. Inspired by the Cross-Modality Hetero-
geneous Graph Fusion (CMHGF) network|[23], we design a lightweight modality-
asymmetric adaptive graph fusion mechanism.

This mechanism first flattens the spatial dimensions of the bottleneck feature
maps Fp,Fo € REXHXW into N = H x W nodes to construct graph represen-
tations Vp, Vo € RV*C, Within their respective modalities, a two-layer GCN
is employed for the smooth aggregation of topological features:

VD = ReLUAVIW() ) (3)

where A is the adjacency matrix dynamically learned by calculating the
similarities between nodes. Subsequently, non-local cross-attention is utilized to
complete the heterogeneous interaction. The enhanced PET nodes are projected
as the query matrix Q = v pW g, and the corresponding CT nodes are projected
as the key K = VCWK and value V = \N/'CWV. The cross-modal feature
reconstruction is formulated as follows:

T

K
V eross = Softmax (Q) VW ut (4)
Vdy

This operation explicitly prompts the highly metabolic PET signals to serve
as spatial anchors, actively querying the anatomical boundaries within the CT
modality. Finally, the fused graph features are mapped back to the image space
and residually added to the original PET bottleneck features:

F tyseqa = Reshape(Veross) + Fp (5)

The network is optimized via backpropagation by minimizing the joint loss
Lseg = MLss+AoLFocal, Where Lgg is a spatially standardized hard-mining loss
adapted from Purma et al.[13]. This loss explicitly forces the network to focus
on highly heterogeneous and difficult-to-segment tumor regions by dynamically
weighting the standard voxel-wise cross-entropy (Lcg). Specifically, we compute
an absolute error map e = |e; —ey|, where e; and es are the spatially standardized
ground truth and prediction, defined as e,, = (x—p,+C)/(0,+C) with a stability
constant C' = 0.01. To perform hard mining, a binary mask f = I(e > 0.1 €,42)
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isolates pixels exceeding 10% of the batch maximum error e,,,,. Lss is then

computed as: = )
_2(e-f-Lck
Los= =<5 (6)

Synergizing Lgs with L pocq efficiently handles extreme class imbalance while
strictly penalizing boundary prediction errors, realizing a comprehensive opti-
mization.

3 Experiments and Results

3.1 Datasets and Preprocessing

Datasets. We evaluate the proposed method on three public datasets. Au-
toPET|5] contains 1,014 3D whole-body PET-CT scans covering melanoma,
lymphoma, and lung cancer, with a balanced distribution of positive and negative
samples. HECKTOR|14] aggregates approximately 1,200 3D registered images
from 11 different centers, focusing on the segmentation of primary oropharyn-
geal cancer lesions and lymph nodes in the head and neck. PCLT20K]|12] is a
2D lung tumor PET-CT dataset consisting of 21,930 pairs of slice data from 605
patients. We adopt patient-level partitioning to prevent data leakage.

3.2 Implementation Details and Metrics

Implementation. CDFP-Net is implemented in PyTorch and trained on a sin-
gle NVIDIA RTX A6000 (48GB) GPU. The Adam optimizer is used with an
initial learning rate of 10~°. The total diffusion timesteps are set to 7" = 1000,
while the timestep for feature fusion is empirically fixed at t = 50. Evaluation.
Segmentation performance is quantitatively evaluated using the Dice Similarity
Coefficient (DSC), the 95% Hausdorff Distance (HD95), and Recall.

3.3 Quantitative and Qualitative Segmentation Results

We compared CDFP-Net with seven baseline and SOTA methods across three
datasets. Table 1 presents the comprehensive evaluation results.

Quantitative Analysis. Table 1 demonstrates that CDFP-Net achieves the
best average performance across all datasets (DSC: 0.7583, HD95: 19.41 mm,
Recall: 0.8334). While nnUNet shows competitive HD95 scores on AutoPET, its
performance fluctuates significantly across different datasets. In contrast, CDFP-
Net maintains superior robustness across diverse anatomical regions.

Qualitative Evaluation. Fig. 2 compares CDFP-Net with representative
state-of-the-art methods on three challenging HECKTOR cases. Overall, CDFP-
Net yields more complete delineations with fewer false positives and false nega-
tives, resulting in higher Dice scores. Row 2 illustrates a particularly difficult case
with extremely low PET tracer uptake. Competing methods under-segment the
tumor (e.g., SWinUNETR, DSC = 0.52), whereas CDFP-Net achieves a DSC



CDFP-Net for PET-CT Tumor Segmentation 7

Table 1. Comparative experimental results on three datasets. The unit for HD95 is
millimeters (mm), and DSC and Recall are reported as percentages (%). Best and
second-best results are bold and underlined.

Method AutoPET HECKTOR PCLT20K

DSCT HDY95] Recallf|DSCT HD95] Recallt|DSCT HD95] Recall
nnUNet[10] | 62.34 14.34 78.07 |68.05 10.56 76.20 |77.91 53.98 87.40
SwinUNETR([7]|51.43 74.77 44.53 |65.69 12.22 70.83 |80.56 46.17 85.34
STU-Net[9]  |57.70 71.40 78.84 |67.45 18.75 77.55 |57.25 63.84 55.52
UNETR~++[16]46.38 97.15 70.74 |67.46 19.60 76.54 |81.66 54.29 83.02
MedCoSS[22] |53.55 43.42 79.97 [63.82 22.31 75.52 |31.38 66.18 33.77
CTPA[12] 55.49 10.48 72.67 |68.68 16.52 78.33 |76.15 40.88 77.57
AAHN[23] 61.63 38.19 78.67 |65.84 20.05 69.42 |74.02 80.17 72.20
CDFP-Net [63.33 18.47 84.14 |78.44 8.26 79.72 |85.72 31.51 86.16

of 0.89 and produces a more continuous boundary. This improvement can be
attributed to the modality-asymmetric fusion mechanism, which enables PET-
guided aggregation of complementary CT structural cues, and the diffusion priors
that enhance morphological consistency in low-contrast regions. These findings
are consistent with the ablation results in Sec. 3.4 and are relevant for reliable
Biological Target Volume (BTV) delineation.

CT CDFP-Net(ours) nnUNet SwinUNETR STU-Net UNETR++ MedCoSS CIPA AAHN

0.86 0.70 0.67 0.72 0.72 0.65 0.73
vad
.

0.74
® ]
0.7 0.67 0.65 0.68 0.66
t- ‘d ‘a k‘

Fig. 2. Visual comparison of our method against SOTA on three sample cases from
the HECKTOR dataset. Green: true positive; Red: false positive; Blue: false negative.
The numbers denote the corresponding Dice scores.

3.4 Ablation Study

Ablation experiments were conducted on the HECKTOR dataset to evaluate
the core architectural designs and hyperparameter settings of CDFP-Net.

Components and Pre-training. Table 2 demonstrates that utilizing diffu-
sion pre-training (Diff-Base) improves the DSC by 5.38% compared to training
from scratch. Integrating the ILN layers and Dual-SE adapters (Proposed Full)
yields the optimal results (DSC: 78.44%, HD95: 8.26 mm), validating the efficacy
of our lightweight adaptation strategy.
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Table 2. Ablation study on pre-training strate- Table 3. Ablation study on fixed

gies and architectural adapters. downstream time steps t.
Model ILN! Dual-SE? DSC (%) 1 HD95 | t DSC (%) 1+ HD95 |
Scratch — — 65.99 24.48 0 75.92 11.98
Diff-Base X X 71.37 16.52 50 78.44 8.26
+ ILN v X 77.34 9.70 100 75.28 13.55
+ Dual-SE X v 77.47 9.37 200 70.47 17.80
Full v v 78.44 8.26 400 63.56 31.69

L ILN: Input Learnable Normalization;
2 Dual-SE: Dual-node SE.

Fusion and Modality Interaction. (1) Guidance: Setting the Query to
PET (Q = PET) and the Key/Value to CT (K, V = CT) outperforms the reverse
configuration (Table 4(a)). This confirms our hypothesis that highly metabolic
PET signals should serve as the primary functional "anchor," while CT provides
the necessary geometric "constraints." (2) Strategy: As shown in Table 4(b),
our modality-asymmetric graph-based fusion surpasses traditional Concatena-
tion and Addition strategies in capturing long-range dependencies and refining
boundary details.

Timestep Sensitivity. As depicted in Table 3, setting the diffusion timestep
to ¢t = 50 achieves an optimal balance between abstract semantic features and
precise structural details. Increasing the timestep beyond ¢ = 100 introduces
excessive Gaussian noise, leading to a sharp degradation in the HD95 metric.

Table 4. Ablation study on cross-modal fusion strategies. (a) Multi-modal Guidance
strategies, where Q and K,V denote the Query and Key/Value modalities. (b) Fusion
methods.

Aspect Method DSC (%) 1 HD95 (mm) | Params (M)
PET-only 75.31 12.16 49.02

(a) Guidance Q=CT, K,V=PET  77.36 10.06 86.64
Q=PET, K,V=CT 78.44 8.26 86.64
Concat. 76.58 9.97 84.64

(b) Fusion  Add. 76.02 10.20 84.37
Graph 78.44 8.26 86.64

4 Conclusions

We proposed CDFP-Net, a dual-stream framework for PET-CT tumor segmenta-
tion that integrates diffusion-prior-guided representation learning with modality-
asymmetric dynamic graph fusion. A frozen DDPM backbone with lightweight
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adapters enables prior-regularized feature adaptation under limited supervision,
while the MA-MIP strategy provides efficient 2.5D global semantic modeling to
reduce 3D computational cost. The directed cross-modal graph mechanism fur-
ther promotes PET-guided aggregation of complementary CT structural cues,
improving boundary consistency. Experiments on three multi-center datasets
(AutoPET, HECKTOR, and PCLT20K) show consistent improvements over
strong baselines across standard metrics, demonstrating the robustness and gen-
eralizability of the proposed approach.
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