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Abstract. Deep learning-based survival analysis with the Cox propor-
tional hazards loss is challenged in 3D medical imaging due to GPU mem-
ory constraints, which enforce small mini-batches and thus yield an insuf-
ficient risk set and noisy optimization. To address this issue, we propose
a Momentum-Contrastive Survival Framework (MCSF) that maintains a
momentum-updated virtual cohort bank, decoupling the effective risk set
size from the mini-batch size and enabling a larger global risk pool across
iterations. Beyond enlarging the risk pool, we introduce a time-aware
ranking objective that explicitly leverages event-time information: each
event sample serves as an anchor and is compared against other event
samples with temporal proximity-based weighting, providing a more sta-
ble and informative ranking signal than batch-limited Cox optimization.
MCSF can be seamlessly integrated with various 3D backbones for end-
to-end learning. Experiments on Breast and Head & Neck cancer cohorts
demonstrate consistent improvements, achieving C-indices of 0.716 and
0.654, respectively, outperforming strong baseline backbones and high-
lighting the robustness of MCSF for 3D PET-CT survival prediction.
Code is available at https://github.com/XinglongLiang08/MCSF.

Keywords: Survival Analysis - Momentum Contrast - PET-CT.

1 Introduction

Positron emission tomography/computed tomography (PET-CT) plays a central
role in modern oncology by coupling anatomical context with tumor metabolism,

* Corresponding author
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most commonly through FDG uptake patterns [6, 5]. Beyond diagnosis and stag-
ing, FDG PET-CT has demonstrated substantial prognostic value across mul-
tiple cancers, including breast cancer [20,15], Head & Neck cancer [1], lung
cancer [10] and lymphoma [18]. Most of these approaches rely on predefined
parameters, particularly metabolic metrics such as MTV, TLG, and SUVmax;
however, such predefined parameters may lead to information loss, parameter
selection bias, and an inability to capture complex spatial relationships and
high-level semantic features [17,15]. These limitations highlight the need to de-
velop more robust imaging-driven risk representations that can directly leverage
large-field PET-CT volumes to support individualized risk stratification.

Among deep survival approaches, CoxPH-based (Cox proportional hazards)
objectives remain a popular choice because they naturally handle right-censoring
and focus on risk ranking rather than explicit time discretization [4,12]. The
Cox partial likelihood for an observed event at time t; compares the patient’s
predicted risk against a risk set R; containing all individuals still at risk at ¢;.
This “global” comparison is exactly what makes CoxPH effective—but it also
creates a practical bottleneck in 3D medical imaging. Training 3D backbones
on volumetric data is GPU-memory intensive. In such small-batch regimes, the
effective risk set inside each iteration becomes severely under-sampled, weakening
the ranking signal and amplifying gradient noise. This mismatch between the
global nature of Cox partial likelihood and the local nature of small mini-batches
affects consistency and asymptotic variance {13, 23].

A straightforward response is to increase batch size, yet this is typically infea-
sible for whole-body 3D PET-CT because scans cover a large anatomical field-
of-view with high-resolution volumetric data from two co-registered modalities,
resulting in massive voxel counts and GPU-memory footprints that constrain
training to very small mini-batches; gradient accumulation is often ineffective
because it does not increase the risk-set size. Moreover, lesions are often spa-
tially dispersed, so aggressive downsampling, cropping, or patching can miss
relevant disease burden and patient-level context, undermining the capture of
global risk signals. Alternative strategies include time-discretized models [22] or
approximations to the Cox loss [14, 13]; however, discretization may introduce
binning bias and additional design choices, while approximations can still suffer
when batch diversity is low. Therefore, an effective solution should expand the
risk pool seen by each event while maintaining the memory footprint compatible
with 3D training.

In this work, we propose the Momentum-Contrastive Survival Framework
(MCSF), a mechanism designed to decouple survival objective optimization from
mini-batch size constraints. Inspired by momentum-contrastive learning [7, 3],
MCSF maintains a Virtual Cohort Bank (VCB) across iterations to construct
a large global risk pool. Instead of restricting each event’s comparison to the
current mini-batch, we compute the Cox ranking term against a substantially
larger set formed by this bank. To address the critical issue of "feature drift"
when reusing historical data, we employ an Evolving Reference Encoder that
produces slowly evolving representations, stabilizing the relative risk ordering
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required for survival analysis. Our framework is model-agnostic and can be inte-
grated with common 3D backbones for end-to-end PET-CT survival prediction.
Furthermore, to reduce noisy comparisons introduced by the enlarged VCB, we
incorporate a time-aware weighting mechanism that assigns higher weights to
pairs with larger survival time differences, thereby mitigating the noise from
pairs with indeterminate or proximal outcomes. This allows the model to learn
robust global risk stratifications even when training with extremely limited batch
sizes. The workflow is shown in Fig. 1.

The primary contributions of this work are as follows: (1) We identify the
small-batch bottleneck in 3D PET-CT survival learning and motivate a VCB
to approximate the global Cox risk set, alleviating under-sampled comparisons
and noisy gradients. (2) We introduce a time-aware weighted ranking objective
to downweight ambiguous pairs, enabling reliable global risk ordering. (3) We
demonstrate robust gains across clinically relevant breast cancer and Head &
Neck survival prediction tasks, highlighting a practical path toward stable and
scalable 3D imaging-based risk modeling.

Inference i i i i
5 0(1 High Risk
[ —_— Cox Loss o
H_J @ Risk score ﬁ] ﬁ @
= Main Current Cohort Low Risk
o
= Encoder ! Warm-Up O
o ' o | Event anchor i
z g1 = Y (sistiyes = 1)
2 3 | T 5 Optimization
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Fig.1: Overview of the proposed Momentum-Contrastive Survival Framework
for 3D PET-CT survival prediction. A main encoder extracts current-cohort
features, while an evolving reference encoder is updated by momentum to gen-
erate stable representations stored in a virtual cohort bank. The merged current
cohort and virtual cohort bank form an enlarged risk pool for survival ranking,
where a time-aware weighting mechanism downweights ambiguous pairs and im-
proves robust global risk stratification under small mini-batches.
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2 Methodology

2.1 Problem Definition and the Small-Batch Challenge

Let D = {(X;, t;, e;)}}¥, denote a dataset of N patients, where X; € REXPxHxW
represents the 3D PET-CT volume, t; € RT is the observed time, and ¢; € {0,1}
is the event indicator (e; = 1 denotes an event occurrence, e.g., death /recurrence;
e; = 0 denotes censoring). The goal of a deep survival model fp is to predict a
risk score s; = fo(X;), such that patients with shorter survival times are assigned
higher risk scores, i.e., if t; < t; and e; = 1, then s; > s;.

The standard objective for training such models is the CoxPH loss. For an
anchor patient ¢ who experiences an event at t;, the loss maximizes the partial
likelihood against a risk set R; = {j | t; > t;}:

1
Loox = N Z s; — log Z exp(s;) | , (1)

e, =1 JER;:

where N, is the number of events. In 3D medical imaging, computing the global
R; is computationally intractable. Instead, R; is approximated by the current
mini-batch B. However, due to the massive memory footprint of dual-modality
PET-CT volumes, the batch size is severely constrained. Under such constraints,
the in-batch risk set is often sparse or empty, leading to high variance in gradient
estimation and poor convergence. To address this, we propose the MCSF to
decouple the risk set size from physical memory limitations.

2.2 Momentum-Contrastive Survival Framework

As illustrated in Fig. 1, the MCSF framework leverages a momentum-contrastive
architecture to maintain a large, consistent representation of the patient popu-
lation without re-computing historical features. The framework consists of two
parallel streams: a Main Encoder and an Evolving Reference Encoder, along
with a virtual cohort bank.

Backbone We adopt a 3D ResNet18 [8] backbone tailored for PET-CT repre-
sentation learning. Each input volume X; € R3*XPXHXW is composed of three
channels: PET, CT, and a binary lesion segmentation mask M;. To enhance the
contribution of anatomically relevant regions, we apply a segmentation-guided
multiplicative modulation before feeding the data into the backbone. Specifically,
PET and CT are re-weighted voxel-wise by an affine transform of the mask:

M; =1+bM,, (2)

PET, = PET; © M;, CT,=CT;® M;, (3)
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where b is a learnable scaling parameter and ® denotes element-wise multipli-
cation. The final network input is formed by concatenating the modulated PET
and CT channels:

X/ = Concat(PET/, CT}) € RZ*PxHxW, (4)

The backbone encoder then maps X/ to the corresponding feature representation.

Momentum Update and Virtual Cohort Bank To ensure the stability of
risk scores utilized from previous iterations, the parameters 6 are updated via
a momentum average of f,:

O < mby. + (1 —m)b,, (5)

where m € [0,1) is a momentum coefficient. We maintain a First-In-First-Out
(FIFO) queue Q of size K (K > |B]|). At the end of each iteration, the tuples
{(sk,j.tj,e;)} generated by the Reference Encoder are enqueued, while the oldest
entries are removed. This queue serves as a virtual cohort, providing a dense and
diverse risk pool for the current training batch.

2.3 Time-Aware Pairwise Ranking Loss

Standard Cox loss treats all valid pairs in the risk set equally. However, in
a survival context, the confidence of the ranking relationship depends on the
time separation between patients. A pair with a large survival difference (e.g., 5
years vs. 1 month) provides a stronger learning signal than a pair with proximal
outcomes. To exploit the expanded Virtual Cohort, we introduce a Time-Aware
Pairwise Ranking Loss.

Merged Cohort Construction For every event anchor ¢ in the current batch
B (where e; = 1), we construct a comparison pool P by merging the current
batch and the virtual cohort bank: P = BU Q. A valid comparator j € P is any
subject who is still at risk at time ¢;, i.e., t; > ¢; (including censored subjects).

Time-Aware Weighting We introduce a weighting function w;;(At) to mod-
ulate the contribution of each pair based on their time difference At = ¢; — ;.
Pairs with small At are down-weighted to mitigate noise arising from clinical
variability or indeterminate progression:

U)U(At) = min(tj — ti, Atcap)/c, (6)

where At,,, is a predefined upper bound on At, and c is a temporal threshold.
This linear ramp function ensures that the model focuses on learning clear,
distinguishable survival patterns.



6 X. Liang et al.

Table 1: Comparison of survival prediction performance (best in bold).
Dataset Metric ResNetl8 ResNet34 ResNet50 DenseNetl21 SEResNet50 SEResNeXt50 NLL Ours

C-index 0.677 £ 0.019 0.669 £ 0.048 0.599 £ 0.065 0.709 4 0.027 0.644 £0.072 0.675+0.036 0.685+0.013 0.716 +0.011
HR 2.684 4 0.545 3.052 & 1.226 1.416 4 0.356 2.584 +0.468 2.302 £1.107 2.724 +£0.601 1.094 4 0.1418 3.396 & 0.922

C-index 0.601 £ 0.035 0.625 £ 0.007 0.613 £ 0.022 0.596 +0.017 0.631 £0.013  0.608 +0.023  0.630 £ 0.037 0.654 +0.015
HR 2.166 £ 0.475 1.690 & 0.441 1.660 & 0.289 1.476 +0.291 1.656 £0.227 1.914 £0.436 1.250 £0.276 2.794 & 0.429

Breast

H&N

Table 2: Ablation study of the proposed framework components.

Dataset Components Metric Backbones
Baseline VCB TAPRL ResNet18 ResNet34 ResNet50
v C-index 0.677 £0.019 0.669 £ 0.048 0.599 £ 0.065

HR  2.684 +£0.545 3.052 +1.226 1.416 £ 0.356

Breast Cancer v v C-index 0.701 £0.029 0.695 + 0.042 0.633 £ 0.061
HR 1924 £0.336 2.862+0.840 1.920 £ 0.564

C-index 0.716 +0.011 0.672 + 0.005 0.654 £ 0.071
HR 3.396 £0.922 1.574+0.217 2.302 4+ 0.654

C-index 0.601 £0.035 0.625+ 0.007 0.613 £ 0.022
HR 2,166 £0.475 1.690 +0.441 1.660 £ 0.289

Head & Neck Cancer C-index 0.637 £0.015 0.637 £0.026 0.629 4 0.017
HR  2.622+£0.015 2.848 +1.077 1.430 £ 0.355

C-index 0.654 + 0.015 0.649 + 0.017 0.634 + 0.016
HR  2.794 +0.429 2.460 + 0.441 1.684 + 0.323

Optimization Objective The final objective is formulated as a weighted logis-
tic ranking loss (referred to as TAPRL), following learning-to-rank formulations
such as RankNet [2]. For the current batch, we minimize:

1 1
‘CRank = ﬁ Z ? Z wij(tj — ti) . log (1 + exp (—(Sl — 5]))) ) (7)
¢ ice T jer

where & = {i € B | ¢; = 1} is the set of events in the current batch with
cardinality N, = |£|, s; is the score from the Main Encoder, s; is the score from
the Reference Encoder (if j € Q) or Main Encoder (if j € B), and Z; =}, w;
is a normalization factor.

Training Strategy To prevent cold-start instability, we employ a warm-up
strategy. For the initial epochs, the model is trained using the standard Cox loss
on the local mini-batch only; then, the Reference Encoder and Virtual Cohort
mechanism are activated to refine global risk stratification. At this stage, TAPRL
is applied on the merged cohort to refine global risk stratification.

3 Experiments and Results

3.1 Datasets and Evaluation Metric

Datasets The first dataset consists of 1,210 breast cancer patients from our
private collection(I-1III stage patients, the maximum follow-up time was 13 years,
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Table 3: Ablation study on the VCB size K using ResNet18 backbone.
Dataset Metric K = 32 K =64 K =128
C-index 0.641 + 0.022 0.654 + 0.015 0.608 % 0.008
HR  2.156 £ 0.639 2.794 + 0.429 1.606 + 0.238

Head & Neck Cancer

o

o

Kaplan-Meier Survival Curve Kaplan-Meier Survival Curve C Kaplan-Meier Survival Curve

Survival Probability

Survival Probability
Survival Probability

. High risk: HR = 3.18 (95% CI 1.27-7.97), p=0.0135 ) High risk: HR = 2.62 (95% CI 1.12-6.12), p=0.0266 . High risk: HR = 4.03 (95% CI 1.6-10.1), p=0.0030
] —— Low risk: reference ] —— Low risk: reference ] —— Low risk: reference
Log-rank test p=0.0090 Log-rank test p=0.0214 Log-rank test p=0.0013
Months : ) Months . Months
Number at risk (number censored) Number at risk (number censored) Number at risk (number censored)
124(0) 10025 67(56) 37(84) 18(102) B(11) 1(118) 124(0) 104200 70(51) 44(75) 22(95) 11(106) 3(114) 12400 10421) 76(48) 47(75) 21(99) 11(108) 3(116)
—123(0) 97(22) 64(4®) 43(67) 22(85 10(96) 2(103) —123(0) 93(7) 61(53 3676 18(92) 7101 0(106 —123(0) 93(6) S55(56) 33(76) 19(87) 7(99)  0(104)
d Kaplan-Meier Survival Curve e Kaplan-Meier Survival Curve f Kaplan-Meier Survival Curve
Boe Boe Soe
& & £
@ High risk: HR = 2.19 (95% Cl 0.94-5.13), p=0.0696 o High risk: HR = 2.24 (95% CI 0.96-5.23), p=0.0635 @ High risk: HR = 2.65 (95% C1 1.1-6.39), p=0.0303
"] —— Low risk: reference ] —— Low risk: reference %] — Low risk: reference
Log-rank test p=0.0627 Log-rank test p=0.0567 Log-rank test p=0.0243
Months ’ Months Months
Number at risk (number censored) Number at risk (number censored) Number at risk (number censored)
70 646)  aa22) 32033 2560 1450 7(57) 70 65(3) 4R 30(3) 223 12(52)  5(59) 70 62(6) 451 30(35) 2243 1a(51)  7(s8)
—710)  53(4) 4106 28(9) 20(36) 13(43) S(51)  —71(0)  52(5) 41(16) 307 23(33) 15(41) 79 —71(0)  55(3) 40a7) 307 23(33) 13(42) 5050

Fig. 2: Kaplan—-Meier survival curves for risk stratification. Panels a—c show re-
sults on the breast cancer cohort, and panels d—f on the Head & Neck cohort.
Columns correspond to models: ResNet34, SEResNeXt50, and our method.

the event rate was 9.8%), while the second is a public Head & Neck cancer dataset
comprising 678 patients [19]. For each cohort, we randomly held out 20% of
patients for testing. The remaining data was split 80% for training and 20% for
validation. All compared models used the same mask-guided input modulation,
ensuring fair comparison.

Evaluation Metric We evaluated the survival prediction performance using the
Concordance Index (C-index). To assess risk stratification, we employed Kaplan-
Meier (KM) survival curves, Log-rank tests (p-value), and Hazard Ratios (HR)
with 95% Confidence Intervals (CI).

3.2 Implementation Details

Input volumes were standardized to 192 x 192 x 192 for the breast cancer dataset
and 200 x 200 x 300 for the H&N cancer dataset. During training, we adopted
the AdamW [16] optimizer with a batch size of 4, an initial learning rate of
1 x 10~*, and a weight decay of 0.1. The learning rate was decayed by a factor
of 0.1 every 3 epochs over 10 total epochs. For the MCSF framework, the VCB
size was set to K = 64 with a momentum coefficient m = 0.995. All experiments
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were conducted on a single NVIDIA RTX A6000 GPU using PyTorch. Each

experiment was repeated five times and results were averaged.

3.3 Results

Comparison with Representative Models We compared our proposed MCSF
with several widely adopted and strong baselines that remain prevalent in 3D
medical imaging. The models compared include ResNet [8], DenseNet [11], and
SEResNet [9], as well as a ResNet18 backbone trained with the negative log-
likelihood loss (NLL) following previous works [22, 21, 24].

As shown in Table 1, our method consistently outperforms the baseline mod-
els in both datasets. On the Breast Cancer dataset, our model achieves a C-index
of 0.716, surpassing the second-best DenseNet121. In the H&N Cancer dataset,
our model achieves a C-index of 0.654, outperforming the best baseline (SERes-
Net50 with 0.631). For each method, we obtained a continuous risk score from
the model and stratified patients into high- and low-risk groups using the median
score as the cutoff. KM curves were plotted for the two groups and compared
using the log-rank test. As shown in Fig. 2, our method yields clearer separa-
tion between the high- and low-risk survival curves. Notably, unlike ResNet34
and SEResNeXt50 which show non-significant results on the H&N dataset, our
framework demonstrates superior risk stratification capabilities, with KM curves
further providing supportive qualitative evidence. Compared to the ResNet-18
baseline, MCSF increases parameters (8 M to 17 M), forward FLOPs (285 G
to 570 G), and GPU memory (6 G to 8 G). However, inference requires only
the main encoder, incurring the same computational cost as the baseline. These
results highlight the effectiveness of the MCSF in improving survival prediction
performance by expanding the global risk pool, even with limited batch sizes.

Ablation Study We conducted an ablation study to evaluate the contributions
of VCB and TAPRL across three backbones (Table 2). Overall, adding VCB
consistently improves performance over the baseline, and incorporating TAPRL
further boosts it, yielding the best results in most settings. The strongest gains
are observed with ResNet18, where the full model reaches a C-index of 0.716 on
Breast Cancer and 0.654 on H&N Cancer. We further study the effect of the VCB
size K (Table 3). While enlarging the bank generally improves the approximation
of the global Cox risk set, the benefit is not monotonic: K = 64 achieves the
best C-index and HR, whereas a larger bank (K = 128) degrades performance.
This suggests that an overly large bank induces feature drift by introducing stale
prototypes, which dilutes informative comparisons and amplifies ranking noise.

4 Conclusion

In this study, we present the MCSF for 3D PET-CT survival prediction under
the small-batch regime. Motivated by the mismatch between the global risk-set
formulation of CoxPH and the severely limited in-batch risk set induced by GPU
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memory constraints, MCSF maintains a momentum-updated VCB to construct
a large and consistent risk pool. We also introduce a TAPRL that leverages
event-time separation to downweight ambiguous pairs and emphasize informa-
tive comparisons, thereby stabilizing optimization and improving risk ordering.
Experiments on two datasets demonstrate strong risk stratification across mul-
tiple 3D backbones. Overall, MCSF provides a practical and model-agnostic so-
lution for scalable 3D imaging-based survival learning, and may facilitate more
reliable prognostic modeling to support individualized oncology decision making.
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