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Abstract. Survival prediction from whole slide images (WSIs) is central
to computational pathology, yet existing multiple instance learning (MIL)
methods optimise exclusively for discrimination, with no explicit cal-
ibration objective. Miscalibration is especially harmful in clinical de-
ployment, where systematic prediction errors across patient subgroups
lead to inequitable risk estimates. We present MASurv, which aug-
ments discrete-time survival training with an Adversarial Conditional
Moment Test (ACMT) on counting-process residual increments, directly
encoding the calibration condition as a moment-orthogonality restric-
tion decomposed locally in time within matched risk strata. A second
ACMT task regularises within-patient prediction inconsistency for multi-
slide patients. On our internal institutional cohort (662 patients, 5-fold
cross-validation (CV)), MASurv achieves the best ICI=0.096 and WG-
ICI=0.188, a 25% subgroup-calibration reduction over the NLL-only
baseline (Cohen’s d = −1.54, very large effect). More critically, on zero-
shot internal→TCGA-LUAD transfer (509 patients), MASurv is the
only method retaining both discrimination (C-index=0.680± 0.044) and
calibration (D-cal p=0.143, ICI=0.079± 0.002); all baselines collapse
(ICI> 0.36, D-cal p≈0).

1 Introduction

Survival prediction from gigapixel WSIs is increasingly central to precision
oncology [2,11]. The dominant paradigm applies MIL to patch embeddings from
a pathology foundation model [10,20,19,13], with models selected by Harrell’s
C-index [9] (a rank-based metric blind to the absolute magnitude of predicted
probabilities). Calibration [7,1] is indispensable when model outputs inform
treatment decisions: systematic overestimation for one sex or ECOG group is
a potential source of inequitable risk estimates in clinical deployment, yet has
received little attention in WSI survival analysis. Post-hoc recalibration operates



2 M. Sabouri Rad et al.

globally, cannot enforce conditional calibration under censoring, and requires
held-out target data unavailable in cross-institution deployment.

A classical result from counting-process theory provides a handle: under
a correctly specified discrete-time hazard, the martingale residual increments
satisfy

∆M̂i(k) = ∆Ni(k)− Yi(k)λ̂i(k), (1)

where ∆Ni(k) ∈ {0, 1} is the bin-k event indicator, Yi(k) ∈ {0, 1} the at-risk

indicator, and λ̂i(k) the predicted per-bin hazard; these increments satisfy
E[∆M̂i(k) | Fk−1] = 0 under a correctly specified hazard, where Fk−1 is the
event/censoring history through bin k−1 [4]. Systematic non-zero correlation
with any nuisance covariate (sex, ECOG, slide count) therefore implies subgroup
miscalibration (a falsifiable, covariate-specific signal). We exploit this to formulate
calibration as a testable conditional moment restriction [8] and enforce it adver-
sarially during training, calling the resulting method the Adversarial Conditional
Moment Test (ACMT). Our contributions are:

1. ACMT loss: A time-local, risk-conditional adversarial moment test on
counting-process residual increments as a principled, grounded calibration
objective (Section 3.3).

2. Multi-slide ACMT (Task B): A second ACMT critic enforcing within-
patient prediction consistency for multi-slide patients (Section 3.4).

3. Zero-shot calibration transfer: To our knowledge, this study represents the
first demonstration in WSI survival MIL that moment-orthogonality–based
training preserves model calibration under cross-institutional domain shift,
whereas existing MIL baselines exhibit significant calibration degradation
(Section 4.3).

2 Related Work

MIL for WSI survival. ABMIL [10], TransMIL [15], DTFD-MIL [20], and DeepAt-
tnMISL [19] represent the dominant MIL paradigms for WSI survival; all optimise
the NLL and report C-index as the primary metric, without any explicit calibra-
tion objective. More recent survival-distribution models such as SCMIL [14] refine
the architecture (sparse context-aware attention and a mixture-density head) but
likewise train with censored NLL and include no conditional-calibration term.

Calibration in survival analysis. D-Calibration [7] tests whether predicted survival
probabilities are uniformly distributed at event times via a χ2 test. ICI [1]
measures mean absolute calibration error. X-CAL [16] introduces a differentiable
D-calibration proxy as a training regulariser, but is global (not conditional on
subgroups) and not designed for the multi-slide MIL setting.

Adversarial training in pathology. Domain-adversarial training (DAT) [5] places
a domain classifier on the feature representation via gradient reversal, enforcing
feature invariance (neither equivalent to calibration in the counting-process
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Fig. 1. MASurv pipeline. Virchow2 features are aggregated by gated ABMIL and
decoded into discrete-time hazards λ̂i(k). Residuals ∆M̂i(k) train ACMT critics for
calibration and consistency, discarded at inference.

sense nor defined for censored residuals). MASurv instead places its critic on
residual increments ∆M̂i, the calibration-relevant quantity. Because conditional
calibration requires residual orthogonality to every function of the nuisance/risk
variables (an infinite moment family a fixed-direction penalty cannot enforce),
the critic searches its parametric class for the worst-case residual–nuisance
dependence, motivating the adversarial design over fixed moment matching and
grounding the objective in survival theory.

3 Method

3.1 Discrete-Time Hazard Model

Time is discretised into K=4 bins (chosen to balance temporal resolution against
minimum bin occupancy; each bin contains ≥15% of events in the internal cohort)
with boundaries b0<b1< · · ·<bK set to event-time quantiles (0%, 25%, 50%, 75%,
100%) estimated from training event times per fold. The model produces per-bin
conditional hazards:

λ̂i(k) = Pr
(
T ∈ [bk−1, bk) | T ≥bk−1, xi

)
, k = 1, . . . ,K, (2)

with discrete-time survival Ŝi(k) =
∏k
j=1

(
1−λ̂i(j)

)
. The negative log-likelihood

(NLL) loss is:

Lsurv = − 1

n

∑
i

[
δi log λ̂i(ki) +

∑
j<ki

log
(
1−λ̂i(j)

)]
, (3)
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where ki is the event-time bin index and δi∈{0, 1} the event indicator (δi = 0
for censored observations).

3.2 Multi-Slide Feature Aggregation

Patient i has Mi slides; Virchow2 [17] encodes each slide into patch embeddings
of dimension 2560, extracting up to 4096 patches per slide. A gated ABMIL
module [10] produces per-slide attention weights and patient embedding:

wi,s =
exp
(
g(zi,s)

)∑
s′ exp

(
g(zi,s′)

) , zi =
∑

s
wi,s zi,s. (4)

Patient hazards λ̂i(k) are decoded from the pooled embedding zi; slide-level

hazards λ̂i,s(k) are additionally decoded from each individual zi,s for Task B.

3.3 Adversarial Conditional Moment Test — Task A

Counting-process residual increments. Let ∆Ni(k)∈ {0, 1} be the bin-k event
indicator and Yi(k)∈{0, 1} the at-risk indicator. The residual increment ∆M̂i(k)
(Eq. 1) satisfies E[∆M̂i(k) | Fk−1] = 0 under a correctly specified hazard [4].
Systematic non-zero correlation with a nuisance covariate ai implies subgroup
miscalibration. We use three nuisances (sex, ECOG, and slide count) spanning the
demographic, clinical, and multi-slide axes; age and Charlson Comorbidity Index
are excluded as they overlap with legitimate prognostic signal, so orthogonalising
against them would risk discarding true risk rather than miscalibration. They
are one-hot concatenated into ai and fed to a single shared critic Dsub,ψA

.

Risk-conditional matching. The conditioning vector ci = [H̃i(t
∗
1), H̃i(t

∗
2), H̃i(t

∗
3), fi]

encodes the cumulative-hazard profile at the 25th/50th/75th event-time per-
centiles (fixed across folds) and a coarse follow-up bin fi∈{1, 2, 3, 4}. H̃i=− log Ŝi
is computed with stop-gradient (no gradient through ci). Let Bk be the matched
patient set for bin k, ek a learnable bin embedding; bins with |Bk|<8 are skipped.

ACMT loss (Task A).

LACMT-sub =

K∑
k=1

(
1

|Bk|
∑
i∈Bk

∆M̂i(k) Dsub,ψA
(ai, ci, ek)

)2

, (5)

a squared empirical moment restriction in the spirit of GMM [8]. The survival
model minimises (5); the critic maximises it.

3.4 Multi-Slide ACMT — Task B

Slide-level residuals∆M̂i,s(k)=∆Ni(k)−Yi(k)λ̂i,s(k) feed a separate criticDms,ψB

(ψB ̸=ψA), where B′
k denotes the set of (patient, slide) pairs (i, s) with patient i
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in risk stratum k:

LACMT-ms =
∑
k

 1

|B′
k|

∑
(i,s)∈B′

k

∆M̂i,s(k) Dms,ψB
(ai,s, ci, ek)

2

, (6)

regularising within-patient consistency independently of Task A.

3.5 Multi-Objective Model

The training objective combines all loss terms:

L = Lsurv + λACMT(t)
(
LACMT-sub + LACMT-ms

)
+ λc Lconsist + λe Lent, (7)

where Lconsist =
1
n

∑
i

1
Mi

∑
s,k

(
λ̂i,s(k)− sg[λ̂i(k)]

)2
is a stop-gradient patient–

slide hazard consistency term (sg[·] stops the gradient, pulling each slide haz-
ard towards the detached patient hazard), and Lent = − 1

n

∑
iH(wi), with

H(wi) = −
∑
s wi,s logwi,s the entropy of patient i’s slide-attention distribution;

minimising it with λe > 0 maximises attention entropy and discourages collapse
onto a single slide. The full objective is solved as a min–max problem: the critics
Dsub,ψA

and Dms,ψB
maximise the ACMT terms LACMT-sub + LACMT-ms while

the survival model minimises the total loss, via alternating updates. Four stabili-
sation measures prevent adversarial collapse: (i) a 20-epoch NLL-only warmup;
(ii) linear ramp of λACMT from 0 to 0.1 over 20 epochs; (iii) Task B activated
10 epochs after Task A; (iv) spectral normalisation [12] on both critics. Key hy-
perparameters: λACMT=0.1, λc=0.5, Adam 5×10−5, batch 32, 70 epochs. Critics
add only 7,618 parameters (<1%).

4 Experiments

4.1 Data, Protocol, and Metrics

Internal cohort. 662 lung cancer patients from an internal institutional cohort;
covariates: age, sex, ECOG, Charlson Comorbidity Index; Virchow2 features [17],
4096 patches/slide; 5-fold CV with strict patient-level splits (all slides from one
patient stay in the same fold).

TCGA-LUAD (external, zero-shot). 509 adenocarcinoma patients, 1,567 slides;
public TCGA repository. Zero-shot protocol: all five internally trained check-
points (one per fold) are independently applied to all 509 TCGA patients. TCGA
results are mean± std across the five internal fold checkpoints; all baselines
receive the identical evaluation.

Metrics. C-index (C-statistics) [9] (↑) for discrimination; IBS [6] (↓) for inte-
grated Brier score; ICI [1] (↓) for mean absolute calibration error; WG-ICI (↓):
maxg∈G ICI(g) where G = {male, female, ECOG≤1, ECOG≥2, single-slide, multi-
slide} (6 groups); D-cal p [7] (↑), with p>0.05 indicating non-rejection.
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Table 1. internal 5-fold CV (mean± std across folds; patient-level splits). Bold=best
per column. WG-ICI=worst-group ICI (sex, ECOG, slide-count subgroups). †High
D-cal variance (±0.332) reflects fold-level χ2 instability under small effective event
counts. MASurv targets reduction in calibration error, not a statistical D-cal pass; the
latter is demonstrated on the larger TCGA cohort (p=0.143).

Method C-idx ↑ IBS ↓ ICI ↓ WG-ICI ↓ D-cal p ↑

ABMIL [10] 0.649±.029 0.153±.008 0.099±.016 0.222±.035 0.002±.003

TransMIL [15] 0.642±.027 0.165±.009 0.108±.031 0.245±.042 0.166†
±.332

DTFD-MIL [20] 0.652±.030 0.155±.013 0.116±.039 0.222±.059 0.069±.138

DeepAttnMISL [19] 0.652±.029 0.153±.016 0.103±.028 0.239±.041 0.029±.057

Baseline (NLL only) 0.651±.028 0.153±.011 0.117±.037 0.249±.044 0.010±.020

MASurv (ours) 0.710±.034 0.149±.009 0.096±.015 0.188±.024 0.018±.027

Baselines. ABMIL [10], TransMIL [15], DTFD-MIL [20], DeepAttnMISL [19],
and Baseline (identical architecture, λACMT=0). All share Virchow2 features,
identical patient-level splits, training schedules (Adam, lr= 5×10−5, 70 epochs,
batch 32, same seeds per fold), and early-stopping criteria (min val-NLL, pa-
tience 15). TransMIL is excluded from TCGA: OOM (>24GB) despite gradient
checkpointing and patch/slide reductions.

4.2 Internal Cohort Validation

Results in Table 1 and Fig. 2. C-index increase does not reach significance
(Wilcoxon p=0.44, n=5); MASurv achieves the lowest ICI (0.096, −18%), WG-
ICI (0.188, −25%; Cohen’s d=−1.54, very large effect; t-test p=0.071), and IBS
(0.149), winning WG-ICI 4/5 folds (single exception F2, +0.018, smaller than
any win margin). Largest subgroup gains (Fig. 2): single-slide (0.246→0.157,
−36%; Task A alone, confirming Task A independently effective), male (−17%),
ECOG-low (−18%, fold std 0.006 vs. 0.037).

4.3 Zero-Shot Cross-Institution Transfer to TCGA-LUAD

Preprocessing and leakage sanity checks. To rule out artefacts that could in-
flate the MASurv advantage: (i) strict TCGA patient-level aggregation and
de-duplication (all slides from each patient pooled; no duplicate patients in
the evaluation set); (ii) identical Virchow2 patch extraction across all methods
(4,096 patches/slide at 0.5mpp, same tissue segmentation mask); (iii) hazard bins
frozen from internal training quantiles, no TCGA data informs bin boundaries;
(iv) identical event/censoring definitions (δi=1 all-cause death, δi=0 otherwise)
and slide inclusion criteria (≥200 foreground patches); All externally evaluable
baselines were rejected by D-calibration on TCGA (p≈0) with ICI> 0.36 (Fig. 3).
MASurv is the only method non-rejected by D-calibration on external
data (p=0.143), with ICI= 0.079, 4.6× lower than the best baseline (DTFD-MIL,
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Fig. 2. Top: Per-fold internal cohort results (MASurv vs. Baseline, F1–F5). MASurv
wins WG-ICI 4/5, ICI 3/5, IBS 4/5. Bottom: Subgroup ICI across six internal cohort
groups; MASurv reduces ICI in all six (largest: single-slide −36%).

ICI= 0.366). This demonstrates that calibration-regularised representations gen-
eralise broadly. Fig. 4 shows MASurv’s curves tracking the diagonal across all four
bins, while ABMIL deviates by up to 0.41 absolute units. Notably, the internal
C-index ranking does not predict TCGA performance (Spearman ρ=−0.70):
despite leading on both internal calibration and C-index, MASurv gains further
ground on TCGA, while DeepAttnMISL (joint top on the internal cohort) falls
to last place. This rank reversal is consistent with moment-orthogonality train-
ing preventing discrimination-centric overfitting that causes severe calibration
degradation in all baselines.

4.4 Multi-Slide Stress Test and Ablation

Among 312 multi-slide patients in the internal cohort, MASurv achieves ICI= 0.101
vs. Baseline 0.117, with within-patient risk variance reduced by 26.7% (4.43×10−4

vs. 5.99×10−4). Fig. 5 shows a 12-variant ablation on internal 5-fold CV. Variants
include: NLL-only (λACMT=0); BCE-adversary [5]; adversary on features zi not
residuals; no risk conditioning; global (not time-local) moments; no Task B; no
ramp; and further ablations. Removing the adversary raises WG-ICI by 0.033
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Table 2. Zero-shot internal cohort→TCGA-LUAD (509 patients). C-index, ICI, IBS,
WG-ICI: mean± std across five internal cohort fold checkpoints (std= training-fold
variability, not patient resampling). D-cal: χ2 test computed on TCGA patient predic-
tions (single point estimate, no±). p≈0 = rejection at all conventional levels. TransMIL
excluded (OOM; see Baselines, Sec. 4).

Method C-idx ↑ IBS ↓ ICI ↓ WG-ICI ↓ D-cal p ↑

ABMIL [10] 0.592±.006 0.098±.004 0.392±.011 0.405±.012 ≈0
DTFD-MIL [20] 0.594±.006 0.104±.008 0.366±.027 0.376±.029 ≈0
DeepAttnMISL [19] 0.588±.008 0.102±.014 0.382±.064 0.395±.064 ≈0
MASurv (ours) 0.680±.044 0.087±.003 0.079±.002 0.175±.014 0.143
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Fig. 3. Zero-shot internal cohort→TCGA-LUAD across five metrics. MASurv (green)
leads all; dashed line α=0.05; all baselines D-cal p≈0.
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Fig. 4. TCGA-LUAD calibration curves by time bin. MASurv (green, ICI= 0.079) tracks
the diagonal well; ABMIL (red, ICI=0.392) systematically overestimates survival.

(p=0.078); Feature adv. (critic on zi) produces the worst WG-ICI, validating
residual targeting over feature confusion; ACMT→BCE raises ICI; no variant
changes C-index (all p>0.17).

5 Conclusion

Limitations and Conclusion. Bins with fewer than 8 at-risk patients are skipped,
reducing adversarial supervision in heavily censored cohorts; the study covers a
single encoder (Virchow2) and cancer type, with cross-encoder validation (UNI [3],
GigaPath [18]) and multi-cancer extension as primary future directions; X-
CAL [16] comparison is deferred. Unlike post-hoc recalibration, ACMT produces
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Fig. 5. 12-variant ablation (internal 5-fold CV): ICI, WG-ICI, IBS. Red=MASurv;
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IBS.

built-in conditional calibration requiring no target data, transferring across
institutions, an essential property for equitable clinical deployment.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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