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The Survival Double Descent: Generalization Dynamics of 

Deep Neural Networks in Time-to-Event Analysis 

Steven N. Hart, PhD, ACHIP 1 

Ann L. Oberg, PhD 

Recent work on double descent has challenged classical bias–variance tradeoffs, showing that test error can 

decrease, increase sharply near the interpolation threshold, and then decrease again as model capacity grows. 

This phenomenon has been documented in regression and classification, but its relevance to survival analysis 

remains unclear. Survival data are subject to censoring, which obscures true event times, and widely used 

models such as the Cox proportional hazards model are optimized via partial likelihoods that emphasize 

ranking rather than calibrated risk estimation. It is therefore unknown whether double descent occurs in this 

setting, how censoring influences its manifestation, or how it interacts with standard performance metrics. 

We investigate these questions using synthetic survival data generated from Weibull hazards with controlled 

censoring, allowing systematic variation of model capacity from under to over parameterized regimes. 

While we verified double descent occurs in survival models, calibration plateaus and decouples from 

discrimination, even under strong ℓ2 regularization. This decoupling arises because the Cox partial likelihood 

optimizes rankings rather than magnitudes, producing extreme risk scores that break the Breslow estimator 

used to estimate survival probabilities. These results highlight limitations of discrimination-based model 

selection in survival analysis and underscore the need for calibration-aware evaluation in high-capacity 

prognostic models. 

Keywords: double descent; survival analysis; Cox proportional hazards; neural networks; 

model calibration 

Introduction 

The bias-variance trade-off has anchored statistical learning theory for decades . Increasing 

model complexity reduces bias while increasing variance; optimal generalization requires 

balancing these competing forces. This principle motivated the development of model 

selection criteria such as cross-validation and regularization methods . 

Deep learning has challenged this framework. Networks with billions of parameters 

generalize well despite ݌ ≫ ݊ .  termed this the double descent phenomenon;  documented 

it across architectures and datasets. The pattern proceeds in three stages. In the first stage, 

small models underfit. The second stage is at the interpolation threshold (the point where 

parameter count ݌ approximately equals training sample size ܰ), where capacity just 

manages to memorize training data, test error peaks sharply. The model fits noise exactly, 

but with a unique and highly unstable solution. Beyond this threshold is the final stage, 
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where test error decreases again, often falling below the classical minimum. Gradient 

descent favors minimum-norm solutions when infinitely many interpolants exist , and this 

implicit regularization enables generalization in overparameterized models. 

Time-to-event modeling (hereafter survival analysis), however, remains outside this 

literature. Neural network methods for this class of problems, including DeepSurv , 

DeepHit , and related architectures, now appear routinely in clinical research . However, no 

systematic investigation has established whether double descent occurs in this setting.  

provide preliminary theory suggesting it does, though possibly in modified form: the 

second descent may be attenuated, and benign overfitting (the phenomenon where 

interpolating models generalize well despite fitting training noise) may not fully 

materialize. 

Several features of survival analysis may alter double descent dynamics. Censoring reduces 

available information: a patient lost to follow-up contributes only a lower bound on 

survival time, not a precise measurement. The Cox partial likelihood  optimizes rankings 

rather than predictions, and extreme risk scores (̂ߟ → ±∞) maximize the likelihood for 

separable data, producing an unusual loss geometry. Together, these features reduce the 

amount of fully observed outcome information available to the model, making it unclear 

when the model has exactly memorized its training sample and therefore where the 

interpolation threshold falls. Statistical power and sample size calculations in survival 

studies hinge on eܰvents, not total enrollment, which suggests that the interpolation 

threshold should similarly be governed by eܰvents rather than ܰ. Whether this reasoning 

carries over to the double descent curve warrants direct empirical investigation. 

Evaluation metrics introduce additional complexity. The concordance index  measures discrimination, quantifying a model’s ability to rank patients by risk. It is invariant to 
monotonic transformations: a model predicting risk scores of −1000 and +1000 achieves 

perfect concordance if the ranking is correct. The integrated Brier score  measures 

calibration and penalizes miscalibrated survival probabilities. These metrics may diverge 

at the interpolation threshold, with concordance remaining stable while calibration 

deteriorates. If clinicians select models based on discrimination alone (a common practice; 

see ), they risk choosing overconfident, unstable predictors. 

This paper addresses four questions. First, does double descent occur in deep Cox models? 

Second, is the interpolation peak governed by ܰ or eܰvents? Third, do discrimination and 

calibration metrics diverge near the threshold? Fourth, how do skewed covariates and 

high-cardinality categoricals shift the double descent curve? 

We investigate these questions through simulation. Synthetic data permit systematic 

capacity sweeps, precise noise control, and verification against known ground truth. The 

experiments span Gaussian and log-normal covariates, low and extreme censoring rates, 

and categorical features with up to 10 levels. Models are trained without regularization to 

expose the double descent curve; parallel experiments with weight decay characterize how 

standard regularization modifies the pattern. 

These questions have practical implications. Survival models inform treatment decisions, 

resource allocation, and patient counseling . A model that discriminates well but is poorly 



calibrated can produce misleading risk estimates. Understanding the failure modes of 

neural survival models, and identifying which metrics detect such failures, is necessary for 

safe clinical deployment. 

Background 

Double Descent Mechanics 

Consider standard regression with target ݕ = (ܠ)∗݂ + ߳ and noise variance 2ߪ. The 

expected test error decomposes as ॱ[(ݕ − [2((ܠ)݂̂ = Bias2[݂̂(ܠ)] + Var[݂̂(ܠ)] +  .2ߪ
Classical theory predicts that bias decreases with model capacity while variance increases, 

with optimal complexity achieving the minimum of their sum. 

The interpolation threshold disrupts this picture . When the number of parameters equals 

the number of effective constraints, a unique solution interpolates the training data. This 

solution must pass through every training point, including noise, producing high variance 

and a peak in test error. 

Beyond this threshold, infinitely many interpolating solutions exist. Gradient descent from 

small initialization converges to the minimum-norm solution . Smaller weights correspond 

to smoother functions, and test error decreases. 

Survival Analysis Setup 

For each subject ݅, we observe ( ௜ܻ, ௜) where ௜ܻߜ = min( ௜ܶ, ௜ߜ ௜) is the observed time andܥ =૚( ௜ܶ ≤  ௜ the censoringܥ ௜) is the event indicator. Here ௜ܶ denotes the true event time andܥ

time. Censored observations (ߜ௜ = 0) provide only the constraint ௜ܶ > ௜ܥ . 
The Cox proportional hazards model  specifies the hazard function as ℎ(ܠ|ݐ௜) =ℎ0(ݐ)exp(ߟ௜), where ߟ௜ =  is an unspecified baseline (ݐ)is the log-risk score and ℎ0 (௜ܠ)݂

hazard. DeepSurv  parameterizes ݂ using a neural network and estimates parameters by 

maximizing the partial likelihood: ℒ(ી) = ∏ exp(ߟ௜)∑ exp௝∈ℛ೔ ௜:ఋ೔=1(௝ߟ) , 
where ℛ௜ = {݆: ௝ܻ ≥ ௜ܻ} is the risk set at time ௜ܻ. 
Three properties of the Cox partial likelihood are relevant to double descent . First, the 

likelihood depends only on the ranking of risk scores within risk sets, not on their 

magnitudes. Second, for separable data the optimal weights diverge to ±∞. Finally, 

censored observations contribute to risk sets but not to the likelihood product, reducing 

the effective sample size. 



Evaluation Metrics 

The concordance index  is defined as ܥ = ௜ߟ̂)ܲ > ௝ߟ̂ ∣ ௜ܶ < ௝ܶ). 
This is a ranking metric, invariant to monotonic transformations of ̂ߟ. Extreme but 

correctly-ordered predictions achieve high concordance. 

The Brier score at time ݐ  is defined as 

BS(ݐ) = (௜ܠ|ݐ)̂ܵ]∑1݊ − ૚( ௜ܻ > 2௡[(ݐ
௜=1 ⋅  ,(ݐ)௜ݓ

where ݓ௜(ݐ) are inverse probability of censoring weights . The integrated Brier score 

averages over a time interval: IBS = max−1ݐ ∫ BS௧max0  Unlike concordance (where higher .ݐ݀ (ݐ)

is better), lower IBS indicates better calibration. The Brier score penalizes miscalibrated 

probability estimates. 

Computing IBS requires survival probability estimates ܵ̂(ܠ|ݐ). For Cox models, these are 

obtained via the Breslow estimator , which estimates the cumulative baseline hazard ̂(ݐ)0ܪ 
from the data and combines it with individual risk scores: ܵ̂(ܠ|ݐ) = exp(−̂(ݐ)0ܪexp(̂ߟ)). 
This estimator assumes risk scores are well-behaved; when scores become extreme, the 

resulting survival probabilities degenerate toward 0 or 1. 

At the interpolation threshold, we hypothesize that concordance may recover in the 

overparameterized regime because correct rankings can persist even as risk score 

magnitudes become extreme. The integrated Brier score, however, should increase due to 

miscalibrated survival curves. Model selection based solely on concordance would fail to 

detect this deterioration. 

Methods 

Data Generation 

Real datasets lack the controlled conditions required to trace the double descent curve. We 

therefore generate synthetic survival data. 

Covariates are generated using a Gaussian copula. We draw ܆ ∼ ࣨ(૙, ઱) and transform 

marginals as follows: identity for Gaussian, exponentiation for log-normal, and quantile 

binning for categorical variables. 

Event times follow a Weibull-Cox model: ℎ(ܠ|ݐ௜) =  .(௜ܠ⊤઺)ఔ−1expݐߥߣ
Inverse transform sampling yields 



௜ܶ = ( −ln(ܷ)ߣexp(઺⊤ܠ௜))1/ఔ , ܷ ∼ Uniform(0,1). 
Ground truth is known exactly . The coefficient vector ઺ contains 10 predictive features 

with coefficients drawn uniformly from [−1,1], and 10 noise features with coefficients fixed 

at zero. 

Censoring times follow an exponential distribution with rate ߣ௖ calibrated to achieve target 

censoring proportions. The observed data are ௜ܻ = min( ௜ܶ, ௜ߜ ௜) andܥ = ૚( ௜ܶ ≤  .(௜ܥ
Scenarios 

We consider five configurations (Table 1). Scenario A uses Gaussian covariates with 30% 

censoring as a baseline. Scenario B uses log-normal covariates to test whether leverage 

points amplify the interpolation peak. Scenario C replaces the continuous covariates 

entirely with five categorical features, each taking 10 levels, which are one-hot encoded to 

yield 50 binary input features; hazard coefficients are assigned directly to these binary 

columns rather than to any underlying latent continuous values. Scenario D uses 90% 

censoring to test whether the peak location depends on eܰvents rather than ܰ. Scenario E 

uses nonlinear ground truth with interaction terms (ݔ௜ ⋅  to (௜2ݔ) ௜+1) and quadratic termsݔ

test whether double descent persists when linear models are insufficient. 

Experimental scenarios. 

Scenario Covariates Specification Target Question 

A Gaussian ܺ ∼ ࣨ(0,  censoring Baseline curve %30 ,(ܫ

B Log-normal ܺ ∼ LogNormal(0,1) Peak amplitude 

C Categorical 5 features, ܭ = 10 levels Categorical covariates 

D Gaussian 90% censoring Effective ܰ 

E Gaussian Nonlinear ground truth Model complexity 

Models and Training 

The network architecture is a multi-layer perceptron with fixed depth and variable width: 

two hidden layers, each of width ݓ, with ReLU activations, followed by a single linear 

output node. The model is trained to minimize negative Cox partial log-likelihood. 

To observe the double descent phenomenon without confounding effects, we train without 

explicit regularization: the Adam optimizer runs for 10,000 epochs with batch size 256 and 

learning rate 0.001, with no early stopping, weight decay, or dropout. Validation data are 

used to track the epoch with minimum validation IBS for analysis, though all models 

complete full training. Parallel experiments include weight decay (ߣ = 0.01) to characterize 

how regularization modifies the curve. 

All networks use Xavier uniform initialization. The Adam optimizer uses default 

hyperparameters (1ߚ = 2ߚ ,0.9 = 0.999, ߳ = 10−8). No gradient clipping, learning rate 

scheduling, or early stopping is applied. Each configuration trains for exactly 10,000 



epochs. Twenty random seeds are used for each experimental condition to ensure robust 

uncertainty quantification. 

We hold depth constant at two hidden layers and sweep width over ݓ ∈ {2,4, … ,2048} in 

powers of two, producing parameter counts spanning approximately 0.1ܰ to 100ܰ for ܰ =1000 samples. 

Baseline Models 

We compare neural networks against two classical survival methods chosen to isolate 

different sources of performance differences. Cox proportional hazards regression  shares 

the same partial likelihood objective as DeepSurv but uses linear parameterization; 

differences therefore reflect the effect of neural network capacity rather than the choice of 

loss function. Random survival forest (RSF)  uses an entirely different approach based on 

tree ensembles and does not optimize Cox partial likelihood; this baseline tests whether 

calibration issues are specific to Cox-based methods or generalizable to survival models 

more broadly. 

Cox PH is fit using the lifelines implementation with default settings. RSF is fit using 

scikit-survival with 100 trees and default hyperparameters. Both baselines are trained 

on the same data splits as the neural networks and evaluated using identical metrics. 

Evaluation 

Data are partitioned into training (60%, ݊ = 600), validation (20%, ݊ = 200), and test 

(20%, ݊ = 200) sets. We compute concordance index, integrated Brier score, and negative 

log partial likelihood on the held-out test set. 

Each configuration is replicated across 20 random seeds. We report means and standard 

deviations, the location of the interpolation peak, peak magnitude relative to the classical 

minimum, and the divergence between concordance and integrated Brier score at the 

threshold. 

Results 

Baseline Double Descent Curve 

Figure 1 summarizes the main findings for Scenario A (Gaussian covariates, 30% 

censoring), aggregated across twenty random seeds. Panel A displays test concordance as a 

function of model width, revealing clear double descent. Concordance decreases from 0.805 ± 0.035 at ݓ = 2 to a minimum of 0.710 ± 0.051 at ݓ = 16, then recovers to 0.784 ±0.037 at ݓ = 2048. Horizontal dashed lines indicate baseline performance: Cox PH (ܥ =0.816) and RSF (ܥ = 0.773). The smallest neural network matches RSF discrimination, 

while the largest approaches but does not reach Cox PH. The vertical dashed line marks the 

interpolation threshold at 625 parameters, a count lying between the training sample size 

(ܰ = 600) and the number of observed events ( eܰvents ≈ 420). Panel B shows that 

calibration does not follow this pattern: IBS saturates at approximately 0.52 for all neural 



networks regardless of capacity, compared to 0.11 for Cox PH and 0.15 for RSF. Panel C 

applies min-max normalization to each metric and inverts IBS (so that higher values 

indicate better calibration for both), placing them on a common [0,1] scale to make explicit 

that discrimination recovers in the overparameterized regime while calibration does not. 

Shaded regions represent one standard deviation across seeds. 

The concordance recovery beyond ݓ = 64 confirms double descent occurs in survival 

analysis. At ݓ = 2048, concordance reaches 0.784 ± 0.037, recovering from the threshold 

minimum of 0.710; this recovered value is not significantly different from the baseline of 0.805 ± 0.035 at ݓ = 2 (Welch’s ݐ-test, ݐ = ݌ ,1.84 = 0.07). The calibration failure, 

however, represents a distinct pathology not predicted by standard double descent theory; 

we examine its mechanism in Section 4.4. 

 

Main findings: calibration failure in neural Cox models. (A) Discrimination exhibits double 
descent: test C-index drops from 0.805 ± 0.035 to 0.710 ± 0.051 at the interpolation 
threshold (ݓ = 16, star), then recovers to 0.784 ± 0.037. Horizontal lines show Cox PH and 
RSF baselines for reference. (B) Calibration fails universally: IBS saturates at approximately 0.52 for all neural networks regardless of capacity, compared to approximately 0.11 for Cox 
PH and 0.15 for RSF (horizontal lines). (C) Both metrics are min-max normalized to [0,1] with 
IBS inverted so that higher values indicate better performance for both; discrimination 
recovers (blue) while calibration does not (red). Shaded regions show ±1 SD across twenty 
seeds. 

Table 2 compares neural network performance against classical survival baselines. Cox 

proportional hazards achieves ܥ = 0.816 ± 0.035 with IBS of 0.113 ± 0.013, while the 

random survival forest achieves ܥ = 0.773 ± 0.031 with IBS of 0.151 ± 0.006. The smallest 

neural network (ݓ = 2) achieves ܥ = 0.805, comparable to Cox PH (ܥ = 0.816), but 

exhibits worse calibration (IBS = 0.448 vs. 0.113). This calibration gap persists across all 

neural network sizes, suggesting a limitation of Cox partial likelihood optimization: the 

ranking-based loss produces well-ordered risk scores but poorly calibrated survival 

probabilities. 



Comparison of neural networks and classical baselines on Scenario A (Gaussian covariates, 
30% censoring). Values are mean ± standard deviation across twenty random seeds. Neural 
networks achieve comparable discrimination to Cox PH but substantially worse calibration as 
measured by IBS. 

Model C-index IBS 

Cox PH 0.816 ± 0.035 0.113 ± 0.013 

Random Survival Forest 0.773 ± 0.031 0.151 ± 0.006 

DeepSurv (ݓ = 2) 0.805 ± 0.035 0.448 ± 0.054 

DeepSurv (ݓ = 16, threshold) 0.710 ± 0.051 0.523 ± 0.035 

DeepSurv (ݓ = 2048) 0.784 ± 0.037 0.523 ± 0.036 

Metric Divergence 

The IBS trajectory warrants closer examination. Test IBS increases from 0.448 ± 0.054 at ݓ = 2 to plateau at approximately 0.523 ± 0.035 for ݓ ≥ 16, and critically, it does not 

recover in the overparameterized regime. Maximum divergence between the two metrics 

occurs near ݓ = 2048, where concordance has recovered while IBS remains saturated. 

This plateau reflects a systematic limitation of neural Cox models rather than a numerical 

artifact. While concordance recovers in the overparameterized regime, IBS does not, 

suggesting that the Cox partial likelihood objective produces models that rank subjects 

correctly but fail to estimate well-calibrated survival probabilities. We investigate the 

mechanism underlying this decoupling in Section 4.4. 

Scenario Robustness 

Table 3 summarizes double descent behavior across all five experimental scenarios. The 

pattern is robust to covariate distribution and ground truth complexity but sensitive to 

effective sample size. 

Double descent behavior across scenarios. All values are test C-index (mean ± standard 
deviation) across twenty seeds. The threshold (ݓ = 16) corresponds to the interpolation peak 
where performance is worst. 

Scenario Specification ݓ = ݓ 2 = ݓ 16 = 2048 

A (Baseline) Gaussian, 30% cens. 0.805 ± 0.035 0.710 ± 0.051 0.784 ± 0.037 

B (Log-normal) Log-normal covariates 0.830 ± 0.131 0.786 ± 0.044 0.856 ± 0.034 

C (Categorical) 5 features, ܭ = 10 0.509 ± 0.014 0.520 ± 0.024 0.522 ± 0.023 

D (High cens.) 90% censoring 0.768 ± 0.100 0.751 ± 0.096 0.787 ± 0.073 

E (Nonlinear) Interactions + quadratic 0.790 ± 0.041 0.711 ± 0.056 0.787 ± 0.043 

Scenarios A and E exhibit significant double descent: concordance drops 9–12% absolute at the interpolation threshold before recovering to baseline levels (Welch’s ݐ-test comparing ݓ = 2 vs. ݓ = 16: Scenario A, ݐ = ݌ ,6.9 < 0.001; Scenario E, ݐ = ݌ ,5.1 < 0.001). Scenario 

B shows a similar pattern, though the high variance at ݓ = 2 limits statistical power. 



Scenario E confirms that double descent persists under nonlinear ground truth: the pattern 

closely matches Scenario A despite the true hazard including interaction (ݔ௜ ⋅  ௜+1) andݔ

quadratic (ݔ௜2) terms. 

Scenario C (categorical features) uses 5 categorical features with 10 levels each, yielding 50 

one-hot encoded input features. This scenario shows no double descent: concordance 

remains flat near ܥ ≈ 0.51–0.52 across all widths, barely exceeding chance performance. 

With 600 training samples distributed across 50 one-hot features, each category level 

appears approximately 60 times on average. The sparse representation prevents the 

network from learning category-specific hazard effects, and neither underparameterized 

nor overparameterized models achieve meaningful discrimination. This contrasts sharply 

with the continuous covariate scenarios (A, B, E), where all widths achieve ܥ > 0.70. Scenario D (90% censoring) shows no significant double descent (Welch’s ݐ-test comparing ݓ = 2 vs. ݓ = ݐ ,16 = ݌ ,0.55 = 0.59), with substantially higher variance (ߪ ≈ 0.10 

vs. 0.04) obscuring the pattern. With only approximately 100 observed events, the effective 

sample size is ten times smaller than Scenario A, reducing statistical power. 

The IBS saturation phenomenon persists across Scenarios A, B, D, and E where neural 

networks achieve non-trivial discrimination (ܥ > 0.70), confirming that calibration failure 

is intrinsic to Cox partial likelihood optimization rather than an artifact of specific data 

characteristics. Scenario C is excluded from this conclusion because the near-chance 

concordance indicates the models failed to learn the underlying hazard structure. 

Mechanism of Calibration Failure 

Figure 2 illustrates why neural Cox models fail at calibration despite achieving reasonable 

discrimination. Panel A shows that neural networks learn extreme risk scores spanning [−15, +15], while classical Cox PH maintains concentrated scores around zero. Panel B 

demonstrates that these extreme scores preserve correct rankings across model widths, 

explaining why C-index remains stable even as risk score distributions change 

dramatically. Panel C reveals the consequence: the Breslow estimator, which converts risk 

scores to survival probabilities, produces degenerate predictions (flat or step functions) 

when risk scores are extreme. Classical Cox PH avoids this failure by jointly estimating 

baseline hazards with coefficients under appropriate constraints, producing well-

calibrated survival curves. 

This mechanism explains the calibration-discrimination divergence documented in 

Figure 1. The Cox partial likelihood optimizes only rankings, not magnitudes, allowing 

networks to achieve high concordance through extreme but correctly-ordered risk scores. 

These extreme scores then break the Breslow estimator, producing poor calibration 

regardless of model capacity or regularization. 



 

Mechanism of calibration failure in neural Cox models. All panels use Scenario A data. (A) 
Schematic risk score distributions representative of Scenario A behavior: Cox PH produces 
concentrated scores (blue), while neural networks at small widths (ݓ ≤ 16, purple outline) 
produce moderately spread scores, and large widths (ݓ ≥ 512, red outline) produce bimodal, 
extreme scores spanning [−15,+15]. Step-outline histograms are used to avoid color artifacts 
from alpha-blended overlap regions. (B) Despite varying risk score ranges across widths (21 
to 211, gray bars), C-index (blue line) remains stable, because the Cox partial likelihood 
optimizes rankings, not score magnitudes. (C) Schematic Breslow estimator output for 
patients above (solid) and below (dashed) the median predicted risk score. Blue curves show 
Cox PH: well-calibrated, time-varying survival estimates with correct ordering. Red curves 
show neural Cox: extreme risk scores (̂ߟ ≫ 0 for high-risk patients, ̂ߟ ≪ 0 for low-risk) cause 
the Breslow estimator to produce ܵ̂(ܠ|ݐ) ≈ 0 and ܵ̂(ܠ|ݐ) ≈ 1 everywhere, respectively, 
collapsing both curves to uninformative constants. Correct ranking is preserved (the red 
curves are ordered), but calibration is destroyed. 

Regularization Mitigates Double Descent 

Figure 3 compares test concordance across model widths with and without L2 

regularization (weight decay ߣ = 0.01). Regularization attenuates the double descent 

phenomenon, though its effects are nuanced. 

The unregularized baseline exhibits a sharp performance dip near the interpolation 

threshold (ݓ = 16), with concordance dropping to 0.710 ± 0.051. With weight decay, the 

minimum concordance occurs at ݓ = 16 with value 0.736 ± 0.032, a difference of ≈ 3.5 % at the worst point, though this difference does not reach significance (Welch’s ݐ-test, ݐ ݌ ,1.9= = 0.06). The regularized curve exhibits a flatter profile across the threshold region 

ݓ) ∈ [16,64]), suggesting that L2 regularization smooths the transition between 

underparameterized and overparameterized regimes. 

In the overparameterized regime (ݓ ≥ 128), both curves stabilize. The shaded region in 

Figure 3 highlights widths where regularization improves performance. The regularized 

models achieve 0.763 ± 0.042 at ݓ = 2048, compared to 0.784 ± 0.037 for unregularized 

models. This suggests that while regularization helps near the threshold, very large 

unregularized models may ultimately achieve slightly better discrimination through 

implicit regularization. 



These results partially align with theoretical accounts of double descent . Explicit 

regularization provides benefits near the interpolation threshold, but does not fully 

substitute for the implicit regularization conferred by extreme overparameterization. 

 

Effect of L2 regularization on double descent. (A) Test concordance versus model width 
without regularization (red) and with weight decay ߣ = 0.01 (blue). The amber-shaded 
region marks widths where the regularized curve lies above the unregularized curve. Stars 
mark the minimum concordance for each condition. (B) Test IBS for the same two conditions; 
the two curves overlap throughout, confirming that L2 regularization does not improve 
calibration. 

Discussion 

Our experiments confirm that double descent occurs in survival analysis under Cox partial 

likelihood training, extending prior observations from classification and regression settings 

to time-to-event modeling. The phenomenon appears robustly in concordance index across 

different covariate distributions (Gaussian, log-normal), though its manifestation differs 

from classification in important ways. Most notably, the integrated Brier score does not 

exhibit double descent but rather saturates at a constant value in the overparameterized 

regime, revealing a consistent decoupling between discrimination and calibration metrics 

under Cox optimization. 

Relation to Theoretical Predictions 

 provide theoretical analysis of double descent in survival models, and our empirical 

findings both confirm and extend their predictions. Their analysis predicts that double 

descent should occur under Cox partial likelihood, which our experiments verify: test 

concordance exhibits the characteristic non-monotonic pattern with a minimum at the 

interpolation threshold. 

Two of their key predictions align with our observations. First, they suggest that double 

descent should manifest in survival losses, which we confirm: concordance drops 

significantly at the interpolation threshold (݌ < 0.001) before recovering. Second, they 



predict that the second descent may be attenuated relative to standard supervised 

classification settings (e.g., image or binary classification tasks where double descent has 

been documented ). Our data trends in that direction, but neither confirms nor refutes this 

prediction. While concordance recovers from 0.710 to 0.784, this recovered value is not significantly different from the baseline of 0.805 (Welch’s ݐ-test, ݌ = 0.07). 

One observation extends beyond their theoretical framework.  do not distinguish between 

discrimination and calibration metrics, treating generalization error as a unified quantity. 

Our experiments reveal that these metrics decouple dramatically: concordance follows a 

double descent curve while IBS saturates. This decoupling is a direct consequence of the 

ranking-based Cox loss, which can achieve high discrimination through correct orderings 

even when the underlying risk scores (and derived survival probabilities) become 

degenerate. This finding has practical implications not addressed in the theoretical 

analysis, namely that concordance-based model selection, which is standard in survival 

analysis, may mask calibration failures that affect clinical decision-making. 

Clinical Model Selection 

The double descent curve presents a practical challenge for survival model selection in 

clinical applications. The interpolation threshold, where test performance is worst, 

corresponds to models of moderate complexity that might otherwise seem reasonable 

choices. Our results suggest several strategies for practitioners: 

Avoid the threshold region. When training neural survival models, practitioners should 

either (1) constrain capacity to remain clearly underparameterized, or (2) scale to 

overparameterized regimes where benign overfitting provides protection. The 

intermediate region, particularly near ܲ ≈ eܰvents, should be avoided or traversed quickly 

during hyperparameter search. 

Account for censoring. In high-censoring scenarios common to many clinical applications 

(e.g., rare adverse events, long-term outcomes), the effective sample size is determined by 

event counts, not total observations . Our experiments with 90% censoring (Scenario D) 

showed substantially higher variance (ߪ = 0.10 vs. 0.04), which obscured the double 

descent pattern: the observed dip was not significant (݌ = 0.59). This underscores the 

importance of replication across multiple random seeds and larger sample sizes when 

events are rare. 

Use regularization for discrimination, not calibration. L2 regularization via weight decay 

attenuates the concordance dip near the threshold, improving worst-case discrimination by 

approximately 3.5% absolute in our experiments. However, regularization does not resolve 

calibration failures: IBS remains saturated regardless of weight decay. Practitioners 

requiring calibrated survival probabilities should consider alternative approaches such as 

post-hoc recalibration  or direct probability prediction methods . 

Limitations 

Several limitations constrain the interpretation of our findings. All neural networks used 

identical optimization hyperparameters (learning rate 0.001, Adam optimizer) regardless 



of model size. Larger models may benefit from different learning rates or longer training; 

the elevated negative log-likelihood values observed at higher widths could reflect 

optimization difficulty rather than statistical overfitting alone. Learning rate scaling with 

model width, as explored in recent deep learning theory, was not investigated. 

Our experiments vary network width while holding depth fixed at two hidden layers. Prior 

work in classification suggests that width and depth produce similar double descent curves 

when plotted against total parameter count , but whether this equivalence holds under Cox 

partial likelihood optimization remains untested. Deeper networks introduce additional 

optimization challenges, including vanishing gradients and the potential need for residual 

connections, which could interact with the survival loss geometry in ways our experiments 

do not address. 

With twenty random seeds per configuration, the reported standard deviations are 

moderate (0.035–0.051 for concordance), limiting statistical power to detect small effects. 

The claimed regularization benefit of approximately 3.5% absolute concordance improvement does not reach significance (Welch’s ݐ-test, ݌ = 0.06). 

The categorical covariate scenario (Scenario C) yielded near-chance concordance (ܥ ≈0.51–0.52) across all model widths, indicating that the network failed to learn category-

specific hazard effects. This negative result likely reflects the sparsity of one-hot encoded 

categorical data: with 50 binary input features and only 600 training samples, each 

category level is represented by approximately 60 observations on average. An additional 

source of degradation is information loss from discretization: the underlying covariates are 

generated from a continuous Gaussian copula and then quantile-binned into levels, and 

converting a continuous predictor to categorical form discards substantial information. 

Harrell () notes that even a single binary dichotomization loses at least one-third of the 

information available in the original continuous variable. The lack of discrimination 

prevents any conclusion about whether double descent would occur in categorical survival 

settings with larger sample sizes or different encoding strategies (e.g., entity embeddings). To address concerns that our linear ground truth may represent a “straw man” for neural 
networks, we conducted additional experiments with nonlinear data-generating processes 

(Scenario E). These experiments included interaction terms (ݔ௜ ⋅ ௝ݔ  for adjacent predictive 

features) and quadratic terms (ݔ௜2) in the true hazard function, creating relationships that 

linear models cannot perfectly capture. The double descent pattern persists under 

nonlinear ground truth: concordance drops from 0.790 ± 0.041 at ݓ = 2 to 0.711 ± 0.056 

at ݓ = 16, then recovers to 0.787 ± 0.043 at ݓ = 2048. Extended experiments at ݓ = 4096 

and ݓ = 8192 confirm that recovery plateaus at approximately ܥ = 0.79, matching the 

baseline. The IBS saturation phenomenon also persists, confirming that calibration failure 

is intrinsic to Cox partial likelihood optimization regardless of ground truth complexity. 

The integrated Brier score for neural networks (approximately 0.52) substantially exceeds 

that of classical baselines (Cox PH: 0.113, RSF: 0.151), as shown in Table 2. This gap 

indicates that survival probability calibration is consistently impaired by Cox partial 

likelihood optimization, independent of model capacity. Critically, L2 regularization does 

not resolve this issue: regularized models at ݓ = 2048 achieve IBS of 0.522 ± 0.021, 



essentially identical to unregularized models (0.523 ± 0.020). The IBS saturation therefore 

reflects a systematic limitation of Breslow-based survival probability estimation from Cox 

models rather than a numerical artifact of exploding weights. Alternative calibration 

methods, such as post-hoc recalibration  or direct survival probability prediction , warrant 

investigation. 

Concluding Remarks 

We have demonstrated that double descent, the non-monotonic relationship between 

model capacity and test error, occurs in neural survival models trained with Cox partial 

likelihood. The phenomenon manifests clearly in concordance index: test concordance 

drops from 0.805 to 0.710 at the interpolation threshold (݌ < 0.001) before recovering to 

0.784 in the overparameterized regime. The integrated Brier score, however, saturates at 

approximately 0.52 beyond the threshold regardless of model capacity or regularization, 

revealing a consistent decoupling between discrimination and calibration under Cox 

optimization. 

This calibration failure is the central finding of our study. Neural Cox models achieve 

discrimination comparable to classical baselines (C-index within 0.05 of Cox PH) but 

exhibit calibration 4–5 times worse (IBS of 0.52 versus 0.11–0.15). The persistence of this 

gap under L2 regularization indicates it stems from the Cox partial likelihood objective 

itself, not from optimization artifacts. Practitioners requiring calibrated survival 

probabilities should consider alternatives to neural Cox models, such as direct probability 

prediction methods. 

High censoring (Scenario D) increases variance sufficiently to obscure the double descent 

pattern (݌ = 0.59), and L2 regularization shows a trend toward improved worst-case 

concordance (approximately 3.5% absolute, ݌ = 0.06) but does not address calibration. 

These findings have immediate practical relevance for clinical prognostic modeling. The 

double descent curve implies that moderate-complexity models may perform worse than 

either simpler or substantially larger alternatives. More critically, concordance-based 

model selection (standard practice in survival analysis) will miss the calibration 

breakdown that affects all neural Cox models regardless of architecture or regularization. 

Supplementary Materials 

Appendix A derives the inverse transform for Weibull-Cox event times. Appendix B details 

the Gaussian copula procedure for correlated categoricals. Code and data generation 

scripts are available at https://github.com/Steven-N-Hart/DoubleDescent. 
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Inverse Transform for Weibull-Cox Model 

Hazard: ℎ(ܠ|ݐ) = (ܠ|ݐ)ܪ :Cumulative hazard .(ܠ⊤઺)ఔ−1expݐߥߣ =  .(ܠ⊤઺)ఔexpݐߣ
Survival function: ܵ(ܠ|ݐ) = exp(−ݐߣఔexp(઺⊤ܠ)). 
Set ܵ(ܶ|ܠ) = ܷ, ܷ ∼ Uniform(0,1). Solve: −ܶߣఔexp(઺⊤ܠ) = ln(ܷ),ܶ = ( −ln(ܷ)ߣexp(઺⊤ܠ))1/ఔ . 
Gaussian Copula for Correlated Categoricals 

Generate (ܺ1, ܺ2)⊤ ∼ ࣨ(૙, ઱) with off-diagonal ߩ = 0 (independent features, as used in all 

scenarios reported here). Set ܺcont = ܺ1. Compute ܷ2 = ,0ݍ Define cutoffs .(2ܺ)ߔ … ,  ௄ fromݍ

target marginal probabilities. Assign ܺcat = ݇ when ݍ௞−1 ≤ ܷ2 <  ௞. Rank correlation fromݍ

the copula carries through; marginals match specification. 
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