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Abstract

The learning to defer (L2D) framework enables safety in machine learning and
AI systems by allocating difficult or critical decisions to a human expert. How-
ever, prior work on L2D assumes fixed expert reliability, overlooking temporal
fluctuations in human performance due to factors such as fatigue and cognitive
biases. Humans commonly exhibit such substantial, systematic performance shifts
across a wide range of domains, from high-stakes settings such as radiology, avia-
tion, and judicial decision-making, to everyday tasks such as crowdsourced image
annotation. We propose Expert Drift Adapted Learning-to-Defer (EDA-L2D), a
novel expert-aware L2D framework that explicitly models these temporal shifts
by conditioning the deferral head on recent histories of expert outcomes via a
sequence model. This history-aware approach enables adaptive deferral policies
that anticipate reliability fluctuations and better allocate decisions between human
and machine over time. We provide comprehensive experiments across 3 diverse
tasks - image classification, medical diagnosis, and hate speech detection - show-
ing that for a time-dependent expert, our approach consistently achieves higher
performance and better deferral rates than prior L2D approaches.

1 Introduction

Hybrid intelligent (HI) systems combine human and machine intelligence to achieve goals unattainable
by either alone, emphasizing complementarity over replacement [1, 2, 3]. One popular HI paradigm
is learning to defer (L2D): the system learns not only to predict a label but also to decide when to
hand off the decision to a human expert. The original formulation of L2D shows that accounting
for the expert’s strengths and biases can improve overall accuracy and fairness relative to a static
rejection framework [4].

However, existing L2D systems assume that expert behavior is fixed or stationary. In practice,
non-stationarity in human decision-making has been documented across a wide range of high-stakes
domains. In medical imaging, radiologist diagnostic accuracy declines measurably over overnight
shifts due to fatigue [5, 6]. In aviation and autonomous driving, operator performance fluctuates with
cognitive load and attentional underload [7, 8, 9]. In judicial settings, Danziger et al. [10] analyzed
1,112 parole rulings by eight judges and found that the probability of a favorable ruling dropped
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Figure 1: Per-annotator running accuracy (20-index window) over 200 trials, shown for four repre-
sentative CIFAR-10-H annotators. Accuracy is computed along each annotator’s presentation order
on non-attention-check trials. Green and red background shading indicate correct and incorrect
individual responses, respectively.

from ∼65% at the start of a session to nearly 0% before a break, resetting afterward—a pattern that
could not be explained by case characteristics alone. These findings collectively demonstrate that
expert decisions exhibit significant within-session non-stationarity, driven by fatigue, cognitive biases
[11, 12, 13], and contextual factors.

We show that this phenomenon persists even in ostensibly simple annotation tasks. As shown in
Figure 1, four representative annotators from the CIFAR-10-H dataset [14] illustrate the diversity of
accuracy trajectories within a single session: some annotators maintain consistently high accuracy
throughout, while others exhibit prolonged accuracy drops or abrupt performance shifts. In all four
cases, errors tend to cluster temporally suggesting that performance degradation is not random but
structured in time. Even on a straightforward visual task, factors such as availability bias and lapses
in sustained attention can cause substantial accuracy drift. This motivates L2D systems that can track
and adapt to time-varying expert reliability.

We address this challenge by proposing a novel framework for L2D: Expert-Drift-Adapted Learning
to Defer (EDA-L2D). Our framework explicitly models non-stationarity in expert performance. We
modify L2D’s rejector sub-component to condition on short-horizon histories of expert decisions.
This allows the system to be aware of the expert’s current behavior, and modify its deferral policy
accordingly. We illustrate our approach Fig. 2a. Concretely, we integrate a sequence model into the
deferral head to to explicitly model expert reliability over time. We validate our approach across
diverse tasks including medical image recognition, hate speech detection, and image classification.
We demonstrate consistent gains in system accuracy over existing, time-agnostic L2D approaches. In
summary, our contributions are as follows:

• We propose a novel Expert-Drift-Adapted Learning to Defer (EDA-L2D) that explicitly
models variance in human expert performance over time, allowing the system to flexibly
adapt to realistic human experts. We propose our approach in §3, including a new time-aware
learning objective (§3.2) and model formulation (§3.3) supported by Bayes consistency
proofs (Appendix A.2 and A.3).

• We validate the approach with simulated, time-dependent experts on real-world tasks that
require HI solutions (§5.1, §5.2, §5.3), and show that this time-variance is present in real
human-annotated data.

2 Background

We first describe the traditional L2D setting [15], in which the expert’s abilities are assumed to be
static and time-invariant.
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Figure 2: (a) An example use case of our EDA-L2D framework in a setting with expert performance
drift: a radiologist whose performance degrades over a workday. Our model monitors past outcomes
to infer current expert reliability in real time, deferring to the expert when reliable and assigning
cases to the model when the expert’s performance declines. (b) Overview of our expert drift adapted
L2D framework. A streaming sequence of inputs is encoded by the backbone into features. At each
timestep, the feature vector is concatenated with the expert’s previous prediction and passed to an
RNN module. The classifier head outputs class logits and the defer head outputs a deferral score;
a deferral gate then assigns the instance to either the expert or the classifier. Because the expert’s
competence drifts over time, this design makes the L2D system time-aware and adaptive to temporal
shifts.

2.1 Data & models

We will exclusively consider the problem of multi-class classification with a feature space X and
the label space Y = {1, . . . ,K}. Given some input x ∈ X , we define P(y | x) as the unknown
label-generating distribution and P(m | x) as the unknown distribution over expert predictionsm ∈ Y .
L2D is comprised of two sub-components: a classifier h : X → Y and a rejector r : X → {0, 1},
which decides whether to make a prediction using the classifier (r(x) = 0) or by deferring to the
expert (r(x) = 1).

2.2 Classifier-rejector loss function

To train our L2D model, we need to fit both the rejector and classifier models. The classifier incurs
a loss of zero (correct) or one (incorrect) when it makes a prediction. Similarly, the human expert
incurs the same 0-1 loss when making a prediction (i.e. r(x) = 1). Combining these two 0-1 losses
using the rejector model results in the combined classifier-rejector loss:

L0−1(h, r) = Ex,y,m [(1− r(x)) I[h(x) ̸= y] + r(x) I[m ̸= y]] (1)

where I denotes an indicator function checking the prediction against the ground-truth label. When
minimizing this loss, the resulting Bayes optimal classifier and rejector satisfy:

h∗(x) = argmax
y∈Y

P(y = y|x), r∗(x) = I
[
P(m = y|x) ≥ max

y∈Y
P(y = y|x)

]
, (2)

where P(y|x) represents the label probability under the data generating process, and P(m = y|x)
is the probability of the expert making the correct prediction. The expert may have knowledge not
available to the classifier, so they could outperform the Bayes optimal classifier.

2.3 Softmax surrogate loss

A consistent surrogate loss for the above L0−1 loss can be derived following the formulation from
[15]. First, we consider an augmented label space that includes both the label space Y and the
rejection option ⊥: Y⊥ := Y ∪ {⊥}. Secondly, for a class k ∈ [1,K], let gk : X 7→ R, and let
g⊥ : X 7→ R denote the rejection option. We can combine these K + 1 with a loss resembling the
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cross-entropy loss for a softmax parameterization:

ϕSM(g1, . . . , gK , g⊥;x, y,m) = − log

(
exp{gy(x)}∑

y′∈Y⊥ exp{gy′(x)}

)

− I[m = y] log

(
exp{g⊥(x)}∑

y′∈Y⊥ exp{gy′(x)}

)
.

(3)

Here, the first term maximizes gk for the true label k. The second term maximizes the rejection
function g⊥, but only when the expert’s prediction is correct. At test time, the classifier takes the
maximum over the classes: ŷ = h(x) = argmaxk∈[1,K] gk(x). Similarly, we formulate the rejection
function as r(x) = I[g⊥(x) ≥ maxk gk(x)]. The minimizers g∗1 , . . . , g

∗
K , g

∗
⊥ of ϕSM also uniquely

minimize the 0-1 loss from Equation 1, L0−1(h, r).

3 Expert-drift-adapted Learning to Defer

This section introduces our Expert-Drift-Adapted Learning to Defer (EDA-L2D) framework, which
extends L2D to account for non-stationarity in expert performance. Accordingly, we derive the
corresponding softmax surrogate loss for this setting. We also propose multiple parameterizations,
including one that uses a recurrent neural network to incorporate short-horizon temporal context into
the deferral policy.

3.1 Setting: non-stationary expert

We consider the same setting as Section 2—L2D for multi-class classification—except now we
assume the expert is non-stationary. Thus, instead of a fixed distribution P(m | x), the expert’s
predictions are generated by Pt(mt | x), with the subscript t ∈ T denoting a time index. Note
that we are assuming the classification task itself is stationary, i.e. y ∼ P(y | x), which still has
no time dependence. To ground the notation in an example, consider a radiology L2D system:
forming a diagnosis from a medical image is a static task, yet the paired radiologist changes over
time—becoming fatigued over a long shift, with drift that may be non-monotonic, e.g. recovering
after a lunch break.

Returning to the technical details, our EDA-L2D system will have a classifier that is defined just as
above: h : X →Y . Again, the classifier is time-invariant since the prediction task itself is not time
dependent. The difference, however, arises in the rejector: r : X × T 7→ {0, 1}, meaning the rejector
is a function of both the feature space X and time T . While in the simplest case T would be a scalar
time index, we could also formulate T as a feature space that describes the current state of the expert
(e.g. tabular biomarkers).

3.2 Learning objective and bayes solutions

The learning objective is similar to that in Section 2 (equation 1), except now it takes the form of a
summation over time:

LT
0−1(h, r) =

∑
t∈T

Ex,y,mt

[
(1− r(x, t)) I[h(x) ̸= y] + r(x, t) I[mt ̸= y]

]
. (4)

As the distribution of y does not depend on time, the classifier’s Bayes solution is just as before:
h∗(x) = argmaxy∈Y P(y = y | x). Yet the Bayes optimal rejector does change, becoming
time-dependent like so:

r∗(x, t) = I
[
Pt(mt = y | x) ≥ max

y∈Y
P(y = y | x)

]
.

The intuition is the same as above—compare the chance of expert correctness vs classifier confidence
for the modal label—yet now the expert correctness term is time dependent, Pt(mt = y | x).

3.3 Implementations of the softmax surrogate loss

The derivation for the corresponding softmax surrogate loss follows fairly directly from Mozannar and
Sontag [15]’s original derivation. Yet we consider two distinct parameterizations of the underlying
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model. The first is a ‘per time step’ version that treats the L2D problem independently at each time step.
We consider this the most naive extension of traditional L2D that still satisfies our motivating setting of
expert drift. We then go on to describe how to use a recurrent neural network (RNN) to parameterize
the rejector, which allows the expert’s previous predictions to help inform the deferral policy. For all
implementations, we assume we have access to a training set D =

{
{(xt,n, yt,n,mt,n)}Nn=1

}
t∈T

,

which consists of N feature-label-expert-prediction triplets at each of |T | time steps. Again, we
emphasize that only the underlying distribution of mt,n is time-varying, and the time indices on
xt,n, yt,n are there merely to ‘synchronize’ the feature-label pairs with the expert predictions.

Per-time-step implementation and loss The softmax surrogate in equation 3 can be naturally
extended to the drifting-expert setting by instantiating a traditional L2D model at each time step.
Specifically, we define a model at each time step and train in locally for that time step via the
surrogate:

ϕt
SM(g1,..., gK , g

t
⊥;x, y,mt) = − log

exp{gy(x)}∑
y′∈Y⊥ exp{gy′(x)}

− I[mt = y] log
exp{gt⊥(x)}∑

y′∈Y⊥ exp{gy′(x)}
.

(5)
Notice that gt⊥ is specific to the current time step, but g1, . . . , gK could be shared across all time
steps (since they encode the classifier). As mentioned above, we consider this a naive implementation
and will primarily use it to benchmark our second approach, described below. Having gt⊥(x) only be
a function of x means that it ignores patterns that could be detected by having information about the
expert’s behavior at previous time steps. Moreover, this implementation has the clear drawback that
it cannot generalize to time steps that were not seen in the training set. For instance, if all training
sets had |T | = 10, denoting that the expert worked a 10-hour shift. Then it is not clear how to deploy
and use the model when the expert may work for longer than 10 hours.

Loss for RNN-based model We next consider a more sophisticated implementation that uses an
RNN-based parameterization to incorporate information about the expert’s previous predictions. Here
we use a surrogate loss defined across all time steps:

ϕT
SM (g1, ..., gK , g⊥; {xt, yt,mt}t∈T ) =

∑
t∈T

− log
exp{gyt

(xt)}
exp{g⊥(xT , t)}+

∑
y′∈Y exp{gy′(xt)}

− I[mt = y] log
exp{g⊥(xt, t)}

exp{g⊥(xT , t)}+
∑

y′∈Y exp{gy′(xt)}
.

(6)
where here g⊥(xt, t) is parameterized with an RNN so that it can leverage information from previous
time steps. While we have left the time feature t vague, this will contain the expert’s previous
prediction mt−1 when it is available. We next describe the neural architecture in more detail.

RNN Architecture The RNN first takes as input the feature vector xt, producing a hidden rep-
resentation ft = ψ0(xt). For instance, if xt is an image, then ϕ(·) could be a convolutional NN.
The feature representation is then passed into a recurrent module: zt = ψ1

(
zt−1, ft, m̂t−1

)
. During

training we use teacher forcing for m̂t−1∈{0, 1} (expert correct/incorrect at t−1); at test time it is
computed from realized routing and the expert’s actual outcome. Lastly, the g-functions found in
Equation 6 are produced by a final linear transformation: gk(xt) = w⊤

k zt (k ∈ 1, . . . ,K]) and
g⊥(xt) = w⊤

⊥zt. The predicted label chosen via argmaxk gk(xt). g⊥(xt) quantifies the preference
for deferral, with the system deferring if g⊥(xt) ≥ maxk gk(xt).

The intuition behind this formulation is that the classifier and rejector should not operate solely on
the current input but instead incorporate temporal context that reflects the expert’s evolving reliability.
By conditioning the recurrent state zt on both the encoded input ft and the previous correctness
indicator m̂t−1, the system adaptively tracks fluctuations in expert performance. The classifier head
then focuses on predicting the label from this time-dependent state, while the deferral head estimates
whether the expert should be trusted at the current step.

While both variants address expert drift, they differ in their temporal expressiveness: the per-step
model provides a simple and interpretable instantiation that adapts independently at each time step,
whereas the RNN-based model captures dependencies across steps, enabling the system to anticipate
trends in expert reliability and generalize to unseen temporal patterns beyond the training horizon.
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4 Related work

Learning to Defer (L2D) Early work on classifiers that can choose to reject or abstain instead
of making a prediction [16] inspired more recent work on how to model what happens after the
classifier abstains [4], with Mozannar and Sontag [15] deriving the first consistent surrogate loss for
the problem. This work has been expanded in recent years to address several limitations, including
mis-calibration [17, 18], underfitting [19], realizable consistency [20], sample complexity [21],
data scarcity [22], and deferral to multiple experts [23]. Two complementary extensions are worth
noting. Joshi et al. [24] frame deferral as a sequential decision-making problem via model-based
reinforcement learning, addressing tasks where the prediction target itself evolves over time—such
as managing a patient’s diabetes trajectory. Besides, Tailor et al. [25] use meta-learning to adapt to
novel experts at test time, addressing population-level variability across different experts. However,
these approaches do not consider the complexity of modeling human experts—as we do—and could
just as well be applied to a black-box API.

Temporal shifts in human performance In many high-stakes domains, human performance shift
over time (due to fatigue or other cognitive factors) are well-documented and widely studied. Fatigue
is extremely common in high-stakes domains and long-horizon tasks, such as radiology [6], automated
driving [7], air traffic control [8], and flying planes [9]. Beyond affecting surface-level performance
on these tasks, fatigue physically affects the brain, causing reduced alertness and vigilance that can be
measured directly, e.g. using EEG signals [8]. Human behavior can also exhibit cyclical or periodic
patterns, such as circadian rhythms [26] or workload-dependent [27], which introduce additional
forms of non-stationarity over time.

5 Experiments

We evaluate our proposed EDA-L2D framework through a progression of controlled simulations.
We train the two variants of EDA-L2D (per-step and RNN-based) on three benchmarks spanning
distinct modalities and annotation regimes: CIFAR-10 (image classification), CheXpert (chest X-ray
classification) and Hate Speech (text moderation). Our code is publicly available.2 Our primary
baseline is “Naive L2D”, meaning that we apply a traditional L2D system that has no awareness of
time, collapsing all training data and presenting it to the model without an information about time
ordering.

5.1 CIFAR-10

Task and data. We study standard image classification on CIFAR-10 [28]. The dataset contains
60,000 color images from ten object categories (airplane, automobile, bird, cat, deer, dog, frog, horse,
ship, truck), with 50,000 training images and 10,000 test images. For our experiments, we first
arrange training images into sequences and perform a sequence-level split with 90% of the sequences
used for training and 10% for validation, ensuring that each sequence appears in exactly one split.
The official test set is used for final evaluation.

Experts. To evaluate our method under both controlled and realistic conditions, we consider two
expert settings.

Synthetic annotator. We use a synthetic annotator whose accuracy linearly decays from 1 to 0.5 over
the course of the sequence, simulating a fatiguing annotator.

Real human annotator. We select real human annotators from CIFAR-10-H [14] who exhibit large
performance drift. For each annotator, we smooth the per-trial accuracy using a rolling window of
20 trials and subsample to T=50 time steps to obtain the annotator performance curve used in our
experiments.

Proposed methods. We instantiate EDA-L2D with a shared WideResNet-28×4 backbone. On
CIFAR-10, where K=10, the model outputs 11 logits at each time step: 10 class logits from the
classification head and one deferral logit from a recurrent deferral head. At each step, the deferral

2https://github.com/ZiyaoMou/L2D-Expert-Drift
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Figure 3: Plots of system accuracy and classifier coverage on CIFAR-10 over T=50 time steps under
three annotator performance profiles. The first column corresponds to a synthetic annotator whose
accuracy decays linearly from 100% to 50%, while the second and third columns correspond to real
annotators from CIFAR-10-H (annotators 454 and 1004). Panels (a) show the system accuracy of
the deferral system, and panels (b) show classifier coverage, defined as the proportion of examples
handled by the classifier rather than deferred to the annotator. Results are averaged over 10 runs, with
error bars denoting the standard error of the mean.

module updates its hidden state from the current backbone features, the expert’s outcome at the
previous step, and the current position in the sequence.

We consider recurrent deferral modules based on either a single-layer GRU or LSTM, with hyperpa-
rameters selected on a held-out validation set. The GRU variant uses hidden dimension 256, while
the LSTM variant uses hidden dimension 512 with dropout. In our experiments, validation selection
chooses the GRU-based deferral module for the synthetic expert setting and the LSTM-based deferral
module for the human-annotator setting. Training details for the Naive L2D baseline, EDA-L2D
(per-step), and both recurrent EDA-L2D variants are provided in Appendix B.1.

Results. Fig. 3a: on the synthetic linear expert, RNN and per-step variants beat the naive baseline
by 0.59% and 0.86%, respectively, when averaged over all 50 steps. On CIFAR-10-H experts, RNN
variants improve over the naive baseline by 3.91% and 1.93% for Annotators 454 and 1004; per-step
variants improve by 3.85% and 2.42%, respectively. Fig. 3b shows that the naive baseline maintains
nearly constant coverage over time, whereas EDA-L2D reallocates deferral as expert accuracy drifts.

5.2 CheXpert

Task and data. CheXpert[30] is a large chest X-ray dataset with structured labels for 14 pathologies,
widely used to benchmark automated radiograph interpretation. We frame the task as per-task, per-
timestep binary decisions over image sequences of length T : at each timestep t ∈ {1, . . . , T} and for
each observation k, the system must either output a class prediction or defer to an external expert. We
use the downsampled CheXpert release with one-vs-rest targets and apply a binary mask to suppress
labels marked uncertain or missing. All images are converted to three channels, normalized, and
resized to ImageNet-compatible resolution; training augmentation includes random resized crops,
horizontal flips, and random rotations up to 15◦.
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Figure 4: System AUROC (a, c) and classifier coverage (b, d) on CheXpert for Consolidation and
Pleural Effusion under the synthetic expert setting (a, b) and the real human expert setting (c, d); for
the latter, we estimate the expert’s accuracy trajectory from Figure 3 of Ömer Kasalak et al. [29].
Results are averaged over ten random seeds, with error bars denoting the standard error of the mean.

Experts. Studies have shown that radiologist workload varies substantially throughout the day, ac-
companied by corresponding fluctuations in diagnostic error rates [29]. Motivated by this observation
and the reported performance of radiologists on the CheXpert dataset [30], we consider two expert
settings.

Synthetic expert. We construct a simple fatiguing expert whose accuracy follows a periodic trajectory
over T=10 discrete time steps, cyclically varying between 50% and 100%. Specifically, we parame-
terize this trajectory using a mixture of Gaussian basis functions to induce alternating phases of high
and low accuracy.

Real human expert. We extract the precision trajectory from Figure 3 of Ömer Kasalak et al. [29],
which reports the diagnostic accuracy of the radiologist over a 10.5-hour work period. Assuming that
approximately 25 cases are reviewed every 30 minutes, we discretize the curve into T=21 sequential
time steps and linearly rescale the resulting accuracy values to [0.68, 0.90].

Proposed methods. Following Irvin et al. [30], we construct our EDA-L2D(RNN) model on a
DenseNet-121 backbone initialised with ImageNet pretraining as a shared feature extractor. At
each time step, the extracted features are passed to a per-class classification head producing two
logits (negative vs. positive), and to a single-layer LSTM-based deferral module with 1,024 hidden
units. The LSTM conditions its deferral decision on the current CNN features and a binary indicator
of the expert’s correctness at the previous time step, yielding one deferral logit per class. Further
architecture and training details are provided in Appendix B.2.

Results. As shown in Fig. 4a, under the synthetic expert setting, both EDA-L2D variants consistently
outperform the naive baseline on Consolidation and Pleural Effusion over 10 time steps, with per-step
relative AUROC gains of 6.42% and 4.30% and RNN gains of 5.96% and 4.22%, respectively. Fig. 4c
shows a similar but weaker trend over 21 time steps: on Consolidation, per-step and LSTM yield
relative system-AUROC gains of 0.20% and 2.56%; on Pleural Effusion, LSTM improves by 0.26%
while per-step trails the baseline by 0.79% on average. Figs. 4b and 4d mirror the CIFAR-10 pattern:
the naive baseline defers at a fixed rate, while both variants dynamically adjust classifier coverage to
the periodic expert signal.
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Figure 5: System accuracy (a) and classifier coverage (b) on the Hate Speech dataset under three real
annotator performance curves. Results are averaged over 10 runs with a 60/10/30 train/valid/test split,
and error bars indicate the standard error of the mean.

5.3 Hate speech and offensive language detection

Task and data. We study detection of abusive content on Twitter posts using the Davidson et al.
[31] corpus of 24,783 English tweets annotated into three mutually exclusive classes: hate speech,
offensive but not hate, and neither.

Experts. To our knowledge, no prior work has studied annotator performance drift on the Davidson
corpus specifically. The closest reference is Abercrombie et al. [32], who examine intra-annotator
stability in hate speech labelling and find that individual annotators’ judgements vary substantially
over time. We operationalize annotator performance as agreement with the majority vote across
all annotators on each item, which we treat as a surrogate gold standard. Using the XHateStability
dataset of Abercrombie et al. [32], in which each annotator labels 100 items in a fixed order, we
derive a T=10 expert quality curve by partitioning these annotations into 10 equal bins of 10 items
each and computing the running accuracy (15-index window) within each bin. This yields a 10-point
curve that captures each annotator’s performance trajectory over time.

Proposed methods. We employ a TextCNN encoder to obtain a per-timestep feature representation
for each tweet in a length-T=10 sequence. To model temporal dependencies and expert reliability,
we concatenate a binary indicator of the expert’s correctness at the previous timestep to the CNN
feature and feed the resulting vector into a single-layer LSTM with 256 hidden units. The TextCNN
encoder feeds a fully connected classification head, while the LSTM feeds a fully connected deferral
head that outputs a single defer logit. We trained models following the recipe in Appendix B.3.

Results. Fig. 5a compares our two EDA-L2D variants to the naive baseline on the hate speech
dataset across three annotators. Both variants outperform the baseline for every annotator we
inverstigated, with the RNN model strongest overall. Averaged across annotators, accuracy is 90.46%
for the naive baseline, 90.63% for per-step conditioning, and 91.30% for the RNN variant. From
Fig. 5b we further observe that, while naive L2D maintains a fixed coverage across timesteps, both
EDA-L2D variants, particularly the RNN-based model, more effectively leverage the learned temporal
structure to adjust coverage at favorable timesteps.
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Figure 6: System accuracy and classifier coverage on CIFAR-10 over T = 70 time steps under
two real annotator performance profiles from CIFAR-10-H, evaluated in a step-change scenario.
For t = 0–49, annotator quality follows the non-monotonic rolling curve seen during training; at
t = 50 it abruptly shifts (shaded region). The left panel shows a sudden quality increase to p = 0.8
for Annotator 454, and the right a sudden decrease to p = 0.2 for Annotator 1004. Bands are ±1
standard error over 10 runs.

5.4 Generalization evaluation

To further probe the generalization capability of our EDA-L2D variants, we conduct an additional
experiment using the same CIFAR-10 setup as in Section 5.1. The annotator accuracy curves for
Annotators 454 and 1004 are used both for expert simulation and model training over T = 50 time
steps. After this in-distribution phase, we introduce a 20-step out-of-distribution period in which the
annotator accuracy abruptly shifts to a constant value that contrasts sharply with the final accuracy at
t = 50: for Annotator 454, quality jumps from p = 0.25 to p = 0.80; for Annotator 1004, it drops
from p = 0.85 to p = 0.20.

As shown in Fig. 6a and 6b, the naive baseline and EDA-L2D Per-step variant are unable to adjust
their behavior in either direction over t = 50. The EDA-L2D RNN variant, by contrast, leverages its
sequential conditioning on past annotator outcomes and gradually shifts its coverage toward the new
operating point: coverage decreases when quality suddenly improves (left panel) and increases when
it degrades (right panel). This adaptation translates into consistently higher system accuracy during
t = 50–69: for Annotator 454, the RNN variant outperforms Per-step variant by 0.63% and baseline
by 0.74%; for Annotator 1004, it outperforms Per-step variant by 1.22% and baseline by 0.53%.

These results suggest that the EDA-L2D RNN variant is more robust to unexpected shifts in annotator
quality, adapting its deferral behavior online without any retraining. In real-world deployment, where
expert reliability can change unpredictably over time, this flexibility makes the RNN variant a more
practical choice than static alternatives.

6 Conclusion, limitation & future work

We propose Expert-Drift-Adapted Learning to Defer (EDA-L2D), a framework that enables improved
generalization to real human experts by explicitly modeling temporal drift in their performance,
variance that is common and caused by a wide variety of factors such as fatigue and cognitive biases.
We achieve this by explicitly incorporating time and prediction history into the L2D model, allowing
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the model to learn representations of the expert that vary with each time step and dynamically adapt
to the expert’s behavior in order to achieve improved deferral decisions and stronger human-AI team
performance.

Limitations. Our approach introduces additional data and computational overhead compared to
standard L2D, as modeling temporal dynamics requires sequences of expert predictions across time
steps. Furthermore, our framework assumes that the expert’s drift pattern at test time is consistent with
patterns seen during training; in practice, expert behavior may vary in ways that differ substantially
from any fixed parametric trajectory, posing challenges for out-of-distribution generalization.

Future Work. Our experiments focus on the single-expert setting, which offers a clean environment
for isolating the effect of temporal drift on deferral behavior. The surrogate loss underlying our
formulation, however, is not restricted to this case: it naturally extends to the multi-expert setting
proposed by Verma et al. [23], and the same modeling principles can accommodate heterogeneous
experts with time-varying reliability. Another natural next step is to enrich the model of expert behav-
ior beyond drift alone, capturing cognitive biases such as the availability heuristic [33], gambler’s
fallacy [34], delay discounting [35], and recency bias [36]; since these biases evolve over time and
interact with expert reliability, they are naturally compatible with our temporally structured approach.
Pursuing both extensions jointly—multiple experts with richer, evolving bias structure—will require
more expressive sequence architectures and introduces additional optimization challenges, which we
view as an important and nontrivial direction for future research, enabling a more general treatment
of human modeling in L2D systems.

Broader Impact. Beyond these technical extensions, we note that EDA-L2D is intended to improve
human-AI collaboration in high-stakes settings such as medical diagnosis and content moderation.
Deploying such systems nonetheless requires care: an improperly calibrated deferral policy could
over-rely on a fatigued expert, or systematically defer certain types of cases in ways that introduce
unfairness. We encourage practitioners to audit deferral behavior across subgroups before deployment.
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A Theoretical results

A.1 Bayes rule for Learning to Defer under expert drift

In this appendix, we provide proofs for the Bayes solutions and consistency of the proposed surrogate
losses in the non-stationary expert setting. Throughout, we assume all measurability and regularity
conditions hold.

Let X , Y , M be the input, label, and expert prediction spaces. A classifier h : X → Y and a
time-indexed rejector r : X × T → {0, 1} operate alongside a drifting expert whose predictions
mt ∈ M follow Pt(mt | x, y) at each t ∈ T . With ℓclf and ℓexp denoting the respective loss
functions and (x, y,mt) ∼ P(x, y)Pt(mt | x, y), the non-stationary L2D risk is

L(h, r) =
∑
t∈T

Ex,y,mt

[
(1− r(x, t)) ℓclf(h(x), y) + r(x, t) ℓexp(mt, y)

]
. (7)

Applying the law of total expectation to Equation 7 yields the pointwise decomposition

L(h, r) =
∑
t∈T

Ex

[
Rx,t(h, r)

]
, (8)

where the conditional risk at each (x, t) is

Rx,t(h, r) := Ey,mt|x,t

[
(1− r(x, t)) ℓclf(h(x), y) + r(x, t) ℓexp(mt, y)

]
= (1− r(x, t))Ey|x

[
ℓclf(h(x), y)

]
+ r(x, t)Ey|xEmt|x,y,t

[
ℓexp(mt, y)

]
,

(9)

where the second equality uses linearity of expectation and the conditional independence of mt from
x given (y, t). Minimizing Equation 9 over r(x, t) ∈ {0, 1} yields the Bayes-optimal rejection rule

r∗(x, t) =

{
1 if Ey|x[ℓclf(ŷ, y)] ≥ Ey|xEmt|x,y,t[ℓexp(mt, y)] , ∀ŷ ∈ Y,

0 otherwise.
(10)

Under the 0–1 loss for both ℓclf and ℓexp, Equation 10 simplifies to

r∗(x, t) = I
[
Pt(mt = y | x) ≥ max

y′∈Y
P(y′ | x)

]
, (11)

since each agent incurs unit cost on error and the decision reduces to comparing correctness probabil-
ities: the rejector defers at (x, t) if and only if the expert’s instantaneous accuracy Pt(mt = y | x)
exceeds the classifier’s confidence maxy′∈Y P(y′ | x). This generalizes the static Bayes rule of
Mozannar and Sontag [15] to the non-stationary setting: rather than a fixed expert accuracy, the
deferral threshold is the time-indexed quantity Pt(mt = y | x), which tracks expert drift across
t ∈ T .

A.2 Consistency of the softmax surrogate loss for per-step model

We now show that the per–step softmax surrogate defined in Equation 5 is Bayes–consistent with
respect to the non–stationary 0–1 loss introduced in Equation 9. For simplicity of notation, we write

ζy(x) := − log
exp(gy(x))∑

y′∈Y⊥ exp(gy′(x))
, ζ⊥,t(x) := − log

exp(gt⊥(x))∑
y′∈Y⊥ exp(gy′(x))

.

Under this notation, the per–step surrogate Equation 5 can be rewritten as

ϕtSM(g1, . . . , gK , g
t
⊥;x, y,mt) = ζy(x) + I[mt = y] ζ⊥,t(x). (12)

Fix any (x, t) and write

ηy(x) := P(y | x), πt(x) := Pt(mt = y | x, y, t).
The pointwise conditional risk of the surrogate is

C[ϕtSM] = Ey,mt|x,t
[
ϕtSM(g;x, y,mt)

]
=
∑
y∈Y

ηy(x) ζy(x) + πt(x) ζ⊥,t(x).
(13)

15



Convexity of C[ϕtSM] in the logits follows immediately from the convexity of the negative log–
softmax. To characterize the minimizer, we differentiate Equation 13 with respect to the logits.

∂C[ϕtSM]

∂gy(x)
=
∑
y′∈Y

ηy′
∂ζy′

∂gy
+ πt

∂ζ⊥,t

∂gy
(14)

=
∑
y′∈Y

ηy′(x)
(
py(x)− I[y′ = y]

)
+ πt(x)py(x)

= py(x)
( ∑

y′∈Y
ηy′(x) + πt(x)

)
− ηy(x)

= (1 + πt(x)) py(x)− ηy(x). (15)

Setting the derivative to zero yields

p∗y(x) ∝ ηy(x), ∀ y ∈ Y. (16)

Similarly, differentiating with respect to the defer logit gt⊥(x) gives

∂C[ϕtSM]

∂gt⊥(x)
=
∑
y∈Y

ηy(x)
∂ζy(x)

∂gt⊥(x)
+ πt(x)

∂ζ⊥,t(x)

∂gt⊥(x)

=
∑
y∈Y

ηy(x) p⊥,t(x) + πt(x)
(
p⊥,t(x)− 1

)
= p⊥,t(x)

∑
y∈Y

ηy(x) + πt(x)p⊥,t(x)− πt(x)

= p⊥,t(x) · 1 + πt(x)p⊥,t(x)− πt(x)

= (1 + πt(x)) p⊥,t(x)− πt(x). (17)

which implies
p∗⊥,t(x) ∝ πt(x). (18)

Equations 16–18 show that the minimizing softmax distribution assigns scores proportional to the
true conditional label probabilities ηy(x) and the defer probability πt(x) over the augmented label
space.

The decoding function associated with the surrogate is the usual argmax over the softmax logits.
Since the softmax is order–preserving, we obtain

argmax
y∈Y

p∗y(x) = argmax
y∈Y

ηy(x),

and the reject decision satisfies

p∗⊥,t(x) ≥ max
y∈Y

p∗y(x) ⇐⇒ πt(x) ≥ max
y∈Y

ηy(x).

Thus the induced classifier and rejector coincide with the Bayes–optimal rules in Equation 11, and
the per–step softmax surrogate is Bayes–consistent for the drifting–expert L2D setting.

A.3 Consistency of the softmax surrogate loss for RNN-based model

Recall the sequence-level surrogate loss

ϕTSM(g) =
∑
t∈T

ϕtSM(g;xt, yt,mt). (19)

Its population risk decomposes as

RRNN(g) := ED
[
ϕTSM(g)

]
=
∑
t∈T

Ext,yt,mt

[
ϕtSM(g;xt, yt,mt)

]
. (20)

Define the conditional surrogate risk at each (t, x) as

Ct(g;x) := Ey,mt|x,t
[
ϕtSM(g;x, y,mt)

]
, (21)
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so that
RRNN(g) =

∑
t∈T

Ext
[Ct(g;xt)] . (22)

Each Ct(· ;x) is strictly convex in the logits, hence admits a unique minimizer g∗,t(x), and

Ct(g;x)− Ct(g
∗,t;x) ≥ 0, ∀ t, x, (23)

with equality if and only if g(x, t) = g∗,t(x). Writing g∗ = {g∗,t}t∈T and summing over t,

RRNN(g)−RRNN(g
∗) =

∑
t∈T

Ext

[
Ct(g;xt)− Ct(g

∗,t;xt)
]
≥ 0, (24)

by Equation 23 applied termwise. Equality in Equation 24 forces g(x, t) = g∗,t(x) almost surely for
every t by strict convexity, so g∗ is the unique minimizer of RRNN. Under realizability, the argmax
decoder applied to g∗ recovers the Bayes-optimal classifier and rejector in Equation 11, establishing
Bayes-consistency of the RNN-based softmax surrogate with respect to the non-stationary 0–1 L2D
risk.

A.4 Dominance of time-aware deferral under non-stationarity

We further introduce and formalize three deferral mechanisms—static, moving-average, and dynamic
deferral—and analyze their theoretical properties. We provide a loss-based comparison of three
idealized deferral mechanisms over a horizon of T timesteps.

Setup. Let ℓHt ∈ R+ denote the human’s per-timestep loss at time t and let the model incur
constant loss ℓR. A deferral policy chooses either H or R at each timestep.

Policies. Define the average human loss ℓH := 1
T

∑T
t=1 ℓHt . The best static policy (always defer

or never defer) achieves
ℓS := min{ℓH , ℓR}.

The oracle dynamic policy defers at timestep t iff ℓHt < ℓR, achieving

ℓD :=
1

T

T∑
t=1

min{ℓHt , ℓR}.

Finally, the prefix moving-average (MA) policy forms

ℓ̂Ht :=
1

t− 1

t−1∑
j=1

ℓHj , t ≥ 2,

and defers at time t iff ℓ̂Ht < ℓR, yielding average loss ℓMA.

A.4.1 Dynamic vs. static: a non-stationary dominance theorem

Theorem 1. Assume there exist timesteps t−, t+ ∈ {1, . . . , T} such that

ℓHt− < ℓR and ℓHt+ > ℓR.

Then the oracle dynamic policy strictly improves over the best static policy:

ℓD < ℓS .

Proof. Let TH := {t : ℓHt < ℓR} and TR := {t : ℓHt ≥ ℓR}. By assumption, both sets are
nonempty.

The dynamic policy incurs

ℓD =
1

T

(∑
t∈TH

ℓHt +
∑
t∈TR

ℓR

)
.
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Always defer to H . This static policy incurs

ℓH =
1

T

(∑
t∈TH

ℓHt +
∑
t∈TR

ℓHt

)
.

Subtracting,

ℓH − ℓD =
1

T

∑
t∈TR

(ℓHt − ℓR) ≥ 0,

and since there exists t+ ∈ TR with ℓHt+ > ℓR, the sum is strictly positive, hence ℓD < ℓH .

Never defer. This static policy incurs ℓR at every timestep. Subtracting,

ℓR − ℓD =
1

T

∑
t∈TH

(ℓR − ℓHt) ≥ 0,

and since there exists t− ∈ TH with ℓHt− < ℓR, the sum is strictly positive, hence ℓD < ℓR.

Therefore ℓD < min{ℓH , ℓR} = ℓS .

Corollary 1. Theorem 1 establishes that when there exists at least one timestep at which the human
incurs strictly lower loss than the model and at least one timestep at which the human incurs strictly
higher loss than the model, the oracle dynamic deferral policy strictly outperforms the best static
deferral policy.

A.4.2 Dynamic vs. moving average under monotone degradation

We now show that even an adaptive but lagged moving-average policy is strictly suboptimal under
monotone degradation.

Theorem 2. Assume ℓH1 < ℓH2 < · · · < ℓHT and ℓH1 < ℓR < ℓHT . Let

j := min{t : ℓHt ≥ ℓR}

be the first timestep where the human reaches the model’s loss. Then the prefix MA policy switches
strictly after j and incurs strictly larger loss than the oracle dynamic policy:

ℓD < ℓMA.

Proof. At time t = j, the prefix MA estimate averages only ℓH1 , . . . , ℓHj−1 , which are all strictly
smaller than ℓR by definition of j. Thus ℓ̂Hj < ℓR, so MA still defers at j. Let tMA denote the first
timestep where MA stops deferring; then tMA > j.

Dynamic defers for t < j and uses R for t ≥ j, giving

ℓD =
1

T

(
j−1∑
t=1

ℓHt + (T − j + 1)ℓR

)
.

MA defers at least until tMA − 1, hence

ℓMA =
1

T

(
tMA−1∑
t=1

ℓHt + (T − tMA + 1)ℓR

)
.

Subtracting,

ℓMA − ℓD =
1

T

tMA−1∑
t=j

(
ℓHt − ℓR

)
.

By monotonicity and the definition of j, we have ℓHt ≥ ℓR for all t ≥ j, and the sum is over a
nonempty index set since tMA > j. Moreover, strict crossing implies ℓHt > ℓR for some t ≥ j,
hence the sum is strictly positive and ℓMA > ℓD.
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A.4.3 Dynamic vs. moving average under periodic drift

Theorem 3. Let {ℓHt}Tt=1 be periodic with period P and assume T = mP . Let ℓR be constant.
Define the oracle dynamic policy

aD(t) =

{
H if ℓHt < ℓR,

R otherwise,
ℓD =

1

T

T∑
t=1

min{ℓHt , ℓR}.

Let a moving-average policy choose H at time t if ℓ̂Ht < ℓR, where

ℓ̂Ht =

K∑
k=1

wk ℓHt−k , wk ≥ 0,

K∑
k=1

wk = 1,

covers prefix MA (with K = t− 1 and wk = 1/(t− 1)) and fixed-window MA (fixed K and uniform
weights).

Assume there exists a timestep t⋆ such that

ℓHt⋆ > ℓR but ℓ̂Ht⋆ < ℓR,

or symmetrically
ℓHt⋆ < ℓR but ℓ̂Ht⋆ ≥ ℓR.

Then the moving-average policy incurs strictly larger average loss than the oracle dynamic policy:

ℓMA > ℓD.

Proof. Let aMA(t) ∈ {H,R} denote the agent chosen by the moving-average policy at time t.
Define the per-timestep loss under policy π ∈ {D,MA} as

Lπ(t) =

{
ℓHt if aπ(t) = H,

ℓR if aπ(t) = R.

By definition of the oracle policy, for every t we have

LD(t) = min{ℓHt , ℓR} ≤ LMA(t).

Indeed, if ℓHt < ℓR then aD(t) = H and LD(t) = ℓHt ≤ LMA(t); if ℓHt ≥ ℓR then aD(t) = R
and LD(t) = ℓR ≤ LMA(t).

Under the stated assumption, there exists t⋆ where aMA(t
⋆) ̸= aD(t⋆). In the first case, ℓHt⋆ > ℓR

but ℓ̂Ht⋆ < ℓR, so aMA(t
⋆) = H while aD(t⋆) = R and thus

LMA(t
⋆)− LD(t⋆) = ℓHt⋆ − ℓR > 0.

In the second case, ℓHt⋆ < ℓR but ℓ̂Ht⋆ ≥ ℓR, so aMA(t
⋆) = R while aD(t⋆) = H and thus

LMA(t
⋆)− LD(t⋆) = ℓR − ℓHt⋆ > 0.

Therefore,
T∑

t=1

(
LMA(t)− LD(t)

)
> 0,

which implies

ℓMA − ℓD =
1

T

T∑
t=1

(
LMA(t)− LD(t)

)
> 0.

Hence ℓMA > ℓD.

Corollary 2. Taken together, Theorems 1, 2, and 3 establish that time-aware dynamic deferral
policies are strictly more expressive than both static deferral policies and lagged moving-average
policies.
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A.4.4 Mapping simulated deferral mechanisms to EDA-L2D and baselines

Motivated by this hierarchy, we instantiate a corresponding family of learnable L2D variants with
increasing temporal expressiveness. Specifically, we map static deferral to a naive L2D baseline
that ignores temporal variation, moving-average deferral to a per-step EDA-L2D model that makes
independent decisions based on recent history, and fully dynamic deferral to an RNN-based EDA-L2D
model that explicitly captures temporal dependencies in human performance.

B Experimental setup

All experiments are conducted using standard commodity hardware. Since our work focuses on
algorithmic design rather than large-scale model training, the computational requirements are modest.
All reported results can be reproduced on a single GPU or CPU workstation, without specialized
accelerators or large-scale distributed infrastructure.

B.1 Training configuration for CIFAR-10 experiments

All methods use sequences of length T=50; only the expert accuracy curve differs between the
synthetic expert setting and the human annotators setting. When the expert errs, we assign a
uniformly sampled incorrect label.

Synthetic expert setting. Expert accuracy follows a linear decay pt = 1− 0.01 t from 1.0 at t=0
to 0.5 at t=50.

Human annotators setting. We estimate each annotator’s trajectory from CIFAR-10-H. We
restrict to non-attention-check trials, compute running accuracy with window size 20, and compress
the resulting series into 50 equal-width temporal bins to obtain a 50-point accuracy curve (e.g.,
Annotators 454 and 1004).

Naive L2D. We use a WideResNet-28×4 withK+1=11 logits, trained end-to-end with the softmax
surrogate loss (Table 1).

EDA-L2D, per-step. We train one independent WideResNet-28×4 per time window (10 windows
× 5 steps), with the same recipe as Naive L2D (Table 1).

EDA-L2D, RNN (synthetic expert setting). We adopt a two-stage procedure: the backbone is
pretrained for classification, then a single-layer GRU deferral module (hidden dimension 256, dropout
0.1) is attached and trained jointly over full sequences. At each step, the GRU receives the backbone
feature, a binary indicator of expert correctness at the previous step, and a normalised time index
t̃ ∈ [0, 1]; a linear deferral head outputs a scalar logit concatenated with the class logits. We retain
the checkpoint with the highest validation system accuracy (Table 2).

EDA-L2D, RNN (human annotators setting). We follow the same two-stage recipe, but use
a single-layer LSTM deferral module (hidden dimension 512, dropout 0.5) in place of the GRU.
The pretrained backbone is fine-tuned with a smaller learning rate, while the LSTM and heads are
optimised with Adam; the best checkpoint is selected by validation loss with early stopping (patience
150; Table 2).

B.2 Training configuration for CheXpert experiments

All three methods—Naive L2D, EDA-L2D (per-step), and EDA-L2D (RNN)—follow the same
training recipe (Table 3); the only differences across the two experimental settings are the sequence
length and the expert accuracy curve, as described in Section 5.2.

Synthetic expert setting (T=10). We use a sequence length of T=10 and simulate expert accu-
racy with a non-monotonic curve generated from a mixture of Gaussians, yielding the sequence
(0.75, 0.80, 1.00, 0.75, 0.50, 0.75, 1.00, 0.75, 0.50, 0.70).
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Table 1: Training hyperparameters shared across both expert settings (Naive L2D and EDA-L2D,
per-step).

Hyperparameter Naive L2D / EDA-L2D, per-step

Optimizer SGD
Learning rate 0.1
Momentum 0.9
Nesterov ✓
Weight decay 5× 10−4

LR schedule Cosine (per iteration)
Batch size 128
Epochs 200
Sequence length T 50
Per-step windows 10 × 5 steps

Table 2: Training hyperparameters for EDA-L2D, RNN.
Hyperparameter Synthetic annotator setting Human annotator setting

Recurrent unit GRU LSTM
Hidden dimension 256 512
Recurrent dropout 0.1 0.5
Backbone pretraining 200 epochs (classification)

Backbone optimizer SGD SGD

Backbone learning rate 2× 10−2 5× 10−6 (annotator 454)
1× 10−6 (annotator 1004)

Recurrent / head optimizer Adam Adam
Recurrent / head learning rate 10−3 10−3

Weight decay 5× 10−4 5× 10−4

LR schedule (backbone) Cosine (per iteration)
LR schedule (recurrent/heads) Cosine, then hold

Batch size 500 500
Epochs 200 150

Real human expert setting (T=21). We use a sequence length of T=21 and estimate the
expert’s accuracy trajectory from Figure 3 of Ömer Kasalak et al. [29]. For each time step,
we read off the per-step error count (n=25), compute the raw accuracy as 1 − errors/25,
and linearly rescale the resulting 21-point curve to the range [0.68, 0.90], yielding the sequence
(0.86, 0.90, 0.77, 0.77, 0.77, 0.81, 0.81, 0.90, 0.86, 0.68, 0.90, 0.81, 0.72, 0.68, 0.72, 0.72, 0.81, 0.77,
0.81, 0.81, 0.86).

Naive L2D. We initialise a DenseNet-121 backbone with ImageNet pretraining and first train it for
3 epochs without deferral, using a shared cross-entropy loss over the 14× 3 output head (negative,
positive, and defer per pathology). At Stage 2, we then fine-tune the pretrained backbone for 1 epoch
with the full softmax surrogate deferral loss at learning rate 1× 10−4.

EDA-L2D, per-step. we first pretrain a single shared DenseNet-121 backbone without deferral. At
stage 2, we then fine-tune one independent model per time step from this shared backbone, with the
expert accuracy fixed at the value corresponding to that step.

EDA-L2D, RNN. We pretrain a DenseNet-121 backbone for 3 epochs without deferral and share
the resulting checkpoint across all seeds. We then attach a single-layer LSTM with hidden dimension
1,024 to the backbone features. At each time step, the LSTM receives a concatenation of the CNN
feature and a 14-dimensional binary vector encoding per-pathology expert correctness at the previous
step (zero-initialised at t=0). A linear deferral head maps the LSTM hidden state to 14 deferral logits.
This deferral module is trained for 4 epochs at learning rate 1× 10−3.
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Table 3: Training hyperparameters for CheXpert experiments.
Hyperparameter Naive L2D EDA-L2D, per-step EDA-L2D, RNN

Optimizer Adam Adam Adam
Learning rate 1× 10−4 1× 10−4 1× 10−3

β1, β2 0.9, 0.999 0.9, 0.999 0.9, 0.999
Weight decay 1× 10−5 1× 10−5 1× 10−5

LR schedule ReduceLROnPlateau ReduceLROnPlateau ReduceLROnPlateau
Plateau factor 0.1 0.1 0.1
Plateau patience 2 2 2
Sequence length T 10 10 10
LSTM hidden dim — — 1,024
LSTM layers — — 1

Table 4: Training hyperparameters for hate speech experiments.
Hyperparameter Naive L2D EDA-L2D, per-step EDA-L2D, RNN

Optimizer Adam Adam Adam
Learning rate 1× 10−3 1× 10−3 1× 10−3

Batch size 64 64 64
Epochs 5 5 20
Early stopping ✓ ✓ ✓
Embedding dim 100 100 100
CNN filters 300 300 300
CNN kernel sizes 3, 4, 5 3, 4, 5 3, 4, 5
Dropout 0.5 0.5 0.5
LSTM hidden dim — — 256
LSTM layers — — 1
Sequence length T 10 10 10

B.3 Training configuration for Hate Speech experiments

All three methods—Naive L2D, EDA-L2D (per-step), and EDA-L2D (RNN)—follow the same
training recipe (Table 3). Expert accuracy curves are constructed as described in Section 5.3. All
experiments use sequence length T=10.

Naive L2D. We use a TextCNN encoder with three parallel convolutional filters of kernel sizes
3, 4, and 5 (300 channels each), applied over 100-dimensional GloVe embeddings. The pooled
feature vector is passed to a 3-way classification head and a scalar deferral head, whose outputs are
concatenated and normalised via softmax. A single model is shared across all time steps.

EDA-L2D, per-step. We train one independent TextCNN model per time step using the same archi-
tecture as the Naive baseline. At each step t, the expert accuracy is fixed at the value corresponding
to that step.

EDA-L2D, RNN. We use a CNN-LSTM architecture. At each time step, a shared TextCNN encoder
produces a 900-dimensional feature vector. These are fed sequentially into a single-layer LSTM
with hidden dimension 256. A classification head maps the per-step CNN features to 3-class logits,
while a deferral head maps the LSTM hidden state to a scalar defer logit, concatenated to form a
4-dimensional softmax output per step. Training uses early stopping based on validation system
accuracy.

C Additional Experimental Results

C.1 Synthetic Data

We construct a controlled sequential Gaussian–mixture environment to induce time-varying expert
accuracy across two sub-populations A ∈ {0, 1}. The covariates lie in X = Rd with binary targets
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Table 5: Comparison of L2D variants on synthetic data. Results are averaged over timesteps; we
report mean ± standard error for system accuracy and coverage.

Method System accuracy (%) Coverage (%) Gap to best (%)

Naive L2D 71.58± 0.43 53.69± 0.40 −1.38
EDA-L2D, Per-step 71.79± 0.27 54.21± 0.25 −1.17
EDA-L2D, RNN 72.96± 0.36 53.71± 0.77 0.00

Y ∈ {0, 1}. For each group a and class y, the class-conditional distribution is X | (Y=y,A=a) ∼
N (µy,a,Σy,a) with µy,a ∈ [0, 10]d and diagonal Σy,a whose entries are drawn from Unif(0, 10).
Sequences of length T evolve by adding Gaussian noise and a group-specific drift, and labels may
flip with small probability to model non-stationarity.

Setup Across 200 trials we sample the group proportion P (A=1) ∼ Unif(0.02, 0.98), fix d=10
and T=10, and generate N=6000 sequences per trial. Within each sequence, features evolve via
Xt = Xt−1 + εt +∆a, with εt ∼ N (0, σ2I) and group drift ∆a (smaller for A=0, larger for A=1).
Labels follow Yt = Yt−1 with probability 1 − pflip and flip otherwise. Expert predictions Et are
correct with a time-decayed accuracy pa(t) = p0,a exp(−λat/T ), yielding a slower decay for A=0
and a faster decay for A=1. We train each model for five epochs using Adam with a learning rate
of 10−3 and weight decay 10−5. The data are partitioned into training, validation, and test sets
containing 70%, 15%, and 15% of the samples, respectively, and we report test metrics aggregated
across trials.

Models and baselines. We compare three heads that map each time step’s feature vector to three
logits over {0, 1,⊥}. (i) Naive L2D: a single time-invariant linear head shared across all steps,
providing strong parameter sharing and a stationary inductive bias. (ii) EDA-L2D, Per-step param.: T
independent linear heads for per step, capturing nonstationarity at the cost of T-fold parameters. (iii)
EDA-L2D, RNN param.: a factorized design with a time-local classifier branch and a sequence-aware
deferral branch that feeds [xt, et−1] into a GRU followed by a linear head for the defer logit; the three
logits are concatenated to form the final output at each step.

Results. Table 5 reports the comparative performance of the three L2D variants in the synthetic
sequential environment. The time-agnostic Naive L2D serves as a stationary baseline and attains the
lowest system accuracy. Per-step EDA-L2D yields a modest gain by capturing coarse nonstationarity,
albeit without temporal smoothing. The RNN-based EDA-L2D achieves the best accuracy (+1.38%
over Naive L2D), confirming the benefit of inserting a sequence-aware module to drive the deferral
head in L2D.

C.2 CheXpert

In addition to the main periodic-expert results reported in the paper, we conduct an auxiliary ex-
periment on CheXpert to examine model behavior under a monotonic degradation pattern in expert
reliability.

Setup. We follow the same data and task configuration described in Sec. 5.2, but replace the
periodic expert with a simplified linearly degrading expert. Specifically, at timestep t, the expert’s
correctness probability decays linearly from 100% at t = 1 to 70% at the final step. Full model
architecture and training details follow those described in Appendix B.2.

Results. As shown in Fig. 7a, both EDA-L2D variants consistently outperform the naive baseline
under monotonic expert degradation. EDA-L2D(RNN) achieves gains of 1.05%, 3.50%, and 1.66%
on Cardiomegaly, Consolidation, and Pleural Effusion respectively, while EDA-L2D(Per-step) yields
gains of 1.34%, 2.70%, and 1.68%. Fig. 7b confirms the same adaptive coverage pattern observed
in the periodic setting: the naive baseline maintains a fixed deferral rate throughout, whereas both
EDA-L2D variants progressively increase classifier reliance as the expert degrades over time.
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Figure 7: Plots of system AUROC (a) and coverage (b), where coverage denotes the ratio of classifier-
taken examples, comparing our methods with the baseline on the CheXpert dataset. At each timestep
t, we evaluate using an expert with linearly decreasing from 100% to 70%. Results are averaged over
10 runs, and error bars indicate the standard error of the mean.
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Figure 8: System accuracy (a) and classifier coverage (b) on the hate speech dataset under a synthetic
expert whose accuracy decays linearly from 100% to 55% over 10 timesteps. Results are averaged
over 10 runs, and error bars indicate the standard error of the mean.

C.3 Hate speech and offensive language detection

In addition to the real annotator results reported in the main paper, we conduct an auxiliary experiment
under a synthetic linearly degrading expert to examine model behavior under a controlled monotonic
drift pattern.

Setup. We follow the same data and task configuration described in Sec. 5.3, but replace the real
annotator performance curves with a synthetic expert whose correctness probability decays linearly
from 100% at t = 1 to 55% at the final step. Full model architecture and training details follow those
described in Appendix B.3.

Results. As shown in Fig. 8, both EDA-L2D variants outperform the naive baseline throughout the
sequence, with gains becoming more pronounced as the expert degrades. At t = 9, EDA-L2D(RNN)
and EDA-L2D(Per-step) achieve 88.48% and 87.47% system accuracy respectively, compared to
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85.36% for the naive baseline. Fig. 8b shows that both variants dynamically adjust classifier coverage
in response to expert drift, while the naive baseline maintains a fixed deferral rate throughout.
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