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Abstract

In-context learning (ICL) enables models to perform tasks by conditioning on
input-output demonstrations without parameter updates, but the robustness to
noisy demonstrations is unclear. We investigate whether curriculum learning prin-
ciples can improve ICL robustness by training Transformers with progressively
increasing noise levels during pretraining. Across controlled synthetic regression
tasks involving linear functions and 2-layer ReLU neural networks, we find that
noise injection during training improves robustness compared to training with-
out noise. However, curriculum-based noise schedules provide no consistent ad-
vantage over random noise injection, with both approaches performing similarly
across diverse evaluation conditions, including distribution shifts. We extend our
investigation to text classification tasks (SST-2, MNLI, PAWS) and text genera-
tion tasks (SQuAD 2.0) using GPT-Neo 2.7B and Llama-2 7B models, respec-
tively, where we corrupt demonstrations through token masking. Our results show
that introducing noise into demonstrations can improve model performance when
queries are similarly corrupted in the case of text classification, while curriculum
and uniform masking strategies behave similarly. We observe a decay in perfor-
mance with the text generation task. Taken together, these findings support our
first hypothesis (H1) that exposure to noisy demonstrations improves ICL robust-
ness, but do not support our second hypothesis (H2) that curriculum-style noise
schedules provide additional gains over randomly sampled noise 1.

1 Introduction

Transformers trained on next-token objective tasks display an impressive ability to perform tasks
purely through conditioning on input-output examples, a technique known as in-context learning
(ICL) (Garg et al. [2022]). Since the emergence of early generative models such as GPT-2 mod-
els (Radford et al. [2019]) and its dramatic expansion in large-scale language models (Brown et al.
[2020], Chowdhery et al. [2023], Touvron et al. [2023]), understanding the mechanisms and limita-
tions of ICL has become an important question. A growing body of work investigates how Trans-
formers acquire ICL capabilities, including theoretical analyses that view ICL as implicit gradient
descent (Von Oswald et al. [2023], Akyürek et al. [2022]), emergent algorithmic behaviour (Olsson
et al. [2022]) and meta-learning phenomena arising from pretraining (Dai et al. [2023]). Despite this
rapid conceptual progress, little is explored on techniques for improving the robustness of ICL when
the provided demonstrations are imperfect or corrupted.

∗Equal contribution.
1Code available at: https://github.com/neilpattanaik/in-context-learning-1
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In practical applications, demonstrations provided to the model can contain noise through label
corruption, missing features, token masking, adversarial edits or errors accumulated through auto-
mated data collection pipelines. Classical supervised learning literature suggests that injecting noise
during training can lead to improved robustness under certain conditions (Natarajan et al. [2013],
Rolnick et al. [2017], Song et al. [2022]). This naturally raises the question of whether similar
principles hold for Transformers trained to perform ICL. Cheng et al. [2025] explore robustness of
ICL but do not propose ways to enhance it. As a result, there remains little systematic exploration
of techniques aimed at actively improving the robustness of ICL and it is largely unknown whether
training-time interventions such as structured noise schedules or curriculum-style perturbations can
reliably strengthen a model’s resistance to noisy in-context examples.

In this work, we explore whether curriculum learning principles (Bengio et al. [2009]) can help
Transformers develop more stable ICL behaviour. Curriculum learning has demonstrated broad
benefits in supervised learning, reinforcement learning and structured prediction by arranging train-
ing data from easier to harder instances (Graves et al. [2017]). Recent work has begun applying
curriculum ideas to ICL without fine-tuning by ordering demonstrations from simple to complex
inside the prompt (Liu et al.), but training-time noise curricula for Transformers intended to perform
ICL have not been systematically studied.

Our work begins with controlled synthetic regression tasks that allow us to evaluate ICL behaviour
precisely. We follow the framework of Garg et al. [2022] and train standard GPT-2 models from
scratch on two increasingly complex function classes: linear regression and two-layer neural net-
works. During training, we introduce additive Gaussian noise with a curriculum schedule where the
noise standard deviation increases gradually from zero to one. We compare this with both a no-noise
baseline (without addition of any noise during training) and a random baseline (addition of differ-
ent levels of noise independent of number of training steps). Evaluation is performed on unseen
prompts and includes multiple types of corruption such as Gaussian, Laplacian and Uniform noise.
This verifies whether ICL is robust to change in noise distribution from training and evaluation as
well. Results are measured using squared loss as the number of in-context examples increases.

Across the synthetic tasks, we find that curriculum noise does improve robustness compared to
training with no-noise, but not a great improvement from adding noise randomly during training.
On the linear regression task, curriculum noise and random noise injection exhibit similar robust-
ness profiles. On the more complex two-layer network task, we observe inconclusive results with
no training regime demonstrating consistent superiority. In addition to controlled synthetic regres-
sion experiments, we evaluate curriculum-style corruption on pretrained language models for both
discriminative and generative NLP benchmarks. For classification, we measure how token-level
corruption of demonstrations affects GPT-Neo 2.7B on SST-2, MNLI and PAWS. For generation,
we probe Llama-2-7B on SQuAD-style QA using exact-match and F1 metrics when demonstration
contexts are progressively masked. These complementary settings allow us to contrast algorithmic
ICL behaviour learned in scratch-trained Transformers with prompt-based ICL in large pretrained
models and investigate whether curriculum-style corruption benefits transfer across these domains.

Our results highlight that curriculum noise does not universally enhance robustness in ICL for sim-
ple function classes and motivate a deeper investigation into when transformers can benefit from
structured corruption during training or prompting. The observations suggest a nuanced picture in
which the effect of curriculum learning may depend strongly on task complexity, representation re-
quirements and the distribution of evaluation noise. This study is guided by two main hypotheses
about how noise-based interventions affect the robustness of ICL:

H1 Training Transformers with noisy demonstrations improves ICL robustness to corrupted in-
context examples compared to training on clean-only data.

H2 For a fixed noise budget, curriculum-style noise schedules that gradually increase the noise level
over training lead to greater robustness than randomly sampling noise levels throughout training.

Across both our synthetic regression experiments and text/NLP benchmarks, we find support for H1:
models exposed to noisy demonstrations are more robust to noisy evaluation prompts than models
trained without noise. In contrast, we do not find evidence supporting H2 in the settings we study.
Curriculum-based noise text schedules perform similarly to, but not systematically better than, ran-
dom noise injection. Additionally, we encounter inconclusive results with the text generation task.
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Figure 1: Methodology overview for investigating ICL robustness via curriculum learning. (a)
Synthetic regression tasks: Models are trained from scratch with curriculum noise that gradually
increases over training steps (temporal curriculum). (b) NLP tasks: Pretrained models are eval-
uated with curriculum masking that progressively increases across demonstration positions within
the context (spatial curriculum). Both approaches test whether structured noise schedules improve
robustness compared to random or no-noise baselines.

2 Related Work

Research on ICL has grown rapidly following the discovery that Transformers exhibit strong few-
shot abilities without parameter updates (Brown et al. [2020]). Several works attempts to charac-
terize the emergence of ICL. Garg et al. [2022] demonstrate that Transformers trained on synthetic
tasks can approximate gradient descent updates inside their forward pass. Akyürek et al. [2022] and
Von Oswald et al. [2023] show that Transformers can implement implicit learning algorithms such
as least-squares regression or kernel methods. Other works analyze the statistics of demonstrations
that matter for ICL success (Min et al. [2022]) and the generalization of ICL beyond the training
distribution (Wang et al. [2024]). Surveys such as Dong et al. [2024] provide an overview of these
findings with broader perspectives on prompt design and large language model (LLM) reasoning.

Noise and robustness in ICL remain less well understood. Agarwal et al. [2024] examine failures of
ICL with mislabeled demonstrations. Cheng et al. [2025] explore training Transformers with noisy
labels to improve robustness under noisy test conditions and report task-dependent effects. Zhang
et al. [2024] study noise robustness for text generation and argue that some perturbations do not sig-
nificantly degrade performance, although their conclusions do not directly extend to regression-style
ICL. In the same light, Gao et al. [2024] propose a Local Perplexity Ranking mechanism to improve
noise robustness of ICL with similar text generation tasks. Our work relates to these efforts but
differs by systematically evaluating curriculum-based noise schedules on multiple function classes
with controlled data generation.

Curriculum learning, introduced by Bengio et al. [2009], arranges training examples to gradually
increase difficulty. This idea has been applied to neural networks (Weinshall et al. [2018]), metric
learning (Wu et al. [2020]), reinforcement learning, multimodal learning and vision-language mod-
els (Soviany et al. [2022]). Applications to ICL are still emerging. Liu et al. propose arranging
demonstrations within the prompt from easy to hard, showing improvements without fine-tuning.
Our work approaches curriculum design from a different angle by modifying the training noise dis-
tribution rather than the ordering of demonstrations. The empirical results indicate that curriculum
noise does not guarantee improved robustness in simple function classes, highlighting an important
gap between traditional curriculum learning benefits and the inductive biases governing ICL.

Finally, learning under noisy labels has been extensively studied in classical supervised learning
(Natarajan et al. [2013], Song et al. [2022]). Although the underlying motivations are related to
ours, the mechanisms differ because Transformers performing ICL must infer an internal update
rule rather than directly optimize a supervised objective. This distinction makes robustness in ICL
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both more subtle and less predictable, reinforcing the need for systematic evaluations such as those
presented in this work.

3 Background

ICL refers to a model’s ability to infer a task from a sequence of input–output demonstrations with-
out parameter updates (Garg et al. [2022]). Given a prompt

P =
(
(x1, y1), . . . , (xn, yn), (xquery, ·)

)
,

a Transformer Mθ predicts the query label via

ŷquery = Mθ(P).

Loss formulation. Our synthetic regression tasks follow the episodic setup of (Garg et al. [2022]).
For each episode containing n demonstrations and one query, the model is trained using squared
error on the final query output. The overall training objective is

L(θ) = EP∼D
[
ℓ
(
Mθ(P), yquery

)]
with ℓ

(
Mθ(P), yquery

)
=

(
Mθ(P)− yquery

)2
. (1)

Although the loss is applied only to the query token, minimizing this objective requires the model to
aggregate the demonstrations within the episode into an internal estimate of the underlying function,
reproducing the implicit ICL behaviour observed in prior work.

Curriculum noise. Curriculum learning (Bengio et al. [2009]) increases task difficulty gradually
during training. In our synthetic regression settings, difficulty corresponds to the level of output
noise added to the demonstration labels within each episode. Early in training the demonstrations
are effectively clean and the noise level is increased over time according to a fixed schedule. Under
the episodic loss in Eq. 1, this encourages the model to first learn a stable in-context update rule from
clean examples and then adjust that rule to handle increasingly corrupted ones. Prior work suggests
that exposure to noisy demonstrations can act as a form of data augmentation (Cheng et al. [2025])
and our curriculum aims to test whether a structured noise schedule provides more robust ICL than
random or uniformly applied noise.

ICL in text classification. For natural-language tasks (SST-2, MNLI, PAWS), we only modify the
demonstrations inside the prompt. We introduce token masking as a form of corruption and include
a simple curriculum version where masking increases across examples. This mirrors the synthetic
curriculum setup and allows us to test whether structured prompt corruption affects robustness in
pretrained ICL, taking inspiration from the ordering of demonstrations affecting ICL performance
with LLMs (Liu et al.).

ICL in text generation. While our synthetic and classification settings focus on predicting low-
dimensional targets or discrete labels, many practical applications of ICL involve open-ended text
generation. Recent work finds that text–generation ICL can be particularly brittle under noisy
demonstrations (Zhang et al. [2024], Gao et al. [2024]). This motivates including a generative
setting in our robustness study: by applying masking-based corruption schedules to question–
answer demonstrations in SQuAD-style prompts, we can test whether the curriculum-style noise
that helps in regression and, to a lesser extent, classification also stabilizes autoregressive genera-
tion, or whether generative ICL exhibits qualitatively different robustness behaviour.

4 Methodology

Our methodological goal Figure 1 is to construct a sequence of controlled regression environments
that allow us to study how Transformers acquire ICL as the task’s noise level varies. All environ-
ments share a common prompting interface: the model receives a sequence of input–output pairs
and must infer the output for a held-out query input. We examine two synthetic tasks that form
an increasing hierarchy of functional complexity. The first is a linear regression task, which serves
as a classical baseline in ICL research. The second task is nonlinear regression using randomly
sampled 2-layer ReLU functions (also extended to 6-layer ReLU functions). Additionally, we also
explore text classification and text generation tasks, examining how token masking noise impacts
ICL performance.
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All experiments use the same Transformer architecture and training protocol. We employ a 12-layer
GPT-2 model with 256 hidden size, 8 attention heads and learned linear input/output projections.

[x1, y1, x2, y2, . . . , xn, yn, xquery ].

Training uses the AdamW optimizer with fixed hyperparameters, constant learning rate and mean-
squared error loss from Eq. 1. A complete specification appears in Appendix A. Because archi-
tecture, optimization and input formatting are held constant across settings, observed behavioural
differences directly reflect the influence of task complexity on the emergence of ICL.

Linear Regression. We begin with a linear regression task, with 20-dimensional input and a scalar
output. Inputs are continuous vectors sampled from a Gaussian distribution and outputs are gener-
ated by a linear map,

f(x) = w⊤x, w ∼ N (0, Id).

This task mirrors the setup used in recent work demonstrating that transformers can approximate
least-squares solutions in context. Prompts consist of pairs (xi, f(xi)) followed by a query input
xquery. Because the optimal regression rule is analytically known, this environment serves as a
diagnostic for whether the model recovers a canonical algorithm and whether noise disrupts this
behaviour. Noise is applied to the example outputs in order to explore curriculum schedules.

2-layer ReLU Neural Networks. The second task increases functional complexity by replacing
algebraic structure with a nonlinear, high-dimensional mapping. Inputs are continuous vectors x ∈
R20 sampled from a standard Gaussian distribution. Outputs are generated by a randomly sampled
two-layer ReLU network,

f(x) =

√
2

h
W⊤

2 σ(W⊤
1 x), σ(z) = max(0, z),

where W1 ∈ R20×h and W2 ∈ Rh×1 are sampled independently from N (0, 1) at the start of
each episode and h is the hidden-layer size (h = 100 in our experiments). No bias terms are
used. Because both layers are resampled each episode, the target function changes completely from
episode to episode, forcing the model to reconstruct a new nonlinear rule purely from the prompt.

Noise is added only to the outputs of the in-context examples, using the same random and curriculum
schedules as in the linear setting. This environment tests whether in-context strategies learned in
simpler tasks transfer to settings without an explicit closed-form structure.

Noise Models and Curriculum Schedules. To evaluate robustness, we introduce controlled cor-
ruption only to the outputs of the in-context examples. For each clean pair (xi, f(xi)), we form the
noisy observation

ỹi = f(xi) + ηi, ηi ∼ D(0, σ), (2)
where D denotes a zero-mean noise distribution. During training, D is restricted to a Gaussian dis-
tribution and the query input is always kept clean. Although our implementation supports corruption
on both inputs and outputs, we found that input perturbations produced qualitatively identical effects
across all three environments, matching the magnitude and pattern of the changes induced by output
noise. To keep the analysis focused and avoid redundant conditions, the final regression experiments
therefore use output noise exclusively.

Noise is introduced under two training regimes. In the random-noise regime, the noise level σ is
re-sampled independently at each training step from a fixed uniform range, yielding an unstruc-
tured corruption schedule. In contrast, the curriculum-noise regime increases the corruption level
monotonically over training according to

σx = σmin +

⌊
t

Tinterval

⌋
∆σ, σmin = 0, ∆σ = 0.1, (3)

so that the model encounters progressively more challenging regression episodes as training pro-
ceeds.

We deliberately adopt a simple linear curriculum as a canonical baseline. This design minimizes
additional hyperparameters, preserves a fixed noise budget, and isolates the effect of noise order-
ing from noise magnitude. Our goal is not to exhaustively explore curriculum designs, but to test
whether a minimal curriculum provides robustness benefits over random noise injection.
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For evaluation, we apply substantially stronger corruption than during training (σ = 2.0) and in-
troduce distributional shifts in the corruption process. Specifically, although the model is trained
using Gaussian noise alone, we evaluate it under Gaussian, Laplacian and Uniform noise distribu-
tions. This design tests whether the model acquires genuine noise-aware inference strategies rather
than merely adapting to the specific variance or distributional form of the training noise and it al-
lows us to assess how well curriculum-based training transfers to qualitatively different corruption
environments.

Text Classification with Masking Noise. We also conduct a training-free parallel exploration of
ICL applied to pretrained LLMs for natural language classification tasks. Formally, we consider
a sequence of k demonstration examples {(x1, y1), (x2, y2), . . . , (xk, yk)} and a test query xtest,
where the x inputs are short text blurbs and the y values belong to a small set of discrete labels.
Given a language model M, the ICL prediction is ŷ = M(prompt(x1, y1, . . . , xk, yk, xtest)). In
our experiment, each prompt consists of 8 demonstration pairs. All text classification tasks use the
GPT-Neo 2.7B model to maintain consistency with prior benchmarks.

To study robustness, we progressively degrade the demonstration inputs directly. For a tokenized
demonstration x = (w1, . . . , wL), we uniformly sample an ε-fraction of token positions to replace
with the tokenizer’s mask token <MASK>. Formally, masking is implemented as

x̃j =

{
<MASK>, with probability ε,

wj , with probability 1− ε,
j = 1, . . . , L, (4)

so that E
[∑L

j=1 1{x̃j = <MASK>}
]
= εL. This masking preserves the sequence structure while

removing some of the semantic content, serving as a natural-language analogue of the noise used in
the regression tasks. During evaluation, we use heavier masking levels than in training. This setup
provides an independent check on whether robustness learned in synthetic environments transfers to
natural-language inference.

Text Generation with Masking Noise. To evaluate performance on generative tasks, we utilize the
SQuAD 2.0 dataset Rajpurkar et al. [2018]. We employ a 4-shot in-context learning setup (k =
4) where we introduce noise (demonstration masking, similar to the classification task) into the
demonstration inputs while keeping the answers clean. We compare two noise schedules random,
sampling a noise probability p ∼ U [0, pmax] and mask tokens uniformly across all demonstrations,
and curriculum, applying a linear increase in noise intensity, masking the i-th demonstration with
probability pi = pmax · i

3 .

No Noise

Sample
index i

Mask prob.
Random Noise

Sample
index i

Mask prob.

pi ∼ U(0, pmax)

Curriculum Noise

Sample
index i

Mask prob.

pi =
i
k
pmax

Figure 2: Noise schedules applied to demonstration inputs for each regime (classification and gen-
eration tasks).

We hypothesize that the curriculum schedule will guide the model to better handle noise. We
evaluate this by measuring Exact Match (EM) and F1 scores at at varying noise caps (pmax ∈
{0.2, 0.3, 0.4}).

5 Experiments

We evaluate our approach across two settings: controlled synthetic tasks and natural language clas-
sification tasks. For the synthetic tasks, we train GPT-2 models from scratch under three noise
regimes: no noise during training, random noise applied uniformly throughout training and curricu-
lum noise that gradually increases from clean to noisy demonstrations. For text classification, we
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(a) Gaussian noise σ = 0.5 (b) Gaussian noise σ = 1.0 (c) Gaussian noise σ = 2.0

(d) Laplacian noise B = 0.5 (e) Laplacian noise B = 1.0 (f) Laplacian noise B = 2.0

(g) Uniform noise [0, 0.5] (h) Uniform noise [0, 1] (i) Uniform noise [0, 2]

(j) No noise

Figure 3: ICL performance with different noise training strategies under different evaluation noise
perturbations for Linear Regression Task. Squared error (normalized) versus number of in-context
examples for transformers trained with curriculum noise (blue), random noise (orange), or no
noise (green). Results averaged over 1,280 context pairs; standard deviations are plotted (negli-
gible/invisible to naked eye).

apply token masking to demonstrations in pretrained language models to assess whether structured
corruption during prompting affects robustness.

5.1 Linear Regression

Figure 3 presents our results for the linear regression task across multiple noise distributions and
magnitudes. When demonstrations are corrupted during evaluation, models trained with noise con-
sistently outperform models trained without noise. This holds across Gaussian, Laplacian and Uni-
form noise distributions and across varying noise intensities from mild to severe corruption.
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(a) Gaussian noise σ = 0.5 (b) Gaussian noise σ = 1.0 (c) Gaussian noise σ = 2.0

(d) Laplacian noise B = 0.5 (e) Laplacian noise B = 1 (f) Laplacian noise B = 2

(g) Uniform noise [0, 0.5] (h) Uniform noise [0, 1] (i) Uniform noise [0, 2]

(j) No noise

Figure 4: ICL performance with different noise training strategies under different evaluation noise
perturbations for 2-layer ReLU Neural Network. Squared error (normalized) versus number of
in-context examples for transformers trained with curriculum noise (blue), random noise (orange),
or no noise (green). Results averaged over 1,280 context pairs; standard deviations are plotted
(negligible/invisible to naked eye).

However, we observe no meaningful difference between curriculum noise and random noise training
regimes. Both approaches yield nearly identical performance curves across all evaluation conditions.
The learning curves converge at similar rates as the number of in-context examples increases and
the final prediction errors are almost indistinguishable. This suggests that for linear regression, the
presence of noise during training matters substantially, but the temporal structure of that noise does
not provide additional benefit.

A second pattern in Figure 3 is a bump in squared error that appears around roughly 20 in-context
examples. This is consistent with noisy least-squares behaviour and the view that the model is
implementing an ordinary least-squares (OLS) solution in context (Garg et al. [2022]). With a
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small number of demonstrations, the implicit OLS estimate benefits from additional samples and
error decreases, but as more noisy labels are added, the estimator temporarily worsens because it
aggregates more corruption, producing the mid-context spike. For larger context lengths, averaging
effects dominate, the influence of any single noisy label is diluted, and the squared error decreases
again.

The robustness gains are particularly evident under strong distribution shift. When we evaluate
models trained on Gaussian noise using Laplacian or Uniform noise at test time, both noise-trained
models maintain stable performance while the no-noise baseline degrades significantly. This indi-
cates that exposure to noisy demonstrations during training enables the model to develop inference
strategies that generalize beyond the specific corruption distribution encountered during training.

5.2 2-layer ReLU Neural Networks

Figure 4 shows results for the more complex two-layer neural network regression task. Unlike
the linear case, we do not observe clear or consistent patterns across training regimes. While noise-
trained models occasionally exhibit lower prediction error under specific evaluation conditions, these
advantages are not systematic and do not hold uniformly across noise types or magnitudes.

In several evaluation settings, particularly under moderate Gaussian, Laplacian and Uniform noise,
the three training strategies produce overlapping performance curves with high variance. Under
severe corruption, such as Gaussian noise with a standard deviation of 2.0, all three approaches
struggle similarly and no training regime demonstrates reliable superiority. The curriculum noise
schedule shows marginal improvements in isolated cases but fails to provide consistent benefits
across the full range of evaluation conditions.

These inconclusive results suggest that the relationship between training noise and robustness de-
pends critically on task complexity. The mechanisms that enable noise robustness in linear settings
may not transfer straightforwardly to nonlinear function classes where the model must discover
more complex internal update rules. The increased representational demands of the two-layer net-
work task may overwhelm any advantages conferred by structured noise schedules. An extension to
6-layer ReLU Neural Networks is presented in Appendix D.

5.3 Text Classification with Demonstration Masking

Config MNLI PAWS SST2

No noise 39.9% 54.6% 65.3%

Curriculum
0% - 50% - 50% 38.5% 52.5% 73.7%

Curriculum
1% - 50% - 50% 39.5% 53.5% 73.9%

Equal noise 50% 39.5% 55.2% 73.6%

Table 1: Performance (in accuracy percentage) of GPT-Neo 2.7B on text classification with varying
noise levels in demonstration prompts (standard deviations have been omitted, as they are very small
when averaged over the full evaluation set).

Table 1 presents accuracy results for GPT-Neo 2.7B on three natural language classification bench-
marks. We evaluate on SST-2 (Socher et al. [2013]), a binary sentiment classification dataset contain-
ing movie reviews labeled as positive or negative; MNLI (Williams et al. [2018]), a natural language
inference task requiring models to determine whether a premise entails, contradicts, or is neutral
to a hypothesis; and PAWS (Zhang et al. [2019]), a paraphrase identification dataset distinguishing
between semantically equivalent and non-equivalent sentence pairs.

Following the approach explored in Liu et al., we apply token masking to demonstrations within
the prompt. We compare four configurations: clean demonstrations without masking, two curricu-
lum configurations (0%-50%-50% and 1%-50%-50%) that progressively increase masking across
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the demonstration sequence and equal 50% masking applied uniformly to all demonstrations. The
curriculum schedules gradually introduce corruption, starting with mostly clean examples and in-
creasing the masking proportion as the demonstration sequence progresses.

The results reveal task-dependent effects. For SST-2, all three masking strategies substantially im-
prove over clean demonstrations, with accuracies rising from 65.3% to approximately 73.7%. For
MNLI and PAWS, performance remains largely stable with only minor variations. These patterns
suggest that introducing deliberate corruption into demonstrations can improve model robustness
when the query itself is noisy, though the benefits vary with task characteristics. Notably, we ob-
serve minimal difference between curriculum and equal masking approaches, indicating that the
presence of masked tokens matters more than their temporal ordering within the prompt.

5.4 Text Generation with Context Masking

pmax Mode EM Score F1 Score

0.2
no noise 0.3530 0.5601
random 0.2370 0.3968

curriculum 0.1990 0.3604

0.3
no noise 0.2190 0.3935
random 0.0570 0.1257

curriculum 0.0270 0.0636

0.4
no noise 0.1070 0.2267
random 0.0110 0.0308

curriculum 0.0020 0.0061

Table 2: Exact Match (EM) and F1 scores of Llama-2 7B on text generation (SQuAD 2.0) task with
varying masking levels in demonstration prompts (standard deviations have been omitted, as they
are very small when averaged over the full evaluation set).

As shown in Table 2, introducing masking into demonstrations affects generative ICL performance,
but the overall pattern is not straightforward. At lower masking levels (pmax = 0.2), both random and
curriculum masking reduce EM/F1 relative to uncorrupted demonstrations, while at higher masking
levels the performance becomes extremely low for all masking types. Because generation is in-
herently sensitive to long-range context omissions, and because EM/F1 collapse even under small
amounts of corruption, it is difficult to isolate whether curriculum masking offers any meaningful
trend. Overall, the generation task produces inconclusive outcomes, and the effect of curriculum-
style masking remains unclear. Further experiments like different prompt formats, alternative cor-
ruption types or training-time objectives would be needed to draw stronger conclusions.

6 Conclusion

Our experiments provide a mixed answer to our hypotheses. Consistent with H1, training Trans-
formers with noisy demonstrations improves robustness to corrupted in-context examples in both
the synthetic regression tasks and the natural-language classification benchmarks, indicating that
noise exposure itself can enhance stability in discriminative settings. However, we do not find corre-
sponding evidence for H2: curriculum-style noise schedules perform similarly to, but not systemat-
ically better than, randomly sampled noise, suggesting that robustness gains are driven more by the
presence of noise than by its temporal structure. We additionally evaluated a text-generation task
using SQuAD-style prompting with masked demonstrations; unlike the regression and classification
settings, these results did not reveal a clear pattern and varied substantially across masking types.
Owing to the sensitivity of generative ICL to missing context, we treat these generation findings as
inconclusive and do not draw strong claims about curriculum effects in this domain.

Our study focuses on a simple linear curriculum in which noise increases uniformly over training
steps or demonstration positions. While this choice enables a clean comparison with random noise
under a fixed noise budget, it does not exhaust the space of possible curriculum designs. Alternative
schedules such as nonlinear or stepwise noise increases, different noise caps, or stronger corruption
types may interact differently with the mechanisms underlying in context learning, especially in
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nonlinear and generative settings. We therefore view the lack of consistent gains from curriculum
noise not as a definitive rejection of curriculum learning, but as evidence that simple curricula do
not reliably outperform unstructured noise in the regimes studied.
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Appendices
A Hyperparameter and Experimental Configuration Details

All experiments inherit a common configuration defined. The shared hyperparameters are:

• GPT-2 architecture with ndims = 20, npositions = 101

• Batch size: 2048

• Learning rate: Constant 4× 10−4

• Training steps: Up to 10,000; Early stopping after 500 steps without validation MSE de-
crease

The experiments differ only in their noise mode (none, random, curriculum). In both random and
curriculum noise experiments, we perturb each demonstration output by some noise drawn IID from
a zero-mean Gaussian distribution. In the curriculum setting, we begin with zero variance (no noise)
and we incrementally increase the standard deviation of the noise distribution by 0.1 every 100 steps
(capped at 1.0). In the random setting, for each set of demonstrations, we draw the noise standard
deviation as IID uniform [0, 1].

Our architectural and optimization choices follow the standard GPT-2 small configuration described
in Radford et al. [2019], while our episodic training setup mirrors the synthetic regression framework
of Garg et al. [2022]. To isolate the effect of noise, all model and optimizer hyperparameters are held
fixed across experiments; the only quantities we vary are those directly tied to the noise intervention
(noise schedule and evaluation noise distributions).

B Loss Curve for 2-layer ReLU Neural Network Task

Here, in Figure 5, we provide the training and validation loss curves for the 2-layer ReLU Neural
Network Task.

(a) Training Loss curve (b) Validation Loss curve

Figure 5: Loss curves while training 2-layer ReLU Neural Network Task with three different set-
tings: no-noise, random noise and curriculum noise.
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C Examples with NLP Tasks

Demo 1 — Clean Input
Context: The Nile is the longest river in Africa.
Question: What is the longest river in Africa?

Answer: The Nile.

Demo 2 — Masked Input
Context: The Sahara is the largest <MASK> in Africa.
Question: What is the largest <MASK> in Africa?

Answer: The Sahara.

...
N demos

Test Input (masked)
Context: Mount Kilimanjaro is the tallest mountain in <MASK>.
Question: Where is Mount Kilimanjaro located?

Model Output: (ICL prediction goes here)

Figure 6: Example of In-Context Learning with clean and masked demonstrations.

For all NLP experiments, we use a fixed and consistent prompt format across noise regimes to iso-
late the effect of demonstration corruption. Each prompt consists of 8 input-output demonstration
pairs followed by a query example without the answer. In text classification tasks (SST-2, MNLI,
PAWS), demonstrations are formatted as (Context/Input, Label), where labels are represented using
natural-language verbalizers corresponding to the dataset classes (e.g., positive/negative for SST-2
and entailment/neutral/contradiction for MNLI). For text generation (SQuAD 2.0), each demonstra-
tion includes a context passage, a question, and a ground-truth answer. Noise is introduced only to
the demonstration inputs via token masking, while labels and answers are always kept clean. The
query input is also kept unmasked unless otherwise stated. Masked tokens are replaced with the
model’s standard MASK token, and masking is applied independently at random according to the
specified noise schedule. Demonstration ordering is fixed across noise conditions for a given evalu-
ation to avoid unintended effects from reordering. All reported results are computed by evaluating
on the full benchmark datasets, with metrics averaged over all examples.
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D 6-layer ReLU Neural Network Task

(a) Gaussian noise σ = 0.5 (b) Gaussian noise σ = 1.0 (c) Gaussian noise σ = 2.0

(d) Laplacian noise B = 0.5 (e) Laplacian noise B = 0.5 (f) Laplacian noise B = 0.5

(g) Uniform noise [0, 0.5] (h) Uniform noise [0, 1] (i) Uniform noise [0, 2]

(j) No noise

Figure 7: ICL performance with different noise training strategies under different evaluation noise
perturbations for 6-layer ReLU Neural Network. Squared error (scaled and normalized) versus
number of in-context examples for transformers trained with curriculum noise (blue), random noise
(orange), or no noise (green). Results averaged over 1,280 context pairs; standard deviations are
plotted (negligible/invisible to naked eye).

This experiment, as an extension to 2-layer ReLU Neural Network task, performed with 6-layer
ReLU Neural Network provided no conclusive results as the task complexity in the synthetic regime
increased, Figure 7. And hence, we omit this result from the main body of the report.

E LLM Usage

We used LLMs, ChatGPT and Claude, to assist in generating and refining portions of the text in
this report. Their use was limited to improving the clarity, structure and presentation of our writing;
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all research ideas, experimental designs, analyses and conclusions were conceived and developed
by the authors. In addition, some coding tasks, such as boilerplate generation and debugging, were
partially supported by GitHub Copilot. All substantive contributions, including the choice of tasks,
modeling decisions, noise schedules, evaluation setups and interpretation of results, are original and
the product of our own work.

F Incorporating Reviewers Suggestions

As addressed by the reviewers, we have explicitly mentioned our hypotheses in Section 1. We
clarified the noise injection mechanism with the help of Figure 1 and incorporated more precise
explanations of the curriculum construction and evaluation setup. We also performed additional ex-
periments using a 6-layer ReLU neural network, reported in the appendix, to probe robustness under
increased task complexity. Furthermore, we elaborated on our masking strategy and the motiva-
tion behind key design and hyperparameter choices. Several minor explanation issues, grammatical
errors and equation references were corrected throughout the manuscript.

In response to repeated questions about the curriculum design, we now explicitly motivate our choice
of a simple linear noise schedule in Section 4. We clarify that this choice was intended as a minimal
and canonical baseline that isolates the effect of noise ordering under a fixed noise budget. While this
curriculum did not outperform random noise in our experiments, we discuss alternative curriculum
shapes and corruption strategies as promising directions for future work, rather than making broad
claims about curriculum learning in general.

To improve clarity and reproducibility of the NLP experiments, we added a dedicated paragraph in
the appendix that specifies the exact prompt templates, demonstration selection and ordering, label
verbalizers, and where corruption is applied (demonstrations versus queries). This directly addresses
reviewer concerns regarding missing experimental details in the original draft.

Variance and error bars. Several reviewers noted that error bars are difficult to see in the figures.
We clarify that error bars are already plotted in all regression figures and are visually negligible due
to averaging over 1,280 examples; this low variance does not affect the relative ordering of methods
or our conclusions. The same is observed with the numbers presented in the Tables 1 and 2.

G Reflections on the review process

The review process highlighted the value of external perspectives in evaluating research clarity.
Several comments mentioned that design choices and assumptions that may appear natural to the
authors benefit from being stated explicitly for a broader audience. This feedback helped us further
refine the presentation and reinforce the importance of clear motivation and communication, beyond
the technical content itself. In response, we expanded the discussion of our methodological choices,
clarified experimental assumptions and added explicit documentation of design decisions that were
implicit in the original draft, particularly in the curriculum construction and NLP evaluation setup.
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