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ABSTRACT

Test-time adaptation enables large language models (LLMs) to modify their be-
havior at inference without updating model parameters. A common approach is
many-shot prompting, where large numbers of in-context learning (ICL) exam-
ples are injected as an input-space test-time update. Although performance can
improve as more demonstrations are added, the reliability and limits of this up-
date mechanism remain poorly understood, particularly for open-source models.

We present an empirical study of many-shot prompting across tasks and model
backbones, analyzing how performance varies with update magnitude, example
ordering, and selection policy. We further study Dynamic and Reinforced ICL as
alternative test-time update strategies that control which information is injected
and how it constrains model behavior. We find that many-shot prompting is effec-
tive for structured tasks where demonstrations provide high information gain, but
is highly sensitive to selection strategy and often shows limited benefits for open-
ended generation tasks. Overall, we characterize the practical limits of prompt-
based test-time adaptation and outline when input-space updates are beneficial
versus harmful.

1 INTRODUCTION

Test-time adaptation enables large language models (LLMs) to modify their behavior during infer-
ence without a change in model weights (Brown et al.| 2020; |Garg et al., 2022; Zhang et al., [2025)).
A widely used but underexplored form of such adaptation is prompt-based input-space updates,
where task-relevant information is injected directly into the model’s context. With recent advances
in long-context architectures (Dao et al., 2022} [Su et al., 2024)), this update mechanism has evolved
from few-shot prompting to many-shot prompting, where hundreds or thousands of demonstrations
can be provided at test time.

Many-shot prompting can be viewed as an increasingly aggressive test-time update: as more demon-
strations are added, the model is exposed to a stronger, task-specific behavioral constraint. Prior
work (Agarwal et al.| |2024)) shows that accuracy often improves as the number of in-context ex-
amples grows, particularly for structured tasks. In this paper, we study many-shot prompting as a
controlled study on LLaMA model family, focusing on when and why input-space updates succeed
or fail. Our key observations from our chosen testbed include the following:

e Many-shot prompting can act as an effective test-time update for structured tasks with accuracy
improving consistently up to a moderate update magnitude before saturating.

e Reliability of prompt-based test-time updates is highly sensitive to ordering of in-context demon-
strations, prompt structure and example selection strategies.

e Test-time updates exhibit clear task-dependent success and failure modes. Although additional
examples provide useful adaptation signals for classification and information extraction tasks,
they give small improvements for open-ended generation tasks such as machine translation.

e Structured updates such as Reinforced ICL exhibit similar saturation behavior as update magni-
tude increases.
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Together, these findings highlight both the promise and the limits of prompt-based test-time adapta-
tion.

2 BACKGROUND

Many-Shot Prompting (Update Magnitude): With the availability of long-context models, in-
context learning (ICL) (Dong et al.| [2024) has extended from a few demonstrations to many-shot
prompting, where hundreds or thousands of examples can be included at test time. The effective-
ness of such updates strongly depends on how the context is constructed; demonstration ordering,
diversity, template format and phrasing of instructions play an important role.

Dynamic ICL as Update Policy: Dynamic ICL (Rubin et al.l [2022; [Liu et al., |2022) constructs
prompts on-the-fly by selecting examples for each query based on similarity, heuristics, or task
metadata. It is an adaptive update policy that determines the information that is injected into the
context.

Reinforced ICL as Update Structure: Reinforced ICL replaces the input-output (I0) demon-
strations with reasoning traces, such as chain-of-thought (CoT) examples (Wei et al.|[2022;|Agarwal
et al., [2024), to guide the behavior of the model at the test time. We treat Reinforced ICL as a
structured test-time update.

Figure [I|summarizes our view of prompt-based adaptation as a test-time update governed by update
magnitude, update policy, and update structure, whose interplay determines whether additional con-
text provides useful signal or introduces noise. Throughout this work, we use “test-time update” to
refer to input-space adaptation via prompting, without implying any parameter-level modification.
We give additional background on the above strategies in Appendix [A.T]

3 EXPERIMENTAL SETUP

Tasks and benchmarks: We evaluate prompt-based test-time updates across a diverse set of tasks
using benchmarks designed to stress long-context inference. For structured classification, we use
the Banking77 dataset from LongICLBench (Li et al., 2024)) which has 77 classes for intent clas-
sification task. This dataset enables controlled evaluation of many-shot prompting under extreme
label spaces. To assess success and failure modes, we additionally include tasks from Evaluation
Harness (Biderman et al., |2024) that span reasoning, information extraction, question answering,
and machine translation.

Models: We evaluate two instruction-tuned backbones of differing capacity: LLaMA-3.1-8B-
Instruct |Grattafior1 et al.| (2024) and LLaMA-3.3-70B-Instruct [Meta Al (2024) to study how test-
time updates scale with model size under identical prompting strategies. Instruction tuning en-
sures consistent interpretation of task instructions and demonstrations during many-shot adaptation.
Base-model ablations, reported in Appendix [A.4] perform poorly even at high update magnitudes,
supporting our focus on instruction-tuned models.

4 RESULTS: BENEFITS AND LIMITS OF TEST-TIME UPDATES

4.1 MORE CONTEXT HELPS—UNTIL IT DOESN’T

We evaluate how the effectiveness of prompt-based test-time updates varies with update magnitude,
defined by the total number of in-context demonstrations. For Banking77 with C' = 77 classes,
we use a per-class shot formulation: each prompt contains 7 demonstrations per class, resulting in
N = n x C total demonstrations (e.g.,n =1= N =77,n =5 = N = 385).

Unless otherwise stated, we refer to n as the per-class shot count and N as the total number of
demonstrations. As shown in Fig. 2[a), as the update magnitude increases for LLaMA-3.1-8B-
Instruct, accuracy improves steadily, after which it reaches a plateau at approximately 5070 shots
per class. Beyond this point, additional demonstrations provide diminishing returns. This behavior



Published as a conference paper at ICLR 2026

Task properties
(structure, generation)

Useful signal
(improves)

‘ Update policy Test-Time Update
(selection strategy) (Prompt Context) Context noise
/\ (degrades)

Update magnitude Update structure
(# demonstrations) (CoT vs 10)

Figure 1: A unified view of prompt-based test-time adaptation. Update design determines
whether added context provides signal or noise.

indicates a clear saturation regime: moderate input-space updates introduce useful task-specific sig-
nal, while aggressive updates yield diminishing further gains|Agarwal et al.|(2024). We hypothesize
that the saturation observed in many-shot prompting arises from the limited representational capac-
ity of attention-based conditioning. Demonstrations influence predictions through their key—value
representations in the context, but the resulting update is a weighted aggregation. Once sufficient
demonstrations are present to identify the task pattern, additional examples contribute largely re-
dundant representations, causing marginal gains to diminish and, in very long prompts, attention
competition can even lead to performance degradation.

To assess update reliability, we repeat each n-shot setting using 10 random demonstration order-
ings. Fig.[2(a) shows that accuracy varies by 2-3 % across shuffles, demonstrating that many-shot
prompting remains sensitive to demonstration ordering due to positional and contextual bias. Aver-
aging over multiple random orders yields more stable results. We explain more experimental details

in Appendix[A.2]

4.2 UPDATE POLICY MATTERS—RELEVANCE HELPS EARLY, DIVERSITY HELPS AT SCALE

Next, we study how update policy affects test-time adaptation under a fixed context budget in
Fig.[2|b) for LLaMA-3.1-8B-Instruct. Across all comparisons, we fix the total number of demonstra-
tions IV and vary only the update policy used to select these. We ensure prompt template consistency
and prevent including query or same-text duplicates in selected examples.

Label-wise vs. Cross-label: We construct prompts using a per-class formulation with n demonstra-
tions per class, resulting in N = n x C total demonstrations for Banking77. In label-wise selection,
we enforce balanced coverage by selecting exactly n demonstrations per class. In cross-label selec-
tion, we select N demonstrations from the entire dataset, so label frequencies can be uneven.

Random vs. similarity: Within either grouping, random selection samples demonstrations uni-
formly across the entire dataset, while similarity selection retrieves nearest neighbors to the query
in embedding space. More details given in Appendix [A.3]and[A.3]

Comparing these policies, cross-label selection consistently outperforms label-wise selection, sug-
gesting that enforcing per-label balance can reduce useful diversity by over representing redundant
examples. Cross-label benefits from exposure to greater contextual diversity thereby improving gen-
eralization, label-balance forces many low information examples which is not very helpful. Cross-
label similarity-based selection is strong at small update magnitudes (high relevance), but degrades
as N grows, whereas cross-label random selection scales more robustly with larger NV (higher diver-
sity). This reflects a bias-variance tradeoff in test-time updates: relevance-focused (similarity-based)
policies help early but can over concentrate the context as the update becomes aggressive; diversity-
focused (random) policies scale better. Our best setting is (n = 1 = N = 77) for cross label
similarity. This maximizes relevance per demonstration per class label, yielding strong task adapta-
tion before redundancy degrades performance at larger scale. Since cross-label sampling does not
enforce uniform class coverage, improvements in overall accuracy may partially reflect gains on
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Figure 2: Scaling behavior of prompt-based test-time updates. (a) Many-shot accuracy vs. update
magnitude (b) Dynamic ICL update policies (c) Model capacity effects (d) Reinforced ICL scaling

frequent classes; future work could analyze per-class accuracy or macro-F1 to better understand the
impact on tail classes. Additional results included in Appendix [A.3]

4.3 LARGER MODELS BENEFIT EARLIER, SMALLER MODELS CATCH UP

We further compare test-time update behavior across model sizes using LLaMA-3.1-8B-Instruct
and LLaMA-3.3-70B-Instruct in Fig. 2[c) under identical settings for cross label random selection
on Banking 77. At small to moderate update magnitudes, LLaMA-70B consistently outperforms
the smaller model, indicating that higher capacity models can more effectively exploit diverse in-
context supervision. As the update magnitude increases further, the performance gap narrows and
the 8B model catches up, suggesting that sufficiently large prompt can partially compensate for
limited model capacity. Notably, the 70B model exhibits a performance drop at the largest update
magnitude, consistent with over-conditioning. In contrast, the smaller model remains in a signal-
accumulation regime and is less sensitive to this effect.

4.4 REINFORCED ICL EXHIBITS EARLY GAINS AND RAPID SATURATION

We next study Reinforced ICL as a form of structured test-time update, where chain-of-thought
(CoT) based reasoning traces|Agarwal et al.|(2024);|Wei et al.|(2022) are provided as demonstrations
instead of direct input-output pairs. We delineate the data generation pipeline to obtain these samples
in the Appendix Using GPQA Diamond Rein et al.| (2024) subset with LLaMA-3.3-70B-
Instruct, we show in Fig.[2(d), Reinforced ICL improves performance as the magnitude of the update
increases to 4 demonstrations. Beyond this point, accuracy plateaus and degrades. A plausible
explanation is that early demonstrations provide a strong inductive bias, leading to rapid gains with
only a few examples. As the number of reasoning traces increases, attention is increasingly divided
across long chains-of-thought. This competition for attention reduces the effective influence of any
single trace, causing performance to plateau or degrade despite additional context|Liu et al.[(2024)).
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4.5 TASK STRUCTURE DETERMINES THE EFFECTIVENESS OF TEST-TIME UPDATES

Finally, we analyze when prompt-based test-time updates are effective across tasks (Table[5]in Ap-
pendix using LLaMA-3.3-70B-Instruct. We find that many-shot prompting consistently im-
proves performance on structure-heavy tasks with constrained outputs, including structured reason-
ing (e.g., DROP Dua et al.| (2019)) and information extraction benchmarks (e.g., FDA, SWDE Hao
et al.[(2011)). In these settings, additional demonstrations provide high information gain by captur-
ing relevant patterns. For tasks with constrained outputs (e.g., ARC-Challenge (Clark et al.| (2018])
and GSMS8K |Cobbe et al.| (2021)), performance improves sharply with a small number of demon-
strations but quickly saturates, indicating that only limited contextual supervision is required to
specify task behavior. In contrast, GPQA (multiple choice) exhibits only modest gains at small up-
date magnitudes. Finally, open-ended generation tasks such as machine translation (WMT16 |Bojar
et al.| (2016)) show consistent but small improvements with additional context, indicating test-time
updates offer limited benefits when task structures are already well captured during pretraining.

5 CONCLUSION

Our study highlights both the promise and the practical limits of many-shot prompting as a form of
test-time adaptation. We show that increasing the number of in-context demonstrations can serve as
an effective input-space update for structured tasks. Across tasks and models, performance is highly
sensitive to update configuration, including demonstration ordering and selection policy. Dynamic
ICL with cross-label selection produces more robust adaptation than static or label-wise prompting,
underscoring the importance of update policy design at test time. At the same time, scaling benefits
saturate beyond moderate update magnitudes. Finally, we find that many-shot prompting offers
limited benefit for open-ended generation tasks, but works well for structured tasks. Taken together,
our results suggest that prompt-based test-time updates are most effective when demonstrations
inject novel, task-specific information, and that careful control over update magnitude, structure,
and policy is essential for reliable deployment. While our experiments focus on a single benchmark,
the observed behaviors should be interpreted as preliminary empirical findings, and future work
should validate whether these trends generalize across additional datasets and task domains.
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Table 1: Comparison of per-class shots with total demonstrations in input prompt for Banking 77

n N
per-class shots Total demonstrations

1 77

2 154

3 231

4 308

5 385

50 3850

70 5390

A APPENDIX

A.1 ADDITIONAL BACKGROUND ON PROMPT-BASED TEST-TIME ADAPTATION

We provide additional context on how prompt-based adaptation mechanisms differ in the strength,
structure, and selectivity of the update signal they introduce at test time.

In-context learning as test-time updates: In-context learning (ICL) refers to the ability of large
language models to adapt their behavior at inference by conditioning on task-specific examples
provided in the input, without modifying model parameters. From a test-time perspective, ICL
constitutes an input-space update in which task information is injected directly into the context,
enabling adaptation without training.

Update magnitude in many-shot prompting: Many-shot prompting increases the strength of test-
time update by injecting a larger volume of task-specific signal into the context. While additional
demonstrations can improve performance by reinforcing task patterns, they also increase redundancy
and noise, making update effectiveness sensitive to prompt composition. In practice, ordering, di-
versity, and formatting choices determine whether additional examples provide new information or
overwhelm the model with repeated context.

Selectivity in Dynamic ICL: Dynamic ICL controls which information is injected into the prompt
under a fixed context budget. By selecting demonstrations per query, dynamic policies trade off
relevance and diversity. Similarity-based selection prioritizes relevance to the input, while broader
sampling increases coverage of the task distribution. This selectivity distinguishes dynamic ICL
from static prompting, where the same update is applied uniformly across inputs.

Structure in Reinforced ICL: Reinforced ICL constrains test-time adaptation through structured
reasoning traces rather than direct input—output mappings. By exposing intermediate reasoning
steps, the update signal emphasizes how to solve a task instead of what answer to produce. As a
result, performance depends not only on the number of demonstrations but also on the consistency
and quality of the reasoning patterns being demonstrated.

A.2 ADDITIONAL EXPERIMENTAL DETAILS FOR UPDATE MAGNITUDE EXPERIMENTS

For the results shown in Fig. [2{a) on Banking77, we vary the per-class shot count n. The total
number of demonstrations is given by N = n x C, where C' = 77 is the number of classes.
Table[T)illustrates how N scales with n. We stop at N = 5390 demonstrations, corresponding to the
maximum supported context length of 128k tokens for LLaMA models.

To assess update stability, we repeat each setting across multiple random seeds, varying both demon-
stration ordering and selection, and report mean accuracy along with standard deviation.

A.3 DyNAMIC ICL SELECTION STRATEGIES

In Dynamic ICL, demonstrations are selected adaptively for each input query rather than using a
fixed prompt. We instantiate Dynamic ICL by combining two axes: (i) grouping constraint and
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Figure 3: Dynamic ICL Selection Strategies on Banking 77

(ii) retrieval rule. For a dataset with C' classes and per-class shot parameter n, the prompt contains
N = n x C demonstrations.

Grouping constraint:

* Label-wise: enforce exactly n demonstrations from each class (N = nC).

* Cross-label: select N demonstrations globally; class counts are unconstrained.
Retrieval rule:

* Random: uniform sampling from the entire dataset. The results of random selection are
averaged across multiple seeds to ensure consistency.

 Similarity: top-/V retrieval by embedding similarity to the query.
Combining the above two regimes, we get four strategies used in our experiments:

* Cross-label Random Selection
¢ Label-wise Random Selection
* Cross-label Similarity Selection
 Label-wise Similarity Selection

This taxonomy allows us to isolate the effects of relevance, diversity, and label balance on test-time
adaptation behavior. We make sure that the retrieved examples do not have the query and same-text
duplicates, to prevent leakage while evaluating the above selection strategies. We also ensure to
keep the instruction and prompt templates constant across all runs. We add label-wise similarity as
an additional comparison to Fig.[2(d) and show the full set of results in Fig. [ for LLaMA-3.1-8B-
Instruct.

We observe that label-wise similarity selection consistently outperforms label-wise random selec-
tion across all update magnitudes. This indicates that when label balance is enforced, selecting
demonstrations that are semantically relevant to the query provides a stronger adaptation signal than
random sampling within each class.

However, performance under label-wise similarity selection still degrades as the number of demon-
strations increases (e.g., from 83.4% at n = 1 per-class shot to 67.4% at n = 70 per-class shot).
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Table 2: Many-shot prompting for Llama-3.1-8B on Banking 77 (accuracy in %). Prompts contain
N total demonstrations, constructed using n shots per class (N = n x C, C=T77).

Perclass ;| \MA-3.1-8B  LLaMA-3.1-8B-Instruct
shots n
50 33.9 80.8
70 35.9 82.3

This suggests that enforcing per-label balance limits the effective diversity of the prompt: as the
update becomes more aggressive, additional demonstrations become increasingly redundant, even
when selected by similarity. Label-wise similarity outperforms cross-label similarity at higher n-
shots because restricting retrieval to a fixed label avoids conflicting supervision: although exam-
ples become increasingly redundant, they remain label-consistent as update magnitude increases.
Label-wise similarity, however, underperforms cross-label random selection at larger update magni-
tudes because the label-wise constraint still limits global diversity and leads to redundancy as more
demonstrations are added.

Overall, these results show that while similarity-based selection mitigates some weaknesses of label-
wise prompting, the label-wise constraint itself restricts scalability, motivating cross-label selection
strategies that allow diversity to grow with update magnitude.

A.4 MANYSHOT PROMPTING WITH LLAMA-3.1-8B

We compare the LLaMA-3.1-8B base model with its instruction-tuned counterpart under identical
many-shot prompting conditions on Banking77, using cross-label random selection. As shown in
Table 2] the instruction-tuned model substantially outperforms the base model at both update mag-
nitudes, highlighting the importance of alignment for interpreting task instructions and in-context
demonstrations.

At low update magnitudes (n = 1-5; not shown), the base model performs near chance, indicating
a limited ability to infer task structure from few demonstrations. However, as the number of in-
context examples increases, the base model exhibits some gains from n = 50 to n = 70 per-
class shot, suggesting that many-shot prompting can induce meaningful test-time adaptation even
in the absence of instruction tuning. This result indicates that while alignment strongly improves
sample efficiency, the benefits of large-scale in-context updates are not exclusive to instruction-tuned
models.

A.5 SIMILARITY-BASED RETRIEVAL FOR DYNAMIC ICL

For similarity based retrieval, we encode all candidate demonstrations and queries using the
sentence-transformers/all-MiniLM-L6-v2 model (384-dimensional embeddings). After generating
embeddings, we find n-shot nearest neighbors per class to the query embedding for label-wise sim-
ilairty selection. We make sure that the retrieved examples don’t have the query or same-text du-
plicates. This ensures there is no leakage. Across all retrieval strategies, we use a fixed prompt
template; only the selected demonstrations vary between conditions.

A.6 DATA GENERATION RECIPE FOR REINFORCED ICL

To generate synthetic reasoning traces for Reinforced ICL on GPQA Diamond shown in Fig. 2{(d),
we follow the Chain-of-Thought data generation pipeline described in the Camel Al framework |AL
(2025). We instantiate a generator—verifier setup, where both agents are powered by the gpt-oss-
120b|OpenAl| (2024) model. The generator produces step-by-step reasoning traces under predefined
formatting constraints, and the verifier checks the final answer against the ground-truth label. We
retain only examples whose generated final answer exactly matches the correct label, filtering out
inconsistent traces. Applying this procedure to the 198 question in GPQA Diamond yields 133 val-
idated reasoning demonstrations, which are used for Reinforced ICL experiments. We used greedy
sampling with max tokens set to 12000 to generate CoT traces. We have shown the generator and
verifier prompt in Table 3] and Table @] respectively.
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Table 3: Prompt template used for the Generator agent during data generation for Reinforced ICL.

Generator Prompt

Generator agent for creating step-by-step reasoning. Rules:

— Use at most 10 steps.

— No explanations.

— No restating the question.

— End immediately after the answer.

— Do not reference the order of the answers in the question (e.g., option a, b, c).

— For the answer in the <a> tags, ensure it exactly matches one of the listed options.

Format:
<r>

1.

2.
</r>
<a>

</a>

Table 4: Prompt template used for the Verifier agent during data generation for Reinforced ICL.

Verifier Prompt

Verified agent for step by step reasoning.
For the text within the <a> tags, make sure it matches exactly to the correct answer, word for word.

A.7 MANY-SHOT PROMPTING ON EVALUATION HARNESS

We report full results across Evaluation Harness tasks with LLaMA-3.3-70B-Instruct in Table [3]to
characterize where many-shot test-time updates succeed and where they fail. These experiments
span structured reasoning, and open-ended generation settings, allowing us to examine how the
effectiveness of prompt-based updates depends on task structure and information content. The com-
plete results provide finer-grained evidence for the task-dependent patterns discussed in the main
paper, and highlight regimes where additional in-context demonstrations introduce useful adapta-
tion signals versus redundant or noisy context. We use BLEU score to evaluate machine translation
(WMT16) tasks, F1 score to evaluate reading comprehension (DROP) task and accuracy (in %)
based on exact match for the rest of the tasks.

Table 5: Task-dependent performance of many-shot test-time updates (LLaMA-3.3-70B-Instruct)

Task Baseline 4-Shot 16-Shot  32-Shot
Domain-Specific / Information-Heavy Tasks

DROP 10.8 13.1 14.2 15.8
FDA 39.65 86.8 89.4 89.7
SWDE 74.17 92.9 95.1 96.4
Structured Reasoning Tasks (Constrained OQutput)

ARC-Challenge 38.82 93.72 93.48 93.45
GSMSK 87.56 94.7 94.8 94.8
GPQA (MC) 47.99 51.9 50.0 48.8
Open-Ended Generation Tasks

WMT16 En-De 34.51 37.0 37.4 37.5
WMT16 De-En 44.76 46.3 46.9 47.0
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GPQA Diamond (CoT-based Reinforced ICL): Banking77:
Context Length (Tokens) vs. Number of Shots Context Length (Tokens) vs. Number of Per-class Shots
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Figure 4: Context length scaling with update magnitude

A.8 CONTEXT GROWTH UNDER MANY-SHOT AND REINFORCED TEST-TIME UPDATES

Figure ] illustrates how prompt context length (in tokens) scales with the number of demonstrations
for two settings: Reinforced ICL on the GPQA Diamond subset (left) and many-shot prompting on
Banking77 (right). For Reinforced ICL, the context length grows approximately linearly with the
number of reasoning demonstrations included in the prompt, reaching a maximum input length of
14.7k tokens at 32-shot. For Banking77, we vary the number of per-class shots n; the total number
of demonstrations in the prompt is N = n x C, where C' = 77 is the number of classes. At n=70
(IN=5390), the prompt reaches the maximum supported context length of 128k tokens.
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