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Abstract

Despite their strong performance, large lan-
guage models remain highly sensitive to
prompt formulation. Prior work has addressed
this issue through refined data construction
or more complex robustness-oriented train-
ing methods. In this work, we reproduce
and compare these strategies under controlled
conditions, evaluating their effects on worst-
case prompt sensitivity and average perfor-
mance. We find that conventional instruction
fine-tuning offers limited reductions in prompt
sensitivity: across methods, the average gap be-
tween the best- and worst-performing prompts
remains 40-57% of performance. Moreover,
recent robustness-enhancing methods often fail
to outperform simpler data construction strate-
gies; in worst-case settings, at least one simple
method performs better in 5 of 8 evaluations.
Overall, our findings show that prompt sensi-
tivity remains an open problem, and motivate
practitioners to prioritize simpler data construc-
tion techniques before adopting more sophisti-
cated robustness methods.

1 Introduction

Large language models (LLMs) are increasingly
deployed in real-world decision-making pipelines,
yet their performance remains highly sensitive to
prompt formulation (Inger et al., 2025). Semanti-
cally equivalent prompts can yield drastically differ-
ent outputs, making systems brittle and unreliable
in practice (Cao et al., 2024). Addressing this at
test-time through manual prompt engineering is
labor-intensive and fundamentally does not scale
(Schulhoff et al., 2025).

Train-time strategies, striving to create more ro-
bust models right from the training, offer a more
principled solution: rather than patching sensitiv-
ity post-hoc, they build invariance directly into
the model. Prior work has shown that tuning on
multiple prompt formulations already outperforms
standard single-prompt instruction finetuning (Wei

et al., 2025, 2022), yet the design space remains
poorly understood — it is unclear which data con-
struction strategies matter, and whether more so-
phisticated robustness-enhancing methods provide
meaningful gains on top.

We address this gap through a systematic study
of train-time robustness methods improving on
standard Instruction Finetuning (SIFT) (Wei et al.,
2022). We analyze methods using multiple prompt
formulations, specifically (i) data construction
strategies keeping the original IFT objective (Wei
et al., 2025), (ii) consistency regularization (Qiang
et al., 2024), and (iii) contrastive approaches (Yan
et al., 2024). With the last two adding computa-
tional overhead through additional loss factors. Our
main contributions are:

* In controlled settings, we compare the effects
of data construction techniques applied in IFT;

* We provide a reproduction study of training
techniques aiming to improve robustness and
critically compare their effectivity to cheaper
methods.

Our work provides guidance for engineers and
researchers, optimizing for prompt robustness, on
which methods to prioritize when training produc-
tion models.

2 Related Work

A large body of recent work documents that LLM
performance remain highly sensitive to a prompt
formulation regardless of model size and tasks
(Habba et al., 2025; Sun et al., 2024; Zhu et al.,
2024; Sclar et al., 2024; Mizrahi et al., 2024), with
prompt paraphrases or minor structural changes
causing substantial performance swings (Chatterjee
et al., 2024; He et al., 2024; Zhuo et al., 2024).
Critically, SIFT raises mean performance but leaves
prompt sensitivity largely intact (Chatterjee et al.,



2024; Wei et al., 2025), indicating that sensitivity
is not an artifact that is trivial to address.

Inference-time methods address brittleness
through prompt optimization, model calibration,
or model-based self-correction (Zhao et al., 2021;
Hu et al., 2024; Shi et al., 2025; Zhan et al., 2024).
While effective, these approaches add algorithmic
overhead at deployment and do not generalize, re-
quiring re-running at test time (Hu et al., 2024; Shi
et al., 2025). Train-time methods instead build in-
variance into the model directly. Towards this goal,
previous work experiments with multi-prompt in-
struction finetuning (MIFT) (Wei et al., 2025) and
methods adding explicit robustness objectives such
as consistency regularization (Qiang et al., 2024)
and contrastive alignment (Yan et al., 2024) show-
ing promise. However, these methods have not
been evaluated together under controlled condi-
tions.

We identify two recent studies most closely re-
lated to ours. Seleznyov et al. (2025) evaluate
PPCL and MIFT, but restrict perturbations to minor
structural changes (e.g. separators) and primarily
assess inference-time approaches. Agrawal et al.
(2025) include one train-time consistency regular-
ization method (Sun et al., 2024) but still center on
local, mechanistic prompt perturbations and primar-
ily on test-time methods. Our study is the first to
compare robustness-enhancing training techniques
from three different categories on a benchmark of
major prompt perturbations.

3 Experimental setup

Problem definition Given a set of datasets:
{D1,...,D,} each containing a set of samples
Di = {(Xi,hY;,l)a cey (Xiym,yvi7m)} and each
associated with a set of verbalization templates
{Tins s Tid + T(Xij,Yis) — (@i, vij) we
generate an instruction fine-tuning dataset Xipr =
{(Il,lv yl,l)a e (xl,ma yl,m)v e (ﬂjn,mu ymm)}
composed of textual instructions = and expected
responses y by applying dataset templates 7; on
all X;. During training, we iteratively update
the trained model M according to batches of
samples B : {(z1,41), .-, (75, y|5|) } drawn from
Xier. Previous work chooses different methods of
constructing 3 or regularizing M with additional
constraints.

The goal of our experiments is to compare the
effectivity of these methods for the prompt robust-
ness of resulting models. We have a separate train

Dy and test Dy, dataset with disjunct tasks. We
employ each training method with D, and evalu-
ate its resulting model on Dy, for each D; € D,
reporting performance with (i) the best-performing
template 7; pest, (ii) the worst-performing template
Ti worst» and (iii) as average performance across all
templates 7;.

3.1 Training Methods

We study three categories of train-time methods to
improve prompt robustness, all making use of the
availability of multiple 7's for each dataset.

(1) Data construction We test four strategies for
how formulations are scheduled across training:

* SINGLE — Train on one template per dataset
mirroring SIFT in FLAN (Wei et al., 2022)

* ALL SHUFFLED — all formulations for each
example are shuffled randomly in the training

* ALL-IN-ONE-BATCH — all formulations for
a given example are used in the same batch

* ONE-AT-A-TIME — All templates from each
dataset are used in training, but only one per
batch, mirroring Wei et al. (2025).

With these strategies we can test how varying
prompt diversity per batch affects the models down-
stream performance and assess the optimality of
strategies applied in previous work.

(2) Consistency regularization — PPCL.  Con-
sistency regularization methods add an auxiliary
loss that penalizes divergence between the model’s
output probabilities on semantically equivalent
prompts. We select PPCL (Qiang et al., 2024)
to represent this category, as it operates directly
on the supervised finetuning objective and does
not induce other covariates such as soft prompt
infrastructure (Sun et al., 2024) or unsupervised
label construction (Zhou et al., 2022; Hejabi et al.,
2025). PPCL augments the standard cross-entropy
loss, calculated for both prompt formulations, with
a Jensen-Shannon divergence term computed over
the average token probabilities of outputs across
prompt formulations:

L= )\lACCE_orig + )\2£CE_par + )\3 . £JSD (1)

where the As control the trade-off between instruc-
tion following and instruction robustness.



(3) Contrastive alignment — CoIN Contrastive
approaches go further by not only aligning equiv-
alent prompts but also explicitly separating syn-
tactically similar but semantically different ones.
We select CoIN (Yan et al., 2024) as it operates
on hidden representations and forms the basis of
several subsequent approaches (Liu et al., 2025;
Aissi et al., 2025). ColIN adds a contrastive loss
over the model’s internal representations:

L=Lceg~+ X LcoIN ()

where L7 is the contrastive objective over hid-
den states as defined in Yan et al. (2024).

Models We evaluate all methods on four mod-
els spanning two model families and two scales:
Llama3.2-1B and Llama3.1-8B (Grattafiori et al.,
2024) and Qwen3-0.6B and Qwen3-8B (Yang et al.,
2025). Using two families allows us to assess
whether findings generalize across architectures,
while the two scales test whether robustness effects
are consistent across model capacity. For all mod-
els we use the base variants, ensuring that observed
robustness differences are attributable to our train-
ing methods rather than prior instruction tuning.
For the 8B models we apply LoRA (Hu et al., 2021)
to reduce computational cost. For each model and
loss function we sweep a separate learning rate;
full hyperparameter details are in Appendix B.

Datasets We replicate the data setup from Sanh
et al. (2022) testing for strict generalization by train-
ing on 48 datasets and testing on 11 dataset of
strictly unseen tasks. As a collection of prompt
formulations we use the PromptSource (Bach et al.,
2022), which covers paraphrasing and structural
changes for all our datasets — the perturbation
types models are most sensitive to (Chatterjee et al.,
2024). We manually checked all our applied tem-
plates and filtered the ones that were inapplicable
or changed the task type. Datasets with only a
single remaining template were removed (see Ap-
pendix A). Training dataset sizes are capped at
10,240 examples to balance contributions across
tasks. CoIN and PPCL require all prompt formu-
lations to share the same label, so we sample the
largest subset of templates whose expected labels
agree. We call this the majority templates. To mea-
sure how much this constraint affects performance,
we also train the ALL-SHUFFLED method using
only the majority templates.

Metrics Following Wang et al. (2022), we use
Rouge-L (Lin, 2004) as our main metric. Each
method is assessed on three metrics relative to the
single-template IFT baseline: average, worst-case
and best-case template performance (Sec. 3). Sta-
tistical significance between methods is assessed
using pairwise bootstrapped confidence intervals at
a = 0.08.

4 Results

Model robustness Figure 1 reveals that smaller
models are disproportionately sensitive to prompt
formulation. For Llama-1B, single-template IFT
yields a worst-to-best spread of 41.89 Rouge-L
percentage points, indicating substantial instabil-
ity. The larger models present a more nuanced
picture: while Qwen3-8B exhibits a comparable
variance span (33.69 vs. 31.02 percentage points),
Llama3.1-8B displays considerably lower sensi-
tivity to prompt formulation after single-template
training than all other models examined.

Across models, the evaluated methods gener-
ally improve worst-case, average, and best-case
performance relative to the single-template base-
line. This is expected as the model sees more vari-
anced data and is trained for more steps through the
multiple formulations increasing the dataset size.
Still, the gains are modest relative to the remain-
ing performance variance reaching 40-57% across
methods (see Figure 2 in Appx. C). The exception
is Llama3.1-8B, where several methods produce
statistically significant decreases in worst-case per-
formance. We attribute this to two factors: (1) the
model’s already strong single-template baseline re-
duces the ceiling for robustness gains, and (2) as
indicated by training logs, the majority of perfor-
mance improvement occurs within the first 1,000
steps, suggesting that additional prompt variation
yields diminishing returns for this model.

RQ1: How does data construction affect robust-
ness? Prior work constructs multi-prompt train-
ing data using a sequential per-formulation sched-
ule (ONE-AT-A-TIME; Wei et al. 2025), but it is un-
clear whether this specific construction is necessary
or optimal. Figure 1 shows that for smaller models,
ONE-AT-A-TIME indeed yields consistent improve-
ments, achieving statistically best or equivalent-to-
best performance across worst-case, average, and
best-case metrics.

ALL-IN-ONE-BATCH narrows the performance
spread across formulations compared to ONE-AT-
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Figure 1: Performance of each method relative to SIFT in percentage points across models. The circle, square, and
triangle mark the average, best, and worst template score respectively; the dashed span reflects sensitivity to prompt
variance. Vertical lines extending from SIFT serve as reference. A star above a marker indicates membership in the

statistically best group. See Table 5 for the raw scores.

A-TIME, but it does so primarily by degrading best-
case performance rather than lifting the worst case.
We hypothesize that the counterintuitive success of
ONE-AT-A-TIME may be caused by that training
on all formulations simultaneously leads to interfer-
ing gradients rather than the emergence of prompt-
agnostic structure. This effect is less pronounced
in larger models, where the difference between
ONE-AT-A-TIME and fully shuffled schedules is
not statistically significant.

Comparing ALL-SHUFFLED against ALL-
MAIJORITY-SHUFFLED reveals no meaningful per-
formance difference. Although one might expect
broader formulation coverage to improve robust-
ness, Appendix A shows that for most datasets
the majority-template subset constitutes the bulk
of available templates, making the practical data
difference minor. Overall, the shuffled variants per-
form comparably to the structured scheduling ap-
proaches, with the structured approaches retaining
a modest but consistent advantage on worst-case
performance (Figure 2).

RQ2: Is the additional complexity of addressed
robustness methods justified? PpcCL and COIN
both yield only modest gains compared to the
baseline (Figure 2). These gains are consistently
matched or exceeded by simpler data construction
strategies (Figure 1). The sole exception is COIN
on Qwen3-8B, where it achieves the highest av-
erage performance of all evaluated methods; on
all remaining models, COIN and PPCL are either
statistically indistinguishable from or inferior to
the best data augmentation approach. In 5 out of
8 cases, there is always at least one simple data
construction method providing more robust model.

This finding is noteworthy given the higher im-

plementation cost of these methods. PPCL re-
quires computing a Jensen-Shannon divergence
term across each label at each training step, while
CoIN imposes strict batch composition constraints
requiring two examples with three different prompt
formulations. Against this overhead, the marginal
robustness benefit — absent for three of four mod-
els — is difficult to justify.

5 Conclusion

This paper provides a systematic comparison of
train-time strategies for improving prompt robust-
ness of LLMs. Our results show all multi-prompt
methods improve robustness over single-template
IFT, yet the gains remain modest relative to the
underlying variance caused by prompt formulation.
We find that the differences among data con-
struction strategies are subtle, but ONE-AT-A-TIME
scheduling provides the most reliable worst-case
gains, particularly for smaller models. On the
other hand, our reproductions and comparisons of
recent robustness-enhancing methods shows that
these methods are mostly matched or are outper-
formed by simple data augmentation, making their
additional complexity difficult to justify. Our re-
sults advise practitioners seeking prompt-robust
models to prioritize simple ONE-AT-A-TIME or
ALL-SHUFFLED multi-prompt training schedule,
depending on data availability, before investing in
consistency regularization or contrastive objectives.
Taken together, our findings presents the prompt
robustness as an open challenge, where even the
best train-time methods leave ample space for im-
provement. We hope that our results will motivate
future work towards this challenge and towards
more cautious reproductions of prior findings.



Limitations

Model scale and family coverage. Our experi-
ments are limited to models up to 8B parameters
across two model families (Llama and Qwen), due
to computational constraints. It remains an open
question whether the observed patterns — in partic-
ular the advantage of ONE-AT-A-TIME scheduling
and the marginal benefit of auxiliary loss objectives
— hold at larger scales where models may be more
capable of leveraging richer training signals. Ex-
panding the evaluation to additional architectures
would further strengthen the generalizability of our
conclusions.

Benchmark scope and evaluation protocol. We
adopt the training and evaluation split of Sanh et al.
(2022), which, while well-established, consists pre-
dominantly of classification and short-answer tasks
with closed label sets. In such settings, prompt
sensitivity may manifest differently than in open-
ended generation, so evaluating on more diverse
benchmarks — including long-form generation and
reasoning tasks — would provide a more complete
picture of prompt robustness.

Method selection within each category. We
evaluate a single representative method for each of
the consistency regularization and contrastive align-
ment categories — PPCL and ColN, respectively
— selected based on their central standing in those
categories. Alternative methods within these cate-
gories (Sun et al., 2024; Zhou et al., 2022; Hejabi
etal., 2025; Liu et al., 2025; Aissi et al., 2025) may
exhibit different trade-offs, and our conclusions
should be interpreted as applying to the specific
instantiations studied rather than to the broader
methodological families.

Hyperparameter optimization. Although we
performed a grid search over learning rates for all
methods and tuned the PPCL regularization weight
on one model, a more exhaustive search — par-
ticularly for the auxiliary loss weights of PPCL
and CoIN — could yield stronger performance for
these methods and may affect the relative compar-
isons reported here. The computational cost of
such a search across all models and methods was
prohibitive within our resource budget.
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A Dataset statistics

Table 1 shows an overview of all training datasets
mirroring the TO Sanh et al. (2022) training split.
We replaced tydiqa with Zaid/coqa_expanded and
gigaword with scitldr as the versions on hugging-
face where not compatible with most prompt tem-
plates in prompt source.

Afterward we manually filter out all templates
which are not applicable to the examples or change
the task type. For example, some templates refor-
mulated HellaSwag examples as topic classification
problems, which would cause train/test leakage.

After removing these templates we needed to
remove social_i_qa, riddle_sense, and wiki_bio as
they did not have more than one template remain-
ing.

B Hyperparameters

Table 3 lists the hyperparameters shared
across all models and methods. Table 4
reports the learning rates selected per
model and method via grid search over

{107°,3x107°,5x107°,7x107°,9x107°,10~*}.

The A3 hyperparameter for PPCL was tuned over
{0.1,1, 10,100} for Llama-1B, with the best value
being 1. The COIN hyperparameters 7 and A were
set to the advised values from Yan et al. (2024) and
not tuned further due to computational constraints.
Due to compute constraints we only sweep for the
first 2000 training steps and take the best value
from there.

All experiments are run on H200, and we trained
for roughly 2800 GPU hours.

All Models (avg)

All shuffled A4 : ®+32---m
All majority shuffled A4 :‘ ®+2.8 L]
All in one batch A i ®+3.0 W
]
One at a time A4 % ®+3:3---m
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Figure 2: Performance of each method relative to SIFT
in percentage points averaged across models. The circle,
square, and triangle mark the average, best, and worst
template score respectively; the dashed span reflects
sensitivity to prompt variance. Vertical lines extending
from SIFT serve as reference. See Table 5 for the raw
scores

C Additional Results
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Table 1: The 48 training datasets grouped by task type. Templates is the total number of PromptSource templates
per dataset; Filtered is the count after removing manually identified off-task templates; Majority is the subset whose
template applies to most examples.

Task Dataset Samples Templates Filtered Majority
Paraphrase GLUE (MRPC) 3,668 5 5 4
GLUE (QQP) 10,240 6 6 4
PAWS 10,240 11 10 10
Extractive QA HotpotQA 10,240 5 5 5
TriviaQA 10,240 5 4 1
WebQuestions 3,778 5 5 1
WikiQA 10,240 5 5 4
AdvQA (BiDAF) 10,000 5 4 4
AdvQA (BERT) 10,000 5 4 4
AdvQA (RoBERTa) 10,000 5 4 4
DuoRC (Self) 10,240 7 5 1
DuoRC (Paraphrase) 10,240 7 5 1
ROPES 10,240 12 12 12
SQuAD v2 10,240 8 4 2
SuperGLUE (ReCoRD) 10,240 20 7 0
Quoref 10,240 11 10 1
CoQA 10,240 7 7 6
MC QA ARC-Challenge 1,119 6 5 3
ARC-Easy 2,251 6 5 3
CoS-E 9,741 11 6 1
CosmosQA 10,240 13 8 4
DREAM 6,116 5 4 2
OpenBookQA 4,957 7 7 6
PIQA 10,240 11 6 3
QASC 8,134 8 6 6
QuAIL 10,240 13 11 6
QuaRel 1,941 5 5 5
QuaRTz 2,696 8 8 8
RACE (High) 10,240 8 5 3
RACE (Middle) 10,240 8 5 3
SciQ 10,240 5 5 5
SuperGLUE (BoolQ) 9,427 10 5 2
SuperGLUE (MultiRC) 10,240 10 10 10
WIQA 10,240 8 4 2
Sentiment Amazon Polarity 10,240 9 9 3
App Reviews 10,240 4 4 1
IMDB 10,240 11 11 7
Rotten Tomatoes 8,530 10 10 7
Yelp Reviews 10,240 7 7 5
Summarization CommonGen 10,240 9 7 7
CNN/DailyMail 10,240 9 7 7
SciTLDR 1,992 6 5 5
MultiNews 10,236 6 5 5
SAMSum 10,240 7 6 5
XSum 10,240 10 10 10
Topic Classification ~AG News 10,240 7 7 4
DBpedia 10,240 4 4 4
TREC 5,452 7 5 5
Total (48 datasets) 417,238




Table 2: The 11 zero-shot evaluation datasets grouped by task type. Column definitions are the same as in Table 1.
For datasets without public test labels we use the official validation split.

Task Dataset Samples Templates Filtered Majority
NLI SuperGLUE (CB) 56 15 15 8
SuperGLUE (RTE) 277 10 10 9
ANLI (R1) 1,000 15 15 8
ANLI (R2) 1,000 15 15 8
ANLI (R3) 1,200 15 15 8
WSD /Coref  SuperGLUE (WiC) 638 10 10 9
SuperGLUE (WSC) 104 10 10 7
Commonsense WinoGrande 1,767 6 6 5
SuperGLUE (COPA) 100 8 8 8
StoryCloze 1,871 6 5 5
HellaSwag 10,003 11 5 3
Total (11 datasets) 18,016

Table 3: Shared hyperparameters for all experiments. TLoRA is only applied to the 8B models.

Hyperparameter Value

Optimizer AdamW (fused)

LR schedule Constant with linear warmup
Warmup steps 100

Effective batch size 256

Epochs 1

Precision bfloat16

Max train samples / dataset 10240

LoRA rank' 16

LoRA alpha' 32

LoRA dropout' 0.0

LoRA target modules’ qg_proj, v_proj, output_proj, MLP
COIN 7 0.05

COIN A 1000

PPCL Aq, Ao 1,1

PPCL )3 1

Table 4: Learning rates selected per model and method. All template variants (single, all, etc.) share the same
standard loss function, therefore we tune the learning rate only once.

Model Standard Loss COIN PPCL

Llama-3.2-1B 5x107° 7x107% 3x107°
Llama-3.1-8B 5x107° 9%x10™° 1074
Qwen3-0.6B 3x107° 5%107°  107°
Qwen3-8B 107° 5x107°  107°




Table 5: Raw ROUGE-L scores on the test set. For each model we report the mean across all templates (avg), the
best-template score (best), and the worst-template score (worst). Bold values belong to the statistically best group
per column under pairwise bootstrapped testing.

Qwen3-0.6B Qwen3-8B Llama3.2-1B Llama3.1-8B
Method avg best worst avg best worst avg best worst avg best  worst
Single (baseline) 0.514 0.618 0.308 0.634 0.753 0416 0479 0.629 0.210 0.639 0.730 0.519
All shuffled 0.554 0.632 0.406 0.668 0.770 0.485 0.531 0.623 0310 0.642 0.721 0.458
All majority shuffled 0.549 0.635 0.416 0.663 0.769 0477 0.531 0.635 0311 0.634 0.722 0473
All in one batch 0.556 0.627 0.452 0.655 0.758 0.467 0.524 0.608 0.379 0.648 0.726 0.464
One at a time 0.563 0.648 0.449 0.653 0.760 0.462 0.534 0.634 0.363 0.645 0.723 0.493
PPCL 0.521 0.605 0.368 0.659 0.751 0.480 0.531 0.639 0.316 0.649 0.741 0.470
CoIN 0.529 0.607 0.392 0.673 0.774 0.480 0.511 0.613 0.302 0.643 0.720 0.530

10



	Introduction
	Related Work
	Experimental setup
	Training Methods

	Results
	Conclusion
	Dataset statistics
	Hyperparameters
	Additional Results
	Statement on AI use and Risks

