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Abstract

SLMs are increasingly deployed on devices,
yet real-world prompts often contain textual or
ASR noise that can destabilize model predic-
tions. We analyze this problem from a token-
level perspective and find that SLMs exhibit
narrow logit margins between the gold token
and the top-ranked non-gold token, making
noisy prompts more likely to induce local rank
flips. To address this issue, we propose LoMaR,
a two-stage parameter-efficient framework for
robust fine-tuning. In Stage I, LoMaR trains
the model on clean prompts with a local logit
margin expansion objective to expand the local
decision boundary. In Stage II, LoMaR per-
forms residual-subspace adaptation with local
logit margin alignment on noisy prompts. Af-
ter training, the main and residual updates are
merged into a standard LoRA adapter, intro-
ducing no additional inference cost. Experi-
mental results show that LoMaR outperforms
baselines in most noisy settings and achieves
lower Performance Drop Rate and Rank Flip
Rate. Code and datasets are available at https:
//github.com/HongJin2828/LoMaR.

1 Introduction

Small language models (SLMs) are increasingly
deployed on smartphones and local intelligent sys-
tems due to their smaller parameter sizes and lower
inference latency (Grattafiori et al., 2024; Yang
et al., 2024). However, prompts in real interac-
tive environments are often noisy. Mobile typing
can introduce spelling errors and colloquial expres-
sions, while speech-based interaction can introduce
ASR transcription errors (Belinkov and Bisk, 2018;
Pruthi et al., 2019; Feng et al., 2021). These per-
turbations may preserve the intent of the user, but
they can obviously change the surface form of the
prompt and degrade model performance.

To understand this problem, we compare the
robustness of models at different scales under the
same perturbation settings. As shown in Figure 1,
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Figure 1: Noisy-Prompt Robustness Across Model
Sizes. Clean and noisy prompt performance is compared
across the Qwen2.5 model series from 0.5B to 14B.
Smaller models exhibit larger performance degradation
under perturbations.

SLMs suffer much larger performance degradation
than larger models in both classification accuracy
and generation consistency. We further analyze this
phenomenon from the perspective of token-level
prediction. Under teacher-forced decoding, given
a target label sequence, the model must predict
the gold token at each position, while all other
vocabulary tokens are treated as non-gold tokens.
As shown in Figure 2, the logit margin between the
gold token and the top-ranked non-gold token is
much narrower in SLMs. This pattern is evident
both at the first output token and on average across
the sequence. When a noisy prompt shifts the logits
so that a non-gold token receives a higher logit than
the gold token, such local rank flips can propagate
through decoding and increase the likelihood of an
incorrect task prediction.

Existing methods mainly improve noisy-prompt
robustness either at inference time or during fine-
tuning. Inference-time rewriting and prediction
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Figure 2: Token-Level Logit Margins Across Model
Sizes. The logit margin between the gold token and
the top-ranked non-gold token is measured under clean
and noisy prompts. Smaller models show narrower first-
token and sequence-average margins.

smoothing can reduce the effect of noise, but they
introduce additional computation during deploy-
ment (Jiang et al., 2020b; Zhao et al., 2021; Sclar
et al., 2024). Fine-tuning methods based on data
augmentation or consistency alignment avoid this
inference overhead by training the model to pro-
duce stable outputs under clean and noisy prompts
(Xie et al., 2020; Jiang et al., 2020a; Liang et al.,
2021; Zhao et al., 2024). However, these objec-
tives address robustness only indirectly: augmen-
tation increases exposure to perturbation patterns,
while distribution-level alignment may spend the
limited capacity of an SLM on broad output match-
ing rather than the local logit margin between
the gold token and the top-ranked non-gold to-
ken. Since parameter-efficient fine-tuning typically
adapts SLMs through low-rank updates (Houlsby
et al., 2019; Hu et al., 2022; Li and Liang, 2021;
Lester et al., 2021; Liu et al., 2022; Dettmers et al.,
2023; Ben Zaken et al., 2022), it is important to
strengthen the clean local decision boundary while
preventing noisy adaptation from overwriting the
main clean adaptation directions.

Based on the above analysis, improving robust-
ness to noisy prompts in SLMs requires addressing
two key questions. First, how can we build a more
stable clean local decision boundary for a capacity-
limited SLM, making local rank flips less likely
under noise? Second, how can we restrict the effec-
tive space for noise adaptation, so that it does not
overwrite the main clean adaptation directions?

We propose LoMaR, a two-stage parameter-
efficient robust fine-tuning framework for SLMs.
In the first stage, the model is fine-tuned on clean
prompts. In addition to the standard supervised

objective, we introduce a token-level margin ex-
pansion objective that explicitly expands the logit
margin between the gold token and the top-ranked
non-gold tokens, enabling the model to form a more
stable local decision boundary under clean prompts.
In the second stage, noise adaptation is performed
on noisy prompts. We apply singular value decom-
position to the LoRA update matrix obtained in
the first stage, divide the update space into a frozen
main update subspace and a residual adaptation sub-
space, and align noisy local logit margins to cached
clean margins within the residual adaptation pro-
cess. This design constrains noise adaptation to
non-dominant update directions while preserving
the main clean adaptation directions. After fine-
tuning, the main and residual subspaces are merged
into a standard LoRA adapter, so no additional
computation is required at inference time.

We evaluate LoMaR across representative SLMs
under two noisy prompt scenarios: text pertur-
bations that simulate typing noise and ASR tran-
scription noise that simulates speech-based interac-
tion. Across these settings, LoMaR improves noisy-
prompt performance, reduces token-level rank flips,
and retains standard LoRA inference efficiency.
Our contributions can be summarized as follows:

• We analyze the noisy prompt vulnerability
of SLMs from a token-level perspective and
show that narrow local logit margins between
the gold token and the top-ranked non-gold
token are closely associated with local rank
flips under noisy prompts.

• We propose LoMaR, a two-stage robust fine-
tuning framework that combines logit margin
expansion, residual-subspace adaptation, and
local logit margin alignment to decouple clean
and noisy adaptation under PEFT.

• We evaluate LoMaR under both text perturba-
tions and ASR transcription noise, showing
improved average noisy performance and re-
duced Rank Flip Rate.

2 Related Work

Noisy prompt robustness requires stable task
performance under surface perturbations that pre-
serve the user’s intent. Prior work mainly relies on
input augmentation or consistency alignment, but
rarely optimizes the local logit margin that deter-
mines whether the gold token is outranked.
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Data augmentation improves robustness by in-
creasing the diversity of training input expres-
sions. Prior work has studied character-level, word-
level, and sentence-level perturbations for robust-
ness evaluation and training (Ebrahimi et al., 2018;
Gao et al., 2018; Li et al., 2019; Jin et al., 2020;
Ribeiro et al., 2020; Wang et al., 2021). Alajrami
et al. (2025) inject controlled instruction pertur-
bations and study generalization under clean and
noisy inputs. For speech-induced text noise, Feng
et al. (2021) propose ASR-GLUE, which converts
GLUE samples into speech inputs and introduces
speaker and background noise, benchmarking nat-
ural language understanding under ASR transcrip-
tion noise. However, because such robustness
largely depends on the observed perturbation distri-
bution, SLMs may still suffer from rank flips under
unseen perturbations without explicit constraints
on the local logit margin between the gold token
and top-ranked non-gold tokens.

Consistency alignment enforces prediction con-
sistency across semantically equivalent prompts.
Prompt-based models are known to be sensitive
to paraphrases, demonstrations, order, formatting,
and label verbalization choices (Jiang et al., 2020b;
Zhao et al., 2021; Min et al., 2022; Webson and
Pavlick, 2022; Lu et al., 2022; Bach et al., 2022;
Sclar et al., 2024). Consistency training and ro-
bust fine-tuning methods reduce prediction shifts
by aligning outputs across perturbed or stochas-
tic views (Xie et al., 2020; Jiang et al., 2020a;
Zhu et al., 2020; Liang et al., 2021). Zhao et al.
(2024) propose two-stage consistency alignment
to reduce response shifts caused by minor instruc-
tion changes. Yan et al. (2024) propose COIN,
which brings hidden representations of semanti-
cally equivalent instruction-instance pairs closer
while separating semantically different pairs. Yang
et al. (2026) propose CoIPO, which constrains
output shifts between clean and noisy prompts
at the level of label-aligned logits and introduces
NoisyPromptBench, a benchmark derived from
PromptBench (Zhu et al., 2024). These methods
align hidden states or output distributions, which
may allocate limited adaptation capacity to dimen-
sions that are not directly tied to the ranking of the
gold token against top-ranked non-gold tokens.

SVD-based LoRA methods analyze or recon-
struct low-rank update spaces through singular
value decomposition, allowing different singular
directions to serve different functions. AdaLoRA

parameterizes incremental updates in an SVD form
and dynamically allocates the rank budget accord-
ing to parameter importance (Zhang et al., 2023).
PiSSA initializes adapters with principal singular
components and freezes the residual part to pre-
serve pretrained knowledge (Meng et al., 2024).
MiLoRA follows the opposite direction by updat-
ing only minor singular components while freezing
principal components, thereby reducing damage to
pretrained knowledge (Wang et al., 2025). These
studies reveal functional differentiation within low-
rank update spaces and motivate our design, which
decouples main clean adaptation directions from
incremental noisy adaptation directions under the
capacity constraints of SLMs.

3 Method

3.1 Method Overview
LoMaR targets parameter-efficient robust fine-
tuning for SLMs under semantics-preserving noisy
prompts. As shown in Figure 3, Stage I fine-tunes
the model on clean prompts, expands clean local
logit margins and caches clean margins. Stage II
decomposes the Stage I LoRA update into a frozen
main update subspace and a residual adaptation
subspace with frozen bases, updates only the resid-
ual coefficient matrix, and aligns noisy local logit
margins to cached clean margins. After training,
the merged update is refactorized into a standard
LoRA adapter with unchanged inference.

3.2 Stage I: Clean Margin Expansion
Stage I learns the task mapping from clean prompts
while expanding the local decision boundary
around the gold token. For a weight matrix se-
lected for LoRA adaptation, the low-rank update is
∆W = BA, where B ∈ Rd×r, A ∈ Rr×d, and r
is the LoRA rank. The resulting adapter is denoted
as ∆Wbase.

In addition to the standard supervised loss on
clean prompts, we introduce local logit margin ex-
pansion. For a clean input xci and target position
t, let the output logit vector be zci,t ∈ R|V | and the
gold token be yi,t. After masking the gold token,
we select the top K non-gold logits as the local
competitor set:

Cc
i,t = TopKj∈V \{yi,t}

(
zci,t,j

)
(1)

The TopK indices are recomputed at each forward
pass and treated as non-differentiable selection in-
dices. Gradients flow through the selected logits.
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Figure 3: Overview of the LoMaR Framework. Stage I expands clean local logit margins and caches the clean
margins. Stage II decomposes the Stage I LoRA update into a frozen main update subspace and a trainable residual
adaptation subspace, aligns noisy local logit margins to cached clean margins, and merges the final update into a
standard LoRA adapter for inference.

To avoid relying on a single competitor, we use
a smoothed ranking constraint. The normalized
weight wc

i,t,j is the softmax weight over Cc
i,t and

is proportional to exp(zci,t,j/τ), where τ controls
smoothness. We denote the local logit margin by
Ma

i,t,j = zai,t,yi,t − zai,t,j , where a ∈ {c, n} is the
clean or noisy branch, and define the Stage I token-
level margin loss as:

lmargin
i,t =

∑

j∈Cc
i,t

wc
i,t,j softplus

(
m−M c

i,t,j

)
(2)

where softplus(u) = log(1 + eu). Intuitively, an
excessively large m may push the model toward
overconfident predictions and hurt understanding.
For decoder-only LMs, the first token often deter-
mines the downstream answer, while later tokens
become more confident once the first token is cor-
rect. Thus, we set m to lie between the first-token
and average-token margin ranges, as a finite, em-
pirically validated safety margin. This loss encour-
ages the gold token to keep a stable advantage over
top-ranked competitors.

At the end of Stage I, we store a cached clean
margin for each local competitor:

M̂ c
i,t,j = sg

(
M c

i,t,j

)
, j ∈ Cc

i,t (3)

Together with Cc
i,t and wc

i,t,j , these cached clean
margins provide the Stage II alignment target.

For each sample, we average the margin loss
across all target positions:

Lmargin =
1

N

N∑

i=1

1

|yi|

|yi|∑

t=1

lmargin
i,t (4)

The overall Stage I objective is

Lstage1 = Lclean + λmLmargin (5)

This objective expands clean local logit margins,
making the same noisy perturbations less likely to
change the rank of the gold token.

3.3 Stage II: Subspace-Preserved Noise
Adaptation

Stage II adapts the model to noisy prompts while
preserving the clean local decision boundary estab-
lished on clean prompts. Since directly fine-tuning
the full LoRA adapter may overwrite the domi-
nant clean adaptation directions, we apply singular
value decomposition to ∆Wbase:

∆Wbase = UΣV T (6)

where the singular values σj in Σ are sorted in
descending order. We choose the smallest k whose
squared singular-value energy satisfies:

∑k
j=1 σ

2
j∑rbase

j=1 σ2
j

≥ ρ (7)
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where ρ denotes the retained spectral energy ra-
tio. The Stage I update is then decomposed into
a main update subspace and a residual adaptation
subspace:

∆Wmain = UmΣmV
T
m ∆Wres = UrΣrV

T
r (8)

where the main components retain the top-k sin-
gular directions, the residual components contain
the remaining directions and the residual rank is
rres = rbase − k.

In Stage II, the base model parameters, ∆Wmain,
and the residual bases Ur and Vr are frozen. Only
the residual coefficient matrix is trainable:

∆Wres(Θ) = UrMΘV
T
r (9)

where MΘ ∈ Rrres×rres is initialized from Σr. The
effective update is ∆Wmain+∆Wres(Θ), and noisy
prompt adaptation can recombine directions within
the residual subspace but cannot move into the
frozen main singular directions.

Stage II optimizes noisy supervised loss Lnoisy

while aligning noisy local logit margins to the
cached clean margins. For noisy logits zni,t, we
reuse Cc

i,t so the same local decision relations are
compared across paired inputs. For each j ∈ Cc

i,t,

let di,t,j = Mn
i,t,j − M̂ c

i,t,j denote the deviation
from the corresponding cached clean margin, and
optimize:

Lalign =
1

N

N∑

i=1

1

|yi|

|yi|∑

t=1

Ej∼wc
i,t

[
d2i,t,j

]
(10)

It does not require the entire noisy logit distribu-
tion to match the clean logit distribution. Instead,
it preserves only the local logit margins cached in
Stage I, which are directly related to whether the
gold token is outranked under noisy prompts. The
clean prompt is not used as an additional supervised
signal in Stage II. Together with noisy supervised
learning, the Stage II objective is:

Lstage2 = Lnoisy + λaLalign (11)

where λa controls the strength of local logit margin
alignment.

3.4 Inference
After fine-tuning, each adapted layer uses ∆W ∗ =
∆Wmain + ∆W ∗

res. We apply SVD to ∆W ∗ and
refactorize it into a low-rank LoRA form. The final
adapter has the same structure as standard LoRA
and introduces no additional branch or parameter
overhead during standard LoRA deployment.

4 Experiments

4.1 Experimental Setup
Datasets and metrics We construct the fine-
tuning data from 25 deterministic-answer FLAN
subsets covering NLI, commonsense reasoning,
sentiment analysis, paraphrase identification, ques-
tion answering, and text classification (Longpre
et al., 2023; Williams et al., 2018; Socher et al.,
2013; Dolan and Brockett, 2005; Rajpurkar et al.,
2016). Following the clean-noisy pair prompts
used in CoIPO, each clean prompt is paired with
a noisy view with the same target output. We use
both text noise and ASR transcription noise gener-
ated by our TTS-ASR pipeline. Evaluation prompts
are excluded from fine-tuning, and ASR-GLUE
prompts are not used to construct ASR noise train-
ing pairs. We adapt PromptBench to our setting.
Each task is evaluated with four clean prompt tem-
plates. Text-noise evaluation applies three pertur-
bations, DeepWordBug, TextFooler, and Check-
List, covering character-, word-, and sentence-level
noise. ASR-noise evaluation uses low, medium,
and high noise levels. We evaluate GLUE, ASR-
GLUE, MMLU, and SQuAD (Wang et al., 2019;
Feng et al., 2021; Hendrycks et al., 2021; Rajpurkar
et al., 2016), reporting accuracy except F1 for
SQuAD, while MMLU and SQuAD extend evalua-
tion to multitask reasoning and question answering.
We report Performance Drop Rate (PDR) and Rank
Flip Rate (RFR). PDR quantifies task-level degra-
dation under noisy prompts, whereas RFR captures
token-level local rank instability. Given the clean
score sc and noisy score sn, PDR is:

PDR =
sc − sn

sc
× 100% (12)

which can be negative when noisy prompts outper-
form clean prompts. RFR is computed as:

RFR =
1

Ntok

S∑

i=1

Ti∑

t=1

I (Mi,t < 0) (13)

where Ntok =
∑S

i=1 Ti denotes the total number
of evaluated gold tokens, S is the number of sam-
ples, Ti is the number of evaluated gold tokens in
the i-th sample, and I(·) is the indicator function.
RFR measures the proportion of tokens whose logit
margins fall below zero.

Baselines We evaluate three representative
SLMs, Qwen2.5-0.5B, Qwen2.5-1.5B, and Llama-
3.2-1B (Yang et al., 2024; Grattafiori et al., 2024;
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Noise Method MNLI MRPC QNLI QQP SQuAD MMLU Avg

Acc PDR Acc PDR Acc PDR Acc PDR F1 PDR Acc PDR Score PDR

Clean

Base 48.42 / 66.46 / 70.92 / 66.83 / 34.34 / 31.17 / 53.02 /
SFT 55.29 / 68.04 / 69.83 / 72.58 / 34.10 / 35.67 / 55.92 /

COIN 60.54 / 54.75 / 74.46 / 65.04 / 31.66 / 36.92 / 53.90 /
CoIPO 57.13 / 67.75 / 68.79 / 73.83 / 30.30 / 31.67 / 54.91 /

LoMaR (ours) 59.38 / 68.42 / 75.96 / 71.17 / 36.31 / 35.83 / 57.85 /

DeepWordBug

Base 41.50 14.29 55.54 16.43 68.46 3.47 57.50 13.96 33.99 1.02 30.67 1.60 47.94 9.58
SFT 46.54 15.83 53.33 21.62 70.08 -0.36 63.21 12.91 34.22 -0.35 24.92 30.14 48.72 12.88

COIN 56.27 7.05 52.08 4.88 72.75 2.30 55.08 15.31 29.52 6.76 32.43 12.16 49.69 7.81
CoIPO 53.63 6.13 63.46 6.33 68.54 0.36 70.46 4.56 28.02 7.52 27.30 13.80 51.90 5.48

LoMaR (ours) 57.83 2.61 65.33 4.52 74.67 1.70 68.96 3.11 35.41 2.48 33.50 6.50 55.95 3.28

TextFooler

Base 51.50 -6.36 63.71 4.14 66.71 5.94 53.63 19.75 30.59 10.92 23.58 24.35 48.29 8.92
SFT 56.75 -2.64 66.46 2.32 66.67 4.53 65.00 10.44 31.47 7.71 32.00 10.29 53.06 5.11

COIN 58.18 3.90 51.54 5.86 71.17 4.42 64.25 1.21 29.04 8.28 36.17 2.03 51.73 4.03
CoIPO 55.79 2.35 63.58 6.15 66.87 2.79 72.29 2.09 29.81 1.62 27.83 12.13 52.70 4.02

LoMaR (ours) 58.00 2.32 67.04 2.02 73.29 3.52 69.58 2.23 34.84 4.05 34.67 3.24 56.24 2.78

CheckList

Base 48.08 0.70 66.33 0.20 69.25 2.35 63.71 4.67 33.12 3.55 27.17 12.83 51.28 3.28
SFT 57.08 -3.24 66.92 1.65 66.54 4.71 71.46 1.54 33.96 0.41 33.83 5.16 54.97 1.70

COIN 59.17 2.26 54.25 0.91 72.63 2.46 63.92 1.72 29.95 5.40 30.92 16.25 51.81 3.88
CoIPO 57.58 -0.79 66.79 1.42 66.71 3.02 72.55 1.73 29.52 2.57 27.67 12.63 53.47 2.62

LoMaR (ours) 59.21 0.29 68.37 0.07 74.62 1.76 69.04 2.99 36.50 -0.52 34.87 2.68 57.10 1.30

Avg

Base 47.38 2.15 63.01 5.19 68.84 2.93 60.42 9.59 33.01 3.87 28.15 9.69 50.14 5.43
SFT 53.92 2.48 63.69 6.39 68.28 2.22 68.06 6.23 33.44 1.94 31.61 11.38 53.17 4.92

COIN 58.54 3.30 53.16 2.90 72.75 2.30 62.07 4.57 30.04 5.12 34.11 7.61 51.78 3.93
CoIPO 56.03 1.93 65.40 3.47 67.73 1.54 72.28 2.10 29.41 2.94 28.62 9.63 53.25 3.02

LoMaR (ours) 58.61 1.30 67.29 1.65 74.64 1.74 69.69 2.08 35.77 1.49 34.72 3.10 56.79 1.83

Table 1: Main Results Under Text Noise. Qwen2.5-0.5B is evaluated on clean prompts and three text-noise
settings: DeepWordBug, TextFooler, and CheckList. Task scores are reported as accuracy except for SQuAD, and
PDR measures the relative performance drop from clean to noisy prompts. All results are averaged over three seeds
(0, 1, 2) and four prompt templates per task.
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Figure 4: Prediction Transitions From Clean to Noisy Prompts. Predictions are grouped by their correctness
under clean and noisy prompts, with token-level Rank Flip Rate reported for each method. LoMaR achieves a larger
stable-correct proportion and fewer clean-correct to noisy-wrong transitions.

Meta, 2024). All fine-tuned models use LoRA (Hu
et al., 2022). We compare LoMaR with four base-
lines: (1) Base: the original model without task
fine-tuning; (2) SFT: supervised fine-tuning on the
union of clean and noisy prompt views, correspond-
ing to data-augmentation-based robust fine-tuning;
(3) COIN: contrastive instruction tuning that aligns
similar hidden representations while separating se-

mantically different pairs (Yan et al., 2024); and (4)
CoIPO (Yang et al., 2026): a clean-noisy output
alignment method based on label-aligned output
logits during fine-tuning.

Implementation details All fine-tuned methods
use the same data exposure: given N clean prompts,
each method uses the same N clean views and N
paired noisy views without additional augmented
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Method Clean Low Medium High Avg

Base 63.41 62.42 61.48 60.29 61.90
SFT 66.33 64.61 62.55 61.34 63.71

COIN 65.53 63.38 61.75 60.31 62.74
CoIPO 66.51 65.80 63.36 62.91 64.65

LoMaR (ours) 68.03 66.33 65.03 63.97 65.84

Table 2: ASR-GLUE Results. Qwen2.5-0.5B scores
under clean prompts and low, medium, and high ASR
noise across the benchmark, with the average score
summarizing overall robustness.

examples. SFT trains on the union of the 2N views,
COIN and CoIPO use clean-noisy pairwise objec-
tives, and LoMaR uses the clean views in Stage
I and the paired noisy views in Stage II, so its
two-stage schedule introduces no extra training ex-
amples. All fine-tuned methods share the same
backbone, LoRA configuration, optimizer, batch
size, maximum length, and learning rate. We set
the LoRA rank to r = 8, scaling factor to α = 16,
learning rate to 1e−4, and batch size to 32, and
apply LoRA to q_proj, k_proj, v_proj, and o_proj.
All experiments are conducted on an NVIDIA RTX
4090, with full hyperparameters reported in the ap-
pendix.

4.2 Main Results
Table 1 and Table 2 report the main results on
Qwen2.5-0.5B. Under text perturbations, LoMaR
achieves the highest clean average score and
strongest noisy prompt performance. Compared
with SFT, LoMaR improves the clean average
by 1.93 points and the noisy average by 3.62
points. Compared with the output alignment base-
line CoIPO, LoMaR improves the noisy average
by 3.54 points and reduces the average PDR from
3.02% to 1.83%. LoMaR also obtains the high-
est average score under DeepWordBug, TextFooler,
and CheckList, showing that its improvement is not
confined to a single perturbation type.

The ASR-GLUE results show the same trend
under ASR noise. LoMaR obtains the best score
under clean, low, medium, and high noise ASR
settings, with an average score of 65.84. It im-
proves over SFT, COIN, and CoIPO by 2.13, 3.10,
and 1.19 points, respectively. These results suggest
that exposing an SLM to noisy prompts is helpful
but insufficient. SFT improves some clean scores
but still suffers larger degradation under text noise,
while output or representation alignment methods
do not consistently preserve task performance. The
gains of LoMaR are consistent with its design: it ex-

Base
SFT

COIN
CoIPO
LoMaR

(a)

-10 -5 0 5 10

Base
SFT

COIN
CoIPO
LoMaR

(b)

Distribution of Local logit Margins

Q01-Q99 Q05-Q95 Q10-Q90 Q25-Q75 Avg

Figure 5: Quantile Distribution of Local Logit Mar-
gins. Local logit margins are summarized under clean
prompts (a) and noisy prompts (b) using Q01–Q99,
Q05–Q95, Q10–Q90, and Q25–Q75 ranges. LoMaR
shifts the negative-margin tail toward positive margins.

pands clean local logit margins and confines noisy-
prompt adaptation to a residual subspace.

The same trend extends to the additional back-
bones reported in Table 9, Table 10, and Table 11.
LoMaR achieves the best average performance
under text and ASR noise on Llama-3.2-1B and
Qwen2.5-1.5B, and it consistently achieves im-
provements on the larger 3B and 7B models.

4.3 Effectiveness Analysis

We further analyze robustness at the sample level
by grouping clean-to-noisy predictions into four
transition types: (1) clean-correct / noisy-correct,
(2) clean-correct / noisy-wrong, (3) clean-wrong /
noisy-correct, and (4) clean-wrong / noisy-wrong.
We compute these statistics over all evaluation sam-
ples and use exact match to judge SQuAD correct-
ness. As shown in Figure 4, LoMaR achieves the
largest clean-correct / noisy-correct proportion and
the smallest clean-correct / noisy-wrong proportion.
It also obtains the lowest RFR under both clean and
noisy prompts, indicating fewer token-level rank
reversals under perturbation.

Figure 5 further shows how LoMaR changes the
margin distribution under clean and noisy prompts.
We summarize local logit margins over all evalu-
ated tokens with Q01–Q99, Q05–Q95, Q10–Q90,
and Q25–Q75 ranges, and mark the average margin
for each method. Under the experimental thresh-
old m = 4, LoMaR does not simply inflate the
average margin. Instead, its main effect appears in
the left tail: the low-quantile margins are shifted
away from the negative region under clean prompts,
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Method MNLI MRPC QNLI QQP SQuAD MMLU Avg

Acc PDR Acc PDR Acc PDR Acc PDR F1 PDR Acc PDR Score PDR

Base 47.38 2.15 63.01 5.19 68.84 2.93 60.42 9.59 33.01 3.87 28.15 9.69 50.14 5.43
Two-stage SFT 51.21 1.82 62.65 2.20 67.45 4.43 59.37 9.06 32.60 4.28 30.24 8.29 50.59 5.69

w/o Margin 57.45 3.32 60.95 1.76 70.96 3.13 58.50 1.75 32.92 6.37 35.71 3.28 52.75 3.02
w/o SVD 52.36 3.48 65.54 4.90 71.04 2.18 68.40 7.52 32.31 4.66 32.96 8.44 53.77 5.02

w/o Alignment 56.73 2.61 65.05 1.99 70.28 4.05 63.45 0.20 33.70 8.30 34.17 4.42 53.90 3.16
LoMaR (ours) 58.61 1.30 67.29 1.65 74.64 1.74 69.69 2.08 35.77 1.49 34.72 3.10 56.79 1.83

Table 3: Ablation Study Under Text Noise. Full LoMaR is compared with two-stage training and component-
removal variants. Removing clean margin expansion, SVD-based subspace preservation, or cached-margin alignment
reduces robustness, suggesting that the three components provide complementary gains.

and this improvement remains clear under noisy
prompts. Since negative margins indicate cases
where non-gold competitors outrank the gold to-
ken, the reduced negative-margin tail suggests that
LoMaR mainly targets vulnerable tokens that are
most likely to undergo local rank flips. This pattern
supports the role of the margin objective, which im-
proves low-margin cases while avoiding an indis-
criminate increase of confidence across all tokens.

4.4 Ablation Study

We compare full LoMaR with several variants to
isolate the effects of the training schedule, local
logit margin objective, SVD-based subspace preser-
vation, and Stage II alignment. (1) Two-stage SFT
first fine-tunes on clean prompts and then on noisy
prompts, testing whether the schedule alone ex-
plains the gain. The remaining variants remove
one LoMaR component at a time: (2) w/o Margin
removes Lmargin, (3) w/o SVD updates the adapter
without preserving the main singular subspace, and
(4) w/o Alignment removes Lalign from Stage II.

As shown in Table 3, LoMaR achieves the best
average score and lowest average PDR. Two-stage
SFT slightly improves over the base model, sug-
gesting that the two-stage schedule alone cannot ex-
plain the performance gain. Removing the margin
loss, SVD partitioning, or alignment reduces the av-
erage score. Among the ablations, w/o Alignment
is the strongest variant, but it trails LoMaR by 2.89
points and has 1.33 points higher PDR. Together
with the lower clean-to-noisy transition errors and
the left-tail margin shift, the margin loss contributes
to robustness rather than only improving clean gen-
eralization. Overall, clean margin expansion, resid-
ual subspace adaptation, and cached margin align-
ment appear to be complementary components.

4.5 Efficiency Analysis

Fine-tuning cost LoMaR introduces only a one-
time SVD after Stage I. Since the LoRA update
is low-rank, this decomposition can be performed
from compact LoRA factors, making its cost small
relative to backpropagation-based training. Stage
II updates the residual coefficient matrix rather
than the full LoRA adapter. As shown in Table 4,
LoMaR requires only 1.02× the training time of
SFT and maintains throughput close to SFT, while
COIN and CoIPO incur larger overhead.

Method Time (Norm.) Samples/s

SFT 1.00 12.57
COIN 1.13 10.65
CoIPO 1.18 10.45

LoMaR (ours) 1.02 12.06

Table 4: Fine-Tuning Efficiency Comparison. Train-
ing time is normalized by SFT, and throughput is mea-
sured in samples per second under the same setting.

Inference cost After fine-tuning, the main and
residual updates are merged and refactorized into
a standard LoRA form. Thus, LoMaR uses the
same inference graph as LoRA, introduces no extra
branches or repeated forward passes, and can be
loaded by existing LoRA inference pipelines.

4.6 Data Scaling Study

Training-data scale affects the applicability of ro-
bust fine-tuning. A large, high-quality noisy-
instruction dataset that covers diverse perturbation
types and noise intensities could improve robust-
ness. We therefore control data exposure across
methods and test whether increasing the available
fine-tuning data closes the gap between SFT and
LoMaR.
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Model Method 0% 25% 50% 75% 100%

0.5B SFT 50.14 51.80 52.43 52.95 53.17
LoMaR 50.14 53.10 54.95 55.37 56.79

1.5B SFT 65.01 65.64 65.95 66.10 66.45
LoMaR 65.01 67.17 68.82 69.49 70.14

Table 5: Data Scaling Results Under Text Noise. Av-
erage scores with 0%, 25%, 50%, 75%, and 100% of the
fine-tuning pool. At 0%, no fine-tuning data are used.

Table 5 shows that both methods improve as
more fine-tuning data become available. At ev-
ery nonzero data scale, LoMaR outperforms SFT
by 1.30 to 3.62 points on 0.5B and 1.53 to 3.69
points on 1.5B. Thus, increasing data exposure im-
proves performance for SFT, but it does not close
the robustness gap to LoMaR under the same data
exposure.

5 Conclusion

This paper studies noisy-prompt vulnerability in
small language models from a token-level perspec-
tive and identifies local logit margin as a diagnostic
and optimization target. Based on this observa-
tion, we propose LoMaR, a two-stage parameter-
efficient fine-tuning framework. It first expands
local logit margins under clean prompts, then pre-
serves the main clean adaptation directions through
SVD and performs noisy adaptation in the residual
subspace. During residual adaptation, noisy local
margins are aligned with cached clean margins. Ex-
periments under text noise and ASR noise show
that LoMaR improves average noisy prompt per-
formance, reduces PDR and RFR, and retains the
standard inference efficiency of LoRA.

Limitations

The main limitation of this work is that it focuses
on deterministic answer tasks and small language
models in the 0.5B to 1.5B parameter range. Future
work can further examine the effectiveness of local
logit margin preservation in more complex settings,
such as open-ended text generation, multi-turn di-
alogue, multimodal interaction, and broader ASR
error patterns.
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A Datasets

A.1 Fine-tuning Dataset

We select 25 deterministic-answer subsets from
FLAN to build the fine-tuning dataset (Wei et al.,
2022; Longpre et al., 2023). The dataset covers
natural language inference, commonsense reason-
ing, sentiment analysis, paraphrase identification,
question answering and text classification. Follow-
ing the clean-noisy pair prompts used in CoIPO,
each clean prompt is paired with a noisy prompt
while keeping the target output unchanged. We
construct two types of noisy views. The text noise
view follows the PromptBench setting and applies
character-level, word-level, or sentence-level per-
turbations to the clean prompts. The ASR noise
view is generated separately through the TTS-
ASR pipeline described below, which synthesizes
the clean prompts into speech and transcribes the

Field Text Noise ASR Noise

original_instruction ✓ ✓
paraphrased_instruction × ×

targets ✓ ✓
task_name ✓ ✓

keyword_data ✓ ✓

Table 6: Retained Fields for Noisy Sample Construc-
tion. Checkmarks indicate which fields are kept when
constructing text noise and ASR noise training samples.

perturbed audio back into text. This fine-tuning
dataset is separate from ASR-GLUE, which is used
only for public benchmark evaluation. Evalua-
tion prompts are excluded from fine-tuning. Thus,
the model observes semantically consistent clean-
noisy pairs during fine-tuning while being evalu-
ated on held-out prompts and public ASR-noise
benchmarks. The retained fields are summarized
in Table 6, and the detailed perturbation process is
described in the following appendix sections.

A.2 Evaluation Datasets

To evaluate LoMaR under different tasks and noise
scenarios, we build the evaluation suite from four
dimensions. First, we use GLUE to evaluate noisy-
prompt robustness on standard natural language
understanding tasks (Wang et al., 2019). Each task
is evaluated with four clean prompt templates, and
each template is evaluated on clean inputs and three
text perturbations: DeepWordBug, TextFooler, and
CheckList. Second, we use ASR-GLUE as a pub-
lic benchmark for robust language understanding
under ASR noise (Feng et al., 2021). ASR-GLUE
is not used during fine-tuning; it is used only to
test whether robustness learned from our generated
ASR-style prompt pairs transfers to a public ASR
evaluation setting. In our ASR-GLUE evaluation,
we use four task categories: SST-2, QQP, QNLI,
and RTE, and evaluate low, medium, and high ASR
noise levels. Their word error rates (WERs) are
reported in Table 7. Third, we use MMLU to eval-
uate robustness across broader multitask reasoning
formats (Hendrycks et al., 2021). Finally, we use
SQuAD to evaluate reading comprehension ability
and analyze the effect of noisy prompts on extrac-
tive question answering (Rajpurkar et al., 2016).

B Noise Perturbations

Clean denotes the original prompt without any
perturbation. It keeps the normal expression form
and serves as the reference input for robustness
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Dataset Low WER Medium WER High WER

SST-2 18.35 30.76 34.86
QQP 13.78 24.34 27.45
QNLI 22.51 33.61 37.90
RTE 24.54 39.47 47.03

Table 7: ASR-GLUE Evaluation Subsets. We evaluate
ASR-GLUE on SST-2, QQP, QNLI, and RTE. WER
values are reported as percentages under low, medium,
and high ASR noise.

evaluation.

DeepWordBug is a character-level perturbation
method. It creates natural but misleading spelling
noise by applying character operations to selected
words in the prompt, including character insertion,
deletion, repetition, substitution, and transposition.

TextFooler is a word-level perturbation method
proposed by Jin et al. (2020). It replaces words
in the original prompt with synonyms or contextu-
ally similar words, changing the surface expression
while preserving the overall semantics as much as
possible.

CheckList is a sentence-level perturbation
method. It generates 50 random strings consist-
ing of letters and digits, each with a length of 10,
and appends these strings one by one to the end of
the prompt to construct task-irrelevant content.

ASR-Noise describes the construction of ASR-
style noisy prompts for fine-tuning. As shown
in Figure 6, we first take clean instructions from
the fine-tuning set as input and synthesize English
speech using XTTS-v2 (Casanova et al., 2024).
The sampling rate is set to 24 kHz, and reference
speakers are assigned by default using a round-
robin strategy. We then apply acoustic perturba-
tions to the synthesized speech, including back-
ground noise and mild reverberation, and all speech
signals are peak-normalized. In the ASR stage, we
use wav2vec2-large-960h, Whisper large-v3, and
a Conformer-based ASR model as ASR systems
(Baevski et al., 2020; OpenAI, 2023; Gulati et al.,
2020). For the same perturbed audio, one ASR
model is randomly selected for transcription, re-
ducing noise bias caused by any single ASR model.
The generated transcription is paired with the origi-
nal target output and retained in the fields reported
in Table 6. In evaluation, ASR robustness is mea-
sured separately on the public ASR-GLUE eval-
uation benchmark under low, medium, and high

XTTS-v2

⚫ 24 kHz sampling rate

⚫ Round-robin reference

      speaker assignment

wav2vec2-large

Whisper large

Conformer

Background 

Noise
Reverberation

TTS

ASR

Clean Prompt

Noisy Prompt

Figure 6: ASR Noisy Prompt Generation Pipeline.
Clean prompts are synthesized with XTTS-v2, per-
turbed with acoustic noise and reverberation, and tran-
scribed by wav2vec2, Whisper, or a Conformer-based
ASR model to create noisy prompt pairs.

WER levels.

C Hyperparameters

Table 8 shows the hyperparameter settings used in
our experiments.

D Evaluation on More Backbones

We conduct additional experiments to examine
whether the trends observed on Qwen2.5-0.5B
transfer across backbones. Specifically, we evalu-
ate Llama-3.2-1B and Qwen2.5-1.5B under both
text perturbations and ASR noise. The results are
reported in Table 9 and Table 10. Results show that
LoMaR consistently improves noisy prompt perfor-
mance and reduces PDR compared with baselines.

To further examine scale sensitivity beyond the
original 0.5B–1.5B range, we evaluate 3B and 7B
SLMs under the same noisy-prompt protocol. Ta-
ble 11 shows that LoMaR improves over the base
model at every scale under both text and ASR
noise. Although the gains decrease as model size
increases, they remain positive at 7B: 2.06 points
under text noise and 1.46 points under ASR noise.

E Evaluation on More Benchmarks

We further stress-test LoMaR on task formats
not used in fine-tuning. Along with the held-out
SQuAD and MMLU evaluations, we include CoQA
(Reddy et al., 2019) for multi-turn question answer-
ing and GSM8K (Cobbe et al., 2021) for mathe-
matical reasoning. All benchmarks use the same
text-noise setup as the main experiments. Table 12
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Parameter Value

batch size 32
num epoch 1

lr 1e−4
cutoff length 256
temperature 0.01
lora modules q_proj, k_proj, v_proj, o_proj
lora rank r 8

lora α 16
lora dropout 0.05

τ 1
m 4
λm 0.2
ρ 0.9
K 4
λa 0.1

Table 8: Hyperparameter Settings. Hyperparameter
settings were used in our experiments.

reports F1 for SQuAD and CoQA, accuracy for
MMLU, and exact match for GSM8K.

LoMaR outperforms SFT on all four benchmarks
for both backbones. On the newly added task for-
mats, its gains over SFT range from 0.73 to 1.45
points on Qwen2.5-0.5B and from 2.04 to 2.83
points on Qwen2.5-1.5B. These results indicate
that LoMaR remains useful beyond the original
FLAN fine-tuning subsets under the matched text-
noise setting.

F SVD Analysis

We apply SVD to the LoRA update from Stage
I and analyze how clean-task performance is re-
covered by different decomposed update spaces.
Figure 7 uses t-SNE (van der Maaten and Hinton,
2008) to qualitatively visualize the Stage I update,
its main and residual subspaces, and the final up-
date after Stage II fine-tuning. The residual sub-
space forms patterns that are clearly separated from
the Stage I update, while the final update ∆W ∗ re-
mains close to the Stage I update in the projected
space. This suggests that Stage II adapts the model
through residual directions without substantially
drifting away from the clean adaptation structure.
Table 13 compares the base model with three re-
constructed variants: adding only ∆Wres, adding
only ∆Wmain, and adding the full Stage I update
∆Wbase. The residual-only variant remains close
to the base model, whereas the main subspace re-
covers most of the Stage I gain. The full Stage I
update obtains the best average score. These results

−20 −10 0 10 20

−20

−10

0

10

20

W_base
W_main
W_res
W*

Figure 7: SVD-decomposed LoRA update spaces. t-
SNE visualizes the Stage I LoRA update, its main and
residual subspaces, and the final update after Stage II
fine-tuning. The final update remains close to the Stage
I update, indicating that residual-subspace adaptation
preserves the main clean adaptation structure.

indicate that the dominant singular directions carry
the main clean adaptation signal, supporting our
choice to freeze ∆Wmain during Stage II and use
the residual subspace for noisy-prompt adaptation.

G Sensitivity Analysis

Sensitivity Analysis for ρ We conduct a sensitiv-
ity analysis on the energy threshold ρ used in SVD
decomposition. We decompose the Stage I LoRA
update with thresholds ρ ∈ {0.1, 0.2, . . . , 0.9},
and report the results in Figure 8. The heatmap
shows that when ρ is small, such as ρ ≤ 0.4, the
main update subspace retains only a few singular
directions, leaving some clean adaptation informa-
tion in the trainable residual subspace. These di-
rections may be altered during noisy prompt adap-
tation. When ρ is large, such as ρ ≥ 0.8, more
dominant directions are included in the frozen main
subspace, making noisy prompt adaptation more
constrained. In our experiments, ρ = 0.9 provides
a better balance between clean performance preser-
vation and noisy prompt adaptation.

Sensitivity Analysis for K We conduct a sen-
sitivity analysis on the number of competitor to-
kens K used in the local margin objective. We
vary K ∈ {1, 2, 4, 6, 8} and report the training dy-
namics and final robustness trade-off in Figures 9
and 10. The total loss curves remain stable across
different values of K, indicating that changing the
competitor set size does not introduce optimization
instability. However, task performance is sensitive
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Model Method MNLI MRPC QNLI QQP SQuAD MMLU Avg

Acc PDR Acc PDR Acc PDR Acc PDR F1 PDR Acc PDR Score PDR

Llama-3.2-1B

Base 33.23 0.57 35.88 -2.63 51.80 3.11 46.76 15.63 62.51 1.82 45.92 2.13 46.02 4.09
SFT 46.12 8.75 34.87 -3.20 53.88 -1.74 55.94 2.58 64.15 3.42 40.90 3.20 49.31 2.47

COIN 37.05 8.70 34.21 -5.13 55.49 0.25 51.60 4.81 65.07 1.36 41.19 1.15 47.44 2.04
CoIPO 44.10 4.67 36.55 -3.31 55.47 1.18 59.66 2.47 64.95 2.48 43.10 1.21 50.64 1.73

LoMaR 49.88 2.92 47.10 -3.61 60.30 1.95 65.34 2.40 68.75 1.08 47.94 0.81 56.55 1.12

Qwen2.5-1.5B

Base 62.13 1.65 69.45 4.31 73.28 5.80 71.54 5.97 52.70 9.17 60.96 1.28 65.01 4.72
SFT 63.48 0.03 68.67 5.23 77.31 0.08 72.80 5.66 54.68 8.13 61.73 2.28 66.45 3.51

COIN 67.24 2.90 70.26 1.91 77.02 0.89 71.83 2.88 56.64 2.55 61.40 1.00 67.40 2.01
CoIPO 67.79 -0.06 68.67 5.39 74.14 1.70 72.88 3.84 52.17 2.60 58.42 -0.86 65.68 2.22

LoMaR 68.35 1.84 72.11 1.78 78.67 -0.22 77.99 2.30 61.70 2.51 62.02 0.89 70.14 1.50

Table 9: Additional model results under text noise. Llama-3.2-1B and Qwen2.5-1.5B are evaluated under
text-noise settings, and PDR values report relative performance degradation from clean to noisy prompts.

Model Method Clean Low Medium High

Llama-3.2-1B

Base 60.82 59.00 58.66 58.11
SFT 63.61 62.40 60.83 61.06

COIN 63.35 62.98 61.31 60.94
CoIPO 62.56 61.04 60.47 59.51

LoMaR 66.65 64.27 62.94 63.17

Qwen2.5-1.5B

Base 72.28 68.84 65.59 63.03
SFT 72.92 69.55 66.02 65.07

COIN 71.89 69.69 66.20 64.91
CoIPO 72.11 69.00 64.96 63.71

LoMaR 73.80 70.01 66.94 65.52

Table 10: Additional model results on ASR noise.
Llama-3.2-1B and Qwen2.5-1.5B are evaluated under
clean prompts and three ASR noise levels.

Model Text Noise ASR Noise

Base LoMaR Base LoMaR

0.5B 50.14 56.79 (+6.65) 61.90 65.84 (+3.94)
1.5B 65.01 70.14 (+5.13) 67.44 69.07 (+1.63)
3B 69.04 72.54 (+3.50) 68.42 70.83 (+2.41)
7B 74.36 76.42 (+2.06) 70.19 71.65 (+1.46)

Table 11: Scaling to Larger Backbones Under Noisy
Prompts. Average performance is reported under text
and ASR noise.

to this choice: when K = 1, the margin objec-
tive only considers the single top-ranked non-gold
token, limiting its ability to capture broader local
competition. As K increases, the score improves
and reaches its peak at K = 4, while larger values
such as K ≥ 6 may include less informative com-
petitors and reduce the score. Although K = 8
yields the lowest PDR, its score is lower than that
of K = 4, so we use K = 4 as the best balance
between overall performance and robustness.

Model Method SQuAD MMLU GSM8K CoQA

0.5B
Base 33.01 28.15 40.67 22.30
SFT 33.44 31.61 42.52 23.72

LoMaR 35.77 34.72 43.25 25.17

1.5B
Base 52.70 60.96 60.12 43.78
SFT 54.68 61.73 61.50 45.37

LoMaR 61.70 62.02 64.33 47.41

Table 12: Evaluation on More Benchmarks Under
Text Noise. Average noisy performance is reported for
SQuAD and MMLU, together with GSM8K and CoQA.

Method Avg Score

Base 50.14
Base+∆Wres 50.28

Base+∆Wmain 53.94
Base+∆Wbase 54.78

Table 13: SVD Subspace Reconstruction Results.
Residual-only, main-only, and full Stage I LoRA up-
dates are compared with the base model.

Sensitivity Analysis for m We conduct a sen-
sitivity analysis on the minimum safe margin m
used in the margin expansion objective. We vary
m ∈ {1, 2, 4, 6, 8} and report the training dynam-
ics and final robustness trade-off in Figures 11
and 12. The total loss curves show that larger mar-
gins impose stronger separation requirements in
Stage I, with m = 8 producing higher loss before
the Stage II transition, while the curves become
closer after residual-subspace adaptation begins. In
final performance, a small margin such as m = 1
imposes only a weak separation requirement be-
tween the gold token and competing non-gold to-
kens. As m increases, the score reaches its high-
est value at m = 4, indicating that a moderate
safety margin helps build a more stable local pre-
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ρ. The heatmap reports retained main subspace ranks
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with ρ = 0.9 balancing clean preservation and noisy
adaptation.
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Figure 9: Training Dynamics under Different K Val-
ues. Total training loss is shown for K ∈ {1, 2, 4, 6, 8}
across Stage I and Stage II, suggesting that competi-
tor set size mainly affects the final robustness trade-off
rather than optimization stability.

diction structure. However, overly large margins
such as m ≥ 6 reduce the score and increase PDR,
suggesting that excessive margin constraints may
over-constrain optimization. In our experiments,
m = 4 provides the best balance between clean
performance and noisy-prompt robustness.

H Case Study

Figure 13 and Figure 14 show two examples that
illustrate how LoMaR preserves prediction stability
under noisy prompts. In the SST-2 example, the
base model predicts the correct negative sentiment
under the clean prompt but flips to positive under
the noisy prompt. LoMaR maintains a positive
logit margin for the correct negative label under
both clean and noisy prompts. In the SQuAD ex-
ample, the base model produces the correct answer
"Renmin University" under the clean prompt but
shifts to the incorrect answer "Rome University"
under the noisy prompt. LoMaR maintains the cor-
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Figure 10: Final Performance under Different K
Values. Score and PDR are reported for different
competitor-set sizes, with K = 4 obtaining the best
score.
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Figure 11: Training Dynamics under Different m Val-
ues. Total training loss is shown for m ∈ {1, 2, 4, 6, 8}
across Stage I and Stage II. Larger margins impose
stronger Stage I constraints, while the curves become
closer during Stage II residual adaptation.

rect answer span across clean and noisy prompts.
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Figure 12: Final Performance under Different m Val-
ues. Score and PDR are reported for different minimum
safe margins. m = 4 obtains the best score, while overly
large margins reduce performance and increase PDR.

I Prompt Templates

Tables 14–21 show the clean prompts used during
evaluation.
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Base

negative 

negative

logit=28.29

positive 

logit=27.80

Margin=0.49>0

positive

negative

logit=24.41

positive 

logit=27.92

Margin=-3.51<0

LoMaR

negative 

negative

logit=26.21

positive 

logit=23.98

Margin=2.23>0

negative 

negative

logit=26.44

positive 

logit=25.32

Margin=1.12>0

Considering the given phrase, would you say it carries a 'positive' or 

'negative' connotation? Answer with exactly 'positive' or 'negative’:

{k-19 exploits our substantial collective'positive fear of nuclear 

holocaust to generate cheap hollywood tension.}

Considering the gievn phrase, would jou say it carries a 'positive' 

or 'negative' connotation? Answer with exactly 'positive' or 'negative’:

{k-19 exploits our substantial collective fear of nuclear holocaust to 

generate cheap hollywood tension.}

Input

Clean prompt Noisy prompt

Figure 13: An example question from SST-2. The base model flips from the correct negative label to positive
under the noisy prompt, whereas LoMaR preserves the negative prediction with a positive margin.

Base

LoMaR

Based on the given context, provide the best possible answer to the question.

Context:{The University of Chicago also maintains facilities apart from its main campus. The 

university's Booth School of Business maintains campuses in Singapore, London, and the 

downtown Streeterville neighborhood of Chicago. The Center in Paris, a campus located on the 

left bank of the Seine in Paris, hosts various undergraduate and graduate study programs. In fall 

2010, the University of Chicago also opened a center in Beijing, near Renmin University's 

campus in Haidian District. The most recent additions are a center in New Delhi, India, which 

opened in 2014, and a center in Hong Kong which opened in 2015.}

Question:{The university's center in Beijing is located next to what school's campus?}

Bsaed on the given context, provide the best possible answer to the qeustion.

Context:{The University of Chicago also maintains facilities apart from its main campus. The 

university's Booth School of Business maintains campuses in Singapore, London, and the 

downtown Streeterville neighborhood of Chicago. The Center in Paris, a campus located on the 

left bank of the Seine in Paris, hosts various undergraduate and graduate study programs. In fall 

2010, the University of Chicago also opened a center in Beijing, near Renmin University's 

campus in Haidian District. The most recent additions are a center in New Delhi, India, which 

opened in 2014, and a center in Hong Kong which opened in 2015.}

Question:{The university's center in Beijing is located next to what school's campus?}

Input

Clean prompt Noisy prompt
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Figure 14: An example question from SQuAD. The base model changes the answer from “Renmin University” to
“Rome University” under the noisy prompt, whereas LoMaR keeps the correct answer span stable.
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No. Prompt

1 Identify whether the given pair of sentences demonstrates entailment, neutral, or contradiction. Return exclusively
’entailment’, ’neutral’, or ’contradiction’.

2 Please classify the relationship between the provided sentences as ’entailment’, ’neutral’, or ’contradiction’. Do
not include any explanation or additional content.

3 Acting as an entailment detection instrument, determine if the given pair of sentences demonstrates entailment,
neutral, or contradiction. Answer with ’entailment’, ’neutral’, or ’contradiction’. Do not provide any explanation
or additional information.

4 While performing entailment analysis, classify the relationship between the provided sentences as ’entailment’,
’neutral’, or ’contradiction’. Give only the classification result without any other content.

Table 14: MNLI Prompt Templates. Four prompt variants elicit target entailment labels.

No. Prompt

1 Do these two sentences have the same underlying meaning? Only return ’equivalent’ or ’not_equivalent’, nothing
else.

2 In your capacity as a language analyst, assess the following sentences and classify their similarity as ’equivalent’
or ’not_equivalent’. Your response should be strictly ’equivalent’ or ’not_equivalent’ only.

3 As a sentence similarity evaluator, analyze the provided sentences and indicate if their meanings are ’equivalent’
or ’not_equivalent’. Return only ’equivalent’ or ’not_equivalent’ without any additional text.

4 In your capacity as a semantic assessment tool, evaluate the provided sentences and classify their meanings as
’equivalent’ or ’not_equivalent’. Output only ’equivalent’ or ’not_equivalent’ as your final response.

Table 15: MRPC Prompt Templates. Four prompt variants elicit binary semantic equivalence labels.

No. Prompt

1 Given the question and context provided, determine if the answer can be inferred by choosing ’entailment’ or
’not_entailment’. Only respond with ’entailment’ or ’not_entailment’, nothing else.

2 Based on the information in the context, decide if the answer to the question is justified by choosing ’entailment’
or ’not_entailment’. Give only ’entailment’ or ’not_entailment’ as your response.

3 As a textual analyst, examine if the given context logically implies the answer to the question and indicate your
decision with ’entailment’ or ’not_entailment’. Return exclusively ’entailment’ or ’not_entailment’.

4 In your role as a linguistic investigator, determine if the context given entails the answer to the question and provide
your conclusion with ’entailment’ or ’not_entailment’. Output should be strictly ’entailment’ or ’not_entailment’.

Table 16: QNLI Prompt Templates. Four prompt variants decide whether the context entails the answer.

No. Prompt

1 Determine if the given pair of statements can be considered the same by responding with ’equivalent’ or
’not_equivalent’. Only return ’equivalent’ or ’not_equivalent’, nothing else.

2 Analyze if the given set of sentences have the same connotation by answering with ’equivalent’ or ’not_equivalent’.
Respond with only these exact terms.

3 Acting as a question equivalence instrument, determine if the provided questions are equivalent in meaning,
answering with ’equivalent’ for similar questions or ’not_equivalent’ for dissimilar ones. Return only these two
options, no additional text.

4 In the capacity of a question assessment system, indicate if the meaning of the provided questions is the same,
responding with ’equivalent’ or ’not_equivalent’. Do not include any other information in your response.

Table 17: QQP Prompt Templates. Four prompt variants elicit binary question-equivalence labels.
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No. Prompt

1 Considering the given phrase, would you say it carries a ’positive’ or ’negative’ connotation? Answer with exactly
’positive’ or ’negative’:

2 As an emotion detector, determine if the provided passage conveys a ’positive’ or ’negative’ sentiment. Answer
with just ’positive’ or ’negative’:

3 Taking on the role of an emotion classifier, specify if the provided phrase is ’positive’ or ’negative’. Give me only
’positive’ or ’negative’:

4 Functioning as a sentiment identification tool, assess if the following expression is ’positive’ or ’negative’. Output
just ’positive’ or ’negative’:

Table 18: SST-2 Prompt Templates. Four prompt variants elicit positive or negative sentiment labels.

No. Prompt

1 Does the premise entail the hypothesis? Reply with ’entailment’ or ’not_entailment’. Do not include any
additional text in your response.

2 Can the hypothesis be logically inferred from the premise? Answer with ’entailment’ or ’not_entailment’. Provide
no other information.

3 Based on the premise, is the hypothesis necessarily true? Provide your answer as ’entailment’ or ’not_entailment’.
No additional explanation is needed.

4 As a tool for recognizing textual entailment, determine whether the hypothesis follows from the premise and
classify it as either ’entailment’ or ’not_entailment’. Provide only ’entailment’ or ’not_entailment’ in your
response.

Table 19: RTE Prompt Templates. Four prompt variants elicit binary textual-entailment labels.

No. Prompt

1 Based on the given context, provide the best possible answer to the question.
2 Read the following passage and answer the question using only information from the context.
3 Please extract the most appropriate answer from the context provided below.
4 Using the context, determine the most suitable answer to the question.

Table 20: SQuAD Prompt Templates. Four prompt variants elicit extractive answers from context.

No. Prompt

1 Answer the following multiple-choice question about {} by selecting the correct option: ’A’, ’B’, ’C’, or ’D’.
2 For the multiple-choice question related to {}, please choose the most accurate answer from ’A’, ’B’, ’C’, or ’D’.
3 Please respond to the multiple-choice question about {} by selecting the appropriate answer: ’A’, ’B’, ’C’, or ’D’.
4 Evaluate the multiple-choice question about {} and select the most fitting response from ’A’, ’B’, ’C’, or ’D’.

Table 21: MMLU Prompt Templates. Four prompt variants elicit one of the multiple-choice options.
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