Under review as submission to TMLR

Analyzing the Effect of Noise in LLM Fine-tuning

Anonymous authors
Paper under double-blind review

Abstract

Fine-tuning is the dominant paradigm for adapting pretrained large language models (LLMs)
to downstream NLP tasks. In practice, fine-tuning datasets may contain various forms of
noise arising from annotation errors, preprocessing artifacts, or automated data collection.
While prior work has focused on designing robust learning algorithms to mitigate performance
degradation under noisy conditions, comparatively little is known about how different types
of noise affect the internal learning dynamics of LLMs during fine-tuning. In this work,
we systematically study the impact of noise on model behavior across three pretrained
model families (GPT-2, Qwen2 and Llama-2) and three diverse NLP tasks. We introduce
controlled perturbations corresponding to three common real-world noise types: label noise,
grammatical noise, and typographical noise. Beyond task-level performance, we analyze
layer-wise representation changes and attention patterns to understand how noise propagates
through the network. Our results show that corrupting labels (i.e. label noise) consistently
causes the largest performance degradation, whereas grammatical noise and typographical
noise can occasionally yield mild regularization benefits. We further find that noise effects are
localized primarily to task-specific layers, while attention structures remain comparatively
stable. Our code is available here [l

1 Introduction

Fine-tuning has become a dominant paradigm for adapting pretrained language models to downstream NLP
tasks. Broadly speaking, fine-tuning implicitly assumes that the data used for training is reliable. In practice,
training data is often noisy due to annotation errors, imperfect preprocessing pipelines, or automatic data
collection methods such as web scraping and distant supervision |Frenay & Verleysen| (2014); Ratner et al.
(2017); |Zhang et al.| (2025).

For instance, classification datasets may contain incorrect labels, while generation or understanding tasks
frequently include grammatical errors, spelling mistakes. Although a substantial body of research has studied
robust learning under adversarial or corrupted data Patrini et al.| (2017)); [Han et al.| (2018); [Li et al.| (2020),
most work focuses on designing algorithms that mitigate performance degradation. Much less is understood
about how different types of noise influence the internal learning dynamics of LLMs during fine-tuning.

Modern language models generally have a large number of parameters, and fine-tuning often modifies only a
small subset of representations responsible for task-specific behavior. Consequently, different noise sources may
affect distinct parts of the model differently, potentially leading to performance degradation or unexpected
improvements.

To investigate the above-mentioned hypothesis, we systematically investigated the effect of noise during
fine-tuning across multiple model families and tasks. We explored three widely used pretrained models GPT-2,
Qwen2 and Llama-2, and evaluated them on three diverse NLP tasks (i.e. Sentiment Classification(SC),
Question Answering(QA) and Machine Translation(MT)) to capture generalizable behavior. Prior
work [Subramaniam et al.| (2009); |[Zhang et al.| (2025) suggests that three categories of noise frequently
arise in real-world text data. Consequently, we introduced controlled perturbations corresponding to three
different noise categories: Label noise Frenay & Verleysen| (2014), Typographical noise Karpukhin et al.
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1. SENTIMENT CLASSIFICATION (SC) 2. QUESTION ANSWERING (QA) 3. MACHINE TRANSLATION (MT)
Input: Friendly staff, same starbucks fair you Q: How many touchdowns did Brock Osweiler EN: the check, please .
get anywhere else. Sometimes the lines can get throw?
long. Ref: I'addition , s'il vous plait .
A: 10

Label: positive

Clean Model Noisy Model Clean Model Noisy Model Clean Model Noisy Model

) v I'addition , s'il vous vérifie , s'il te plait .
positive v/ negative X Six X 10 plait .
BLEU: 100 BLEU: 23 ||,

Figure 1: Examples of prediction changes in Llama-2 7B under different noise types at 40% corruption ratio:
label-flip (SC), typographical (QA), and grammatical (MT).

(2019), Grammatical noise Moradi & Samwald| (2021)). For all the above-mentioned noise types, we analyzed
layer-wise representation changes and attention patterns to understand how noise propagates through the
network. Our contributions can be summarized as follows.

o Label noise is the most harmful: Across all tasks and models, label noise resulted in the largest
performance degradation, whereas grammatical and typographical noise occasionally caused marginal
performance improvements.

¢ Noise impact is localized: Layers that encode higher levels of task-specific information generally
exhibit greater distortion when noise is introduced.

¢ Attention patterns remain stable: Despite performance changes, token attention ordering changes
only marginally.

Figureillustrates the result of three different types of noise (i.e. label noise, typographical noise, grammatical
noise) in different tasks (i.e. SC, QA, and MT). It can be seen from Figure [1| that although label noise
and grammatical noise caused incorrect predictions, typographical noise actually improved the answer. The
remainder of this paper is organized as follows. Section [2] reviews related work, Section [3| presents the
methodology for analyzing the effects of noise, Section [4] describes the experimental setup, and Section []
reports the experimental results. Section [6] further stratifies the evaluation samples into robust and vulnerable
groups to examine whether the representational changes observed under noise are uniform across all test
samples. Finally, Section [7] concludes the paper.

2 Related Work

Prior research on learning in noisy settings can be broadly grouped into two areas: (a) the effects of noise in
fine-tuning and (b) robust learning with noisy labels.

2.1 Effect of Noise in Fine-tuning

The study in liu2020early identified the early-learning phenomenon which says neural networks learn
clean patterns before memorizing noisy labels, motivating early stopping as a regularizer. The work in
tanzer2022memorisation further refined this concept in BERT fine-tuning on noisy NER data, identifying
three temporal phases fitting, settling, and memorization and showed that noisy samples drift in embedding
space during the memorization phase. The work in chen2025basin characterises the fine-tuning loss landscape
as nested basins, where adversarial fine-tuning can escape the stability region of the pretrained model. The
study in pac-bayesian link flatter minima to greater noise resilience, and 1i2021improved provides PAC-Bayes
bounds relating layer-wise weight distance to generalization under noise. The study kim2024towards found
that parameter-efficient methods (LoRA, adapters, prompt tuning) are generally more robust than full
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fine-tuning under label noise at rates of 20 — 60%, attributing this to the low-rank bottleneck that limits
memorization capacity.

The above-mentioned works primarily analyze noisy learning from parameter [Kim et al.| (2024]) and loss-level
perspectives [Ju et al.| (2022)); |Chen et al.| (2025), typically focusing on classification tasks Téanzer et al.| (2022)
and a single type of noise. In contrast, our work provides a complementary perspective by examining three
types of noise at the representation level across widely used NLP tasks.

2.2 Robust Learning with Noisy Labels

Classical approaches to robust learning under label noise can be broadly grouped into four categories. Loss
correction methods model the noise transition matrix to correct the training objective Patrini et al.| (2017)).
Robust loss design replaces cross-entropy with noise-tolerant alternatives such as MAE or generalized cross-
entropy (Ghosh et al| (2017); |Zhang & Sabuncu| (2018]). Sample selection methods leverage the memorization
effect of deep networks, where clean samples consistently incur smaller losses early in training, to filter out
unreliable examples Han et al.| (2018]). More recent work combines sample selection with semi-supervised
learning, treating noisy-labelled instances as unlabelled data and jointly optimizing over both subsets |Li et al.
(2020). While effective for image classification, these methods focus on mitigating performance degradation,
leaving largely unexplored the question of how different noise types reshape internal representations during
fine-tuning. In a safety context, rosati2024representation showed that harmful fine-tuning recovers latent
harmful representations rather than creating new ones, consistent with the wrapper view.

Recently, with the advent of pretrained language models there has been a large body of work for training with
noisy labels. zhu-etal-2022-bert found that BERT is robust to synthetic label noise but degrades substantially
under realistic, instance-dependent noise. wang2023laft leveraged ChatGPT-generated rationales to separate
clean from noisy samples during LLM fine-tuning. Their framework, LAFT, uses the agreement between
the original noisy label and the LLM-predicted label as a confidence signal to partition training data into
clean, ambiguous, and noisy subsets, each receiving different training strategies. luo2024robustft extends
noise-robust training to open-ended generation, moving beyond the classification setting. Most relevant to
our experimental design, MT-fine shows that in machine translation fine-tuning, target-side noise (corrupted
references) is substantially more damaging than source-side noise (corrupted inputs) — a finding that directly
parallels our comparison of label corruption versus input-side (typographical, grammatical) noise. Similarly,
qi2024finetuning demonstrates that as few as 10 adversarial examples can compromise safety alignment during
fine-tuning. These studies focus on developing methods to resist noise or on measuring its impact on output
performance. Our work complements this line of research by asking a different question: not how to maintain
accuracy under noise, but how noise reshapes the model’s internal representations.

3 Methodology for Noise Analysis

A model that has similar, higher or lower task performance after being trained on noisy data may do
so either by preserving its original task-specific representations (encoding obtained from trained on clean
data) or by learning fundamentally different encoding strategies. Standard task-level metrics (e.g., accuracy,
BLEU) cannot distinguish between these two scenarios. To disentangle these possibilities, we employ three
complementary analysis methods that examine (i) how noise alters attention patterns, (ii) how noise affects
task-relevant information encoded within the model, and (iii) how internal representations change before and
after fine-tuning.

Throughout this section, we compare a clean model (fine-tuned on unperturbed data) with a noisy model
(fine-tuned on corrupted data); noisy-model quantities are distinguished by a tilde. Subscripts index the
layer ¢ and sample s; S denotes the evaluation set.
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Table 1: Summary of different metrics used to analyze the effect of noise. All metrics are computed at every
layer /.

Metric Analysis Aspect

Drr(f) Attention value divergence

pr(0) Attention priority order

Accy Task-aligned information (classification)
MRR, Task-aligned information (generation)
Coss ¢ Per-sample directional shift
CKA(H,, 1315) Inter-sample structural change

3.1 Attention Matrix Analysis

To examine whether noise alters the attention pattern, we conduct two complementary analyses. One focuses
on a) attention values and the other focuses on b) the order of tokens (i.e. tokens having the highest attention
to the lowest attention).

To understand the change in values within attention matrices, we computed the Kullback-Leibler (KL)
divergence between the clean and noisy attention distributions, averaged over all samples, attention heads,
and token positions at each layer. Let aé 2 and a,(1 2 denote the clean and noisy attention weight vectors for

head h, token position ¢, and sample s, with H heads per layer and T tokens per sample. Formally,

D1 (¢) |8| Z Z 2 ZDKL al(iz H 55:2) (1)

A high Dk, (¢) indicates that noise has substantially altered how layer ¢ distributes contextual importance
across tokens.

While KL divergence captures changes in attention magnitude, it does not reveal how much the order of
important tokens in a particular context have changed due to noise. To investigate the above mentioned
phenomena, we also computed Spearman rank correlation coefficient between clean and noisy attention weights
, restricted to the top-k tokens for each token position (t), and averaged identically to Equation Forrnally,

ﬁk(€)=§z Z Zp(aht, af’) )

High p,, with high KL indicates attention value redistribution without priority change whereas high KL with
low p,, indicates major reordering of attention targets.

The metrics used for attention matrix analysis complement the hidden-state analyses (outlined in Section
and [3.3]) by revealing whether representational changes originate from altered attention patterns or from
transformations within the feed-forward sublayers.

3.2 Probing

To estimate whether task-relevant information remains encoded within different layers of LLMs trained on
noisy data in a similar way as the clean model, we employ two different probing strategies based on the task
considered.

Probing Strategy for SC We utilize a linear classifier-based probing strategy similar to [Belinkov et al.
(2017)). We train a linear classifier on each layer of the fine-tuned LLM. The classifier uses the hidden layer
representations of the fine-tuned LLMs as input. The accuracy of these classifiers (Accy) can give an estimate
of how much task-specific information is encoded into that layer. The objective of probing on each layer of
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Table 2: Supervised fine-Tuning task-related performance of different models under different noise ratios (SC:
Accuracy; QA: F1 score; MT: BLEU score)

Baselines Label Flip Typo Error Gramm. Error
Task Model Pretrained Clean FT 20% 30% 40% 20% 30% 40% 20% 30%  40%
GPT-2 0.12 91.33 90.72 88.82 75.51 91.72 91.32 90.91 91.43 91.32 91.41
Sentiment  Qwen2 70.00 94.41 90.71 81.62 57.72 9421 94.02 94.21 94.22 94.51 94.33
Llama-2 1.13 94.12 91.62 95.12 85.13 94.00 94.42 94.11 9442 94.21 93.81
GPT-2 8.11 35.51 33.68 32.64 31.58 3528 34.93 4397 35.84 3572 35.72
QA Qwen2 41.02 68.00 60.91 51.9 49.72 70.01 69.63 69.62 70.71 70.51 70.63
Llama-2 20.00 85.72 79.00 52.2 7393 86.91 86.12 83.71 85.21 86.03 86.53
GPT-2 0.31 5.08 3.79 247 184 499 491 479 506 501 5.00
MT Qwen2 18.34 44.80 43.52 4244 42.68 4525 4538 44.48 44.01 44.92 44.18
Llama-2 16.57 51.95 51.86 49.95 50.37 53.11 51.72 52.04 52.07 51.87 52.66

LLMs is to investigate whether the distribution of task-aligned understanding in the noisy model is similar to
the clean model. The classifier further indicates whether layer-wise representations are similar between clean
and noisy models, providing insight into whether noise effects are localized.

Linear classifier probing can only be applied to tasks where straightforward classification is applicable.
However, for generative tasks (e.g., question answering and machine translation), this probing paradigm
is not directly applicable, as the output space consists of token sequences rather than discrete class labels.
Consequently, we implement Logit Lens nostalgebraist| (2020) based prediction for probing in question
answering and machine translation, which is similar to |Geva et al.| (2023)) and |Jiang et al.| (2024).

Probing Strategy for QA & MT For generative tasks, we apply the Logit Lens probe at each layer /:
the hidden-state representation is passed through the final layer normalization and the language model head
to obtain a probability distribution over the vocabulary. We then compute the Mean Reciprocal Rank (MRR)
of the first target token. Formally,

1 1
MRR;, = — _— 3
¢ |S| s%;s rankg(ys) (3)

where y; is the first target token for sample s and ranky(ys) is its rank in the vocabulary distribution at
layer £. A high MRR, indicates that the representation at that layer already encodes sufficient information
to predict the correct output. Results using the average MRR over the first five target tokens show consistent

patterns in

3.3 Similarity Based on Input Representations

To further quantify the change in input representations under noise, two different kinds of similarity measures
were computed. The first one is the centered cosine similarity between the hidden states of the clean and
noise-trained models for each evaluation sample at each layer (i.e. Coss (). Both the mean and standard
deviation across all S evaluation samples are reported.

While cosine similarity measures individual vector alignment, it is insensitive to changes in encoding layer
patterns across samples. To capture this, Linear Centered Kernel Alignment (CKA)Kornblith et al|(2019) is
computed between the representations of clean and noisy models.

For N evaluation samples, let H, € RV*? and H, € RN*? denote the centered hidden-state matrices from
the clean and noise-trained models at a given layer ¢, respectively. Linear CKA is defined as

e e

CKA(H,, H,) = (4)

(Sl
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Figure 2: Layer-wise attention pattern divergence (KL divergence) between clean and noise-trained models.
Rows correspond to GPT-2, Qwen2, and Llama-2; columns correspond to SC, QA, and MT tasks. The x-axis
denotes noise type and corruption ratio; the y-axis indicates the layer index of each model. Each cell shows
the KL divergence averaged across all attention heads at a given layer. Each row uses an independent colour
scale due to differing divergence magnitudes across architectures.

where | - | denotes the Frobenius norm El Crucially, CKA is invariant to orthogonal transformations and
isotropic scaling. If noise training merely rotated the representation space without altering its internal
geometry, CKA would remain near 1.0 regardless of how low the cosine similarity drops. Conversely, a low
CKA value provides definitive evidence that the inter-sample relational structure has been fundamentally
altered, a change that cosine similarity alone cannot detect.

Table [T] summarizes the metrics discussed above in analyzing noise effects across three tasks and three models.

4 Experimental Setup

Here we describe the details of dataset setup, followed by noise incorporation mechanism, fine-tuning setup
and evaluation metrics.

Tasks & Datasets As described in Section [If we explored three different NLP tasks: a) Sentiment
Classification (SC), b) Question Answering (QA), and Machine Translation (MT), all framed as generative
tasks. Existing research |Alves et al.| (2024)); |Subramonian et al|(2023)) showed that the three tasks mentioned
above are among the most widely used NLP tasks. For SC, we considered binary sentiment classification
on movie reviews from Yelp Polarity [Zhang et al] (2015) dataset. For QA the task is given a passage and
a question, and the relevant portion is extracted from the passage as the answer. We used SQuAD v1.1
Rajpurkar et al| (2016) dataset for this task. For MT, we focused on English-to-French translation from
Tatoeba parallel corpus [Tiedemann| (2020). Further dataset details (e.g. sample example from the dataset)
are provided in [Table 3| (Appendix Al).

Noise Types We explored three different noise types in our experiment setup a) Label Flip (LF), b)
Typographical Noise (TN) and c¢) Grammatical Noise (GN). Existing research |Subramaniam et al.| (2009);

%https://en.wikipedia.org/wiki/Matrix_norm#Frobenius_norm
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Figure 3: Layer-wise attention pattern stability measured by Spearman rank correlation (p) between clean
and noise-trained models.

[Bryant et al.|(2022) shows that the above-mentioned three different types of noise primarily cover most of
the widely observed noise in NLP tasks. Each one of them is described as follows.

e LF Here, only the target output is corrupted. For SC this flips the polarity label (positive
negative). For QA the gold answer is replaced with a randomly sampled answer from the training
pool, and for MT the reference translation is replaced with an unrelated target sentence.

¢ TN Here, character-level perturbations (e.g. deletion, swap, insertion, or substitution of a single
character) to approximately 10% of words in the input text (review, context, or source sentence), are
applied to simulate common typing errors similar to gao2018blackboxgenerationadversarialtex.

¢ GN Here, rule-based substitutions targeting subject—verb agreement (is<>are, was<>were, has<shave)
and article misuse (e.g., an apple — a apple) into the input text at a rate of approximately 15%
word, similar to moradi2021grammar.

Prior research |[Angluin & Laird| (1988); Natarajan et al.| (2013) shows that classical noise-robust learning
algorithms require the noise rate to remain below 0.5. Following prior studies in noisy text classification
, which find that many methods degrade significantly beyond 30% noise, we evaluate three noise
levels: 20%, 30%, and 40%, covering the range from moderate to near-critical noise conditions. Examples of
the above-mentioned types of noise are given in Appendix

Fine-tuning Setup We fine-tuned three different LLMs (i.e. GPT-2 124 Radford et al.| (2019), Qwen2-0.5B
[Yang et al|(2024), Llama-2-7B [Touvron et al|(2023) ) in our experiment setup. Out of three models only
GPT-2 fine-tuning was done on the full set of parameters. We applied QLoRA [Dettmers et al.| (2023]) with bit
NF4 quantization-based fine-tuning for both Qwen2-0.5B and Llama-2-7B. For both QLoRA models, LoRA
adapters are applied to the attention and feed-forward projection layers. The specific LoRA rank, scaling
factor o, and target modules vary by task and are listed in detail in [Table § (Appendix B).

Since GPT-2 uses full fine-tuning while the larger models use QLoRA, observed differences could in principle
reflect the fine-tuning paradigm rather than model scale. To disentangle these factors, we conducted a LoRA
ablation on GPT-2 for SC under LF noise. The results (75.51% for full fine-tuning vs. 73.92% for LoRA at
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(a) GPT2-SC (b) GPT2-QA (c) GPT2-MT

(g) Llama2-SC (h) Llama2-QA (i) Llama2-MT

Figure 4: Layer-wise task information analysis for GPT-2 (124M), Qwen2-0.5B and Llama2-7B under all
noise conditions. (a,d,g) Probing accuracy for SC. (b,c,e,f,h,i) Logit Lens-based MRR (first token) for QA
and MT.

40% corruption) are nearly identical, confirming that the choice of fine-tuning paradigm does not confound

our results. We report full ablation results in

All models were trained using the SFT-MASK protocol implemented via the SFTTrainer from the TRL
library [von Werra et al.| (2020]), the cross-entropy loss is computed only over completion tokens, with prompt
tokens excluded from the loss computation. A greedy decoding strategy was used for evaluation for all models.
To verify the stability of our findings, we trained Llama-2 sentiment models with three additional random
seeds under label-flip 40% noise; we also did a similar seed-based analysis for CKA to investigate seed-induced

representational variance (Appendix F|). Implementation details are provided in |[Appendix B

Evaluation For each task, we used a corresponding task-specific metric for evaluating the overall performance
on the task. For SC we used accuracy (whether the generated completion matches the gold label), for QA we
used token-level F1, and for MT we used BLEU score (computed with SacreBLEU; post2018call). All noise
conditions for a given model-task pair are evaluated on the same clean test set, ensuring that performance
differences reflect model behavior rather than evaluation set variation.

5 Results

5.1 Task Performance Under Noise

displays the model performance in different tasks under different types of noise, the main findings
from it are as follows: a) For all types of tasks and across all the models, LF noise (40%) has caused the
most amount of damage. In general, LF caused more damage compared to other forms of noise. On average,
the amount of noise caused by label noise is 21%, which is far greater than both grammatical and typo errors.
b) Noise doesn’t always cause damage to the model. As can be seen from TN has mostly improved
the task accuracy across all the models and tasks to a certain extent. One potential explanation for this
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(g) Llama2-SC (h) Llama2-QA (i) Llama2-MT

Figure 5: Layer-wise linear CKA similarity between clean and noise-trained model representations across
three tasks. Each row corresponds to a different backbone: (a—c) GPT-2 Small (12 layers), (d—f) Qwen2-0.5B
(24 layers), and (g-i) LLaMA-2-7B (32 layers).

phenomenon is that increasing TN has helped to build a robust model. ¢) For SC and MT tasks, noise has
affected the smaller models more compared to the larger models. However, for QA models, the same amount
of noise has affected the larger model more compared to the smaller models. d) For the same task and similar
types of noise, how the model will be affected depends on its architecture (e.g. First three rows in .

5.2 Attention Pattern Shifts

To further investigate the cause of damage by noise, we observed how attention patterns have changed across
different models and different tasks in The primary observations from is as follows. a)
Since LF noise is causing the most amount of damage, correspondingly, we see larger changes in attention
patterns for LF (Only exception is Llama2 QA). This is observed for all tasks and all models. b) For GPT-2
and Qwen2 (smaller models) most of the changes are concentrated within initial layers. For Llama-2 changes
are concentrated form the initial to the middle layers (except only QA typo 40%). ¢) Another important
thing we have observed is that the magnitude of change is very small overall across all the models and all the
task types. Broadly speaking, the attention matrices are not that susceptible to noise. d) As we increase the
noise generally, with the increase in the amount of noise the change is stronger no matter for better or worse
performance. Observations from Figure [3]is very similar to Figure 2} It shows that order and magnitude of
attention values follow the same pattern.

5.3 Layer-wise Task Information Under Noise

To further dig deeper into understanding the cause of damage due to noise, we observed probing accuracy for
individual layers across all models and all tasks. shows the performance of probing. The key findings
are as follows. a) Apart from Sentiment analysis there is mostly a consistent pattern in the performance of
different layers across different models and different types of noise. The generic pattern is that the initial
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layers have a poor performance and then later layers are performing better showing that later layers have
better task-performing ability compared to initial layers. b) Table [2| showed that the most damage was
caused by label flip in sentiment analysis compared to any other configurations. This is visible from
where we can see that the sentiment analysis level flip probing curve is maintaining the most distance from
the clean model curve compared to other tasks. From we know that initial layers did not have any
task-specific information. That’s why the probing accuracies for initial layers are almost identical (approx
to 0). This raised the question of whether the representations in the initial layers are also similar between
clean and noisy models. Because two poor representations can yield similar poor downstream performance
without providing any indication of how similar they are. In[Figure 5| and [Figure 6| (Appendix C]), we have
done centered cosine similarity / CKA similarity analysis across all the layers, and it can be observed that
the similarities are very high in the initial layers, indicating that task-specific noise primarily targets layers
with more task information.

Results using the average MRR over the first five target tokens are provided in and show
consistent patterns. We additionally report teacher-forced token accuracy in where the model
receives the ground-truth prefix at each position; this complementary binary metric confirms the same trends.

5.4 Representational Similarity

shows the layerwise linear CKA between the clean model and different types of noise. The main
findings from are as follows. a) It can be observed that for most cases increasing more noise has
created more distortion in the corresponding layer representation (e.g. for LF the green curves are mostly
at the lowest similarity point at each layer). b) As can be observed in that LF has caused more
damage compared to other noise, similarly the largest distortion (lowest cosine similarity) is observed in LF
noise for all the tasks across all the models in c) As it can be seen in that for most of the
tasks the task-specific information was encoded in the later layers. Similar things can also be observed in
The cosine similarity of the initial layers are generally higher than the later layers except MT in
Qwen2-0.5B. Based on the above-mentioned observation, it can be said that generally the noise affects the
layers that have more task-specific information more compared to the ones where there was not that much
task-specific information. The result for centered cosine similarity is shown in [Figure 6| (Appendix C]). The
patterns are consistent with the CKA-based similarity results, confirming that noise primarily affects layers
with more task-specific information.

6 Robust vs. Vulnerable Stratification

We initially investigated the overall changes in models through the methods described in Section 3.1} [3:2) and
However, the effect on noisy data fine-tuning may not be uniform on all the test samples. There are
test samples for which the model’s prediction remains unchanged after fine-tuning with noisy data. Broadly
speaking, they are robust samples with respect to a task and a model. Similarly, there are samples for which
predictions changed due to using a model fine-tuned on noisy data. Broadly speaking, these are vulnerable
samples.

To examine the effect of robust and vulnerable samples separately, we stratified the evaluation samples
into two groups: robust samples and vulnerable samples. We then applied all the above mentioned analysis
approaches on the different types of dataset separately. The objective was to observe whether aggregate
representational metrics mask heterogeneous effects across subpopulations with different type of outcomes.

From Figure and [9]in Appendix [D] we observed that in most cases the damage is more for the data points
for which the prediction was wrong due to noise compared to the ones for which the prediction didn’t change
in spite of noise. It is interesting to note that in spite of no change in prediction, there was still distortion in
the internal representation.

10
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7 Conclusion and Future Work

This work presents a systematic analysis of the effects of three types of noise—label noise, typographical noise,
and grammatical noise—across three widely used NLP tasks and three different language models. Through
a set of complementary analyses, we examine how these noise sources affect model behavior at both the
prediction and representation levels. Our results show that the impact of noise tends to be largely localized
within specific layers of the model rather than uniformly affecting the entire network. Furthermore, among
the three noise types considered, label noise consistently leads to the most significant degradation in model
performance, highlighting the sensitivity of LLMs to incorrect supervision signals during training. Despite
these representational changes, attention structures remain comparatively stable across all noise types and
models, suggesting that noise primarily reshapes feed-forward representations rather than altering how the
model distributes contextual importance across tokens. A further stratification of test samples into robust and
vulnerable groups reveals that while vulnerable samples consistently show greater representational distortion,
even robust samples whose predictions remain unchanged exhibit non-trivial internal representation shifts,
indicating that task-level performance alone underestimates the true extent of noise-induced representational
change.

These findings offer insights into how various forms of noise impact internal representations and task
performance in LLMs. In future work, we plan to leverage these insights to design fine-tuning strategies that
explicitly account for noise during training. In particular, we aim to develop robust fine-tuning approaches
that can mitigate the adverse effects of noisy data while preserving task-relevant representations, thereby
improving the reliability of LLMs in real-world noisy environments.
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A Dataset Statistics and Prompt Templates

Dataset statistics. Table [3]summarises the datasets and split sizes used for each task. All models share
the same training, validation, and test samples for a given task.

Table 3: Dataset statistics for each task.

Task Source Train Val Test
Sentiment  Yelp Polarity 10000 1000 1000
QA SQuAD vl1.1 10000 1000 1000
MT Tatoeba EN-FR 20000 1000 1000

Prompt templates. All tasks are formatted as causal language modelling with a prompt—completion
structure. Table [4] lists the prompt template used for each model-task combination. During training under
the SFT-MASK protocol, the loss is computed only over the completion tokens (shown after the final colon).
Prompt templates were selected per model to match each architecture’s pre-training conventions. Crucially,
the prompt is held constant across all noise conditions for a given model-task pair, ensuring that observed
performance differences reflect only the effect of training data corruption.

Table 4: Prompt templates by model and task. The completion begins after the final colon in each template.
\n denotes a newline character.

Task Model Template
Sentiment  All Review: {text}\nSentiment: {label}
QA GPT-2 Context: {c}\nQuestion: {qg}\nAnswer: {a}
LLaMA-2, Qwen-2  ### Context:\n{c}\n\n### Question:\n{q}\n\n### Answer: {a}
MT GPT-2, LLaMA-2 English: {eng}\nFrench: {fra}
Qwen-2 Translate English to French.\n\n### English:\n{eng}\n\n### French: {fra}

A.1 Noise Type Examples

Tables show concrete before-and-after examples for each noise type applied to the three tasks. Corrupted
portions are shown in bold.

Table 5: Label flip noise examples. The input text remains unchanged; only the target label/output is
replaced.

Task Original After Label Flip
Sentiment  Text: “The food was terrible and the service was  Text: “The food was terrible and the service was
even worse.” even worse.”
Label: Negative Label: Positive
QA Contezt: “The Eiffel Tower was built in 1889 for  Contest: (unchanged)
the World’s Fair. It is located in Paris, France”  Question: (unchanged)
Question: “When was the Eiffel Tower built?” Answer: “the 10th century”
Answer: “1889”
MT English: “Swimming at night is dangerous.” English: (unchanged)
French: “Il est dangereux de nager de nuit.” French: “C’est la saison des fraises.”
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Table 6: Typo noise examples. Character-level perturbations (deletion, swap, insertion, or substitution) are
applied to randomly selected words at a rate of 10% of words per sample.

Task Original After Typo Injection

Sentiment  “The food was terrible and the service was even “The fodo was terrible and the service was even
worse.” wrse.”

QA Context: “The Eiffel Tower was built in 1889 for  Contezt: “The Eiffel Towr was built in 1889 for
the World’s Fair.” the World’s Fair.”

MT English: “Swimming at night is dangerous.” English: “Swimmiing at night is dangerous.”

Table 7: Grammatical noise examples. Rule-based substitutions target verb conjugation (is<>are, was<>were,
has<»have) and article usage (a<>an) at a rate of 15% of words per sample.

Task Original After Grammatical Errors

Sentiment  “The food was terrible and the service was even  “The food were terrible and the service were
worse.” even worse.”

QA Context: “The Eiffel Tower was built in 1889. It  Context: “The Eiffel Tower were built in 1889.
is located in Paris.” It are located in Paris.”

MT English: “Swimming at night is dangerous.” English: “Swimming at night are dangerous.”

B Training Hyperparameters

All models are trained with the AdamW optimiser and a cosine learning-rate schedule. GPT-2 is fully
fine-tuned; LLaMA-2 and Qwen-2 use QLoRA (4-bit NF4 quantisation) with LoRA adapters. Table [§]lists
the LoRA configuration for each model-task pair. Table [J]lists the remaining training hyperparameters.

Table 8: QLoRA adapter configuration. “All 7” denotes q_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, down_proj.

Model Task r @ Dropout Target Modules
Sentiment 8 32 0.10 All7
Qwen-2 QA 16 32 0.05 All7
MT 32 64 0.05 All7
Sentiment 32 64 0.05 All7
LLaMA-2 QA 16 32 0.05 All7
MT 128 256 0.05 All7

C Layer-wise Centered Cosine Similarity

Figure [0] presents the full layer-wise centered cosine similarity between clean and noise-trained models across
all nine model-task combinations. Centered cosine similarity is computed after subtracting the sample-
wise mean from each representation matrix, removing the anisotropy-induced bias that inflates raw cosine
similarity [Ethayarajhl (2019).

D Robust Vs. Vulnerable Stratification
This appendix presents the full stratification results for robust and vulnerable samples across all model-task

combinations under label-flip noise. Robust samples are those whose predictions remain unchanged after
fine-tuning with noisy data, while vulnerable samples are those whose predictions change. Figure [7| shows
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Table 9: Training hyperparameters. All configurations use cosine LR scheduling. Weight decay is 0 except
where noted.

Model Task LR Eff. Batch Epochs Warmup Max Len
Sentiment  5e-5 32 3 0.03 256
GPT-2 QA 2e-5 32 3 0.03 1024
MT 5e-5 32 30 0.03 256
Sentiment  5e-5 80 3 0.03 256
Qwen-2 QA 2e-5 32 2 0.03 1024
MT 2e-4 32 3 0.03 256
Sentiment  le-4 16 3 0.05 256
LLaMA-2 QA 2e-4 8 2 0.03 1024
MT le-4 32 10 0.05 128

GPT-2 Sentiment: Centered Cosine Clean vs Noisy (random) N GPT-2 QA: Centered Cosine Clean vs Noisy (random) N ‘GPT-2 MT: Centered Cosine Clean vs Noisy (random)
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Figure 6: Layer-wise centered cosine similarity between clean and noise-trained model representations across
all nine model-task combinations. Rows correspond to models (GPT-2, Qwen-2, LLaMA-2); columns
correspond to tasks (SC, QA, MT). Centered cosine removes the shared mean direction before computing
similarity, correcting for the anisotropy of contextualised representations.

the centered cosine similarity by group . In most cases, vulnerable samples show lower centered cosine
similarity than robust samples at deeper layers, indicating greater representational distortion for samples
whose predictions are affected by noise. However, it is interesting to note that even robust samples show
non-trivial representational distortion despite their predictions remaining unchanged. Figure [8| shows the
Linear CKA by group. The vulnerable-robust gap is most pronounced for Qwen2 sentiment at 40% noise,
where vulnerable CKA drops to 0.260 compared to 0.612 for robust samples at the final layer. An exception
is observed for LLaMA-2 QA, where vulnerable CKA slightly exceeds robust CKA across multiple layers
and noise levels, reversing the expected direction. This anomaly may reflect the optimization instability
of LLaMA-2 near the critical noise threshold, where small changes in training conditions can lead to very
different outcomes, as also suggested by the multi-seed analysis in Appendix [F} Figure [J] shows the first-token
Logit Lens MRR by group for QA and MT. Llama-2 vulnerable MRR collapses to 0.365 at the final layer under
40% noise, compared to 0.740 for robust samples, the largest functional gap observed across all conditions.
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Figure 7: Robust vs. vulnerable stratification: centered cosine similarity for SC, QA and MT under
label-flip noise. Centered cosine removes the shared mean direction before computing similarity, correcting

for anisotropy.
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Figure 8: Robust vs. vulnerable stratification: Linear CKA for SC, QA and MT under label-flip noise.
CKA captures inter-sample relational structure.
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Figure 9: Robust vs. vulnerable stratification: first-token Logit Lens MRR. under label-flip noise. MRR
measures how well each layer’s representation predicts the correct answer token when projected through the
language model head. LLaMA-2 vulnerable MRR collapses to 0.365 at the final layer under 40% noise (vs.
0.740 for robust samples), the largest functional gap observed across all conditions. GPT-2 MRR is uniformly
low (<0.20) for both groups, reflecting its limited QA capability.
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Seed Clean Label-flip 40%

1 94.5% 95.7% (+1.2%)

22 94.5%  83.5% (—11.0%)
7 94.0%  27.2% (collapse)
42 (default; main experiments)

Table 10: LLaMA-2 sentiment accuracy across random seeds under 40% label-flip noise. The three seeds
produce qualitatively different outcomes: no degradation (seed 1), moderate degradation (seed 22), and
catastrophic collapse (seed 7).

E LoRA Ablation on GPT-2

To verify that differences between GPT-2 (full fine-tuning) and the larger models (QLoRA) reflect model
scale rather than the fine-tuning paradigm, we train GPT-2 with LoRA on SC under all noise conditions. We
compare full fine-tuning and LoRA across noise types and corruption rates.

Key observations:

e Label-flip noise is the only type that substantially degrades performance, with influence-based
selection causing more damage (75.5%) than random selection (82.3%) at 40% corruption.

e TN and GN have a negligible effect on accuracy regardless of corruption rate or selection strategy.

o Full fine-tuning and LoRA produce nearly identical accuracy under label-flip 40% noise (75.5%
vs. 73.9%), indicating that the fine-tuning method does not drive the representational differences
observed across model scales in our main experiments.

F Multi-Seed Stability Analysis

F.1 Task Performance Across Seeds

To assess the stability of our findings under different random seeds, we train Llama-2 on SC with label-flip
40% noise using three additional seeds (1, 7, 22) beyond the default seed 42.

As shown in Table[I0] the three seeds produce qualitatively different outcomes under identical noise conditions:
seed 1 shows no degradation, seed 22 shows moderate degradation (—11%), and seed 7 collapses entirely.
This wide variance indicates that LLaMA-2 under 40% label-flip noise operates near a critical threshold —
the noise level is severe enough that the random initialisation and data ordering determined by the seed can
tip the optimisation trajectory toward either a robust or a collapsed solution. This finding highlights that
single-seed evaluations may underestimate the true variance of noise effects.

F.2 Clean-vs-Clean CKA Baseline

To establish a ceiling for CKA and confirm that noise-induced CKA drops are not attributable to seed
variance alone, we compute CKA between clean models trained with different random seeds.

The clean-vs-clean CKA floor of 0.890 is far above the noise-condition values (0.11-0.42), confirming that the
representational changes reported in our main experiments reflect genuine noise effects rather than stochastic
training variance.

G Five-Token MRR Results

We extend the first-token MRR analysis from by computing the average MRR over the first
five target tokens. At each layer, the hidden state is projected through the language model head, and we
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Figure 10: Layer-wise top-5 MRR for GPT-2 Small (124M), Qwen-2 (0.5B) and Llama-2 (7B).

compute the reciprocal rank for each of the five tokens independently using autoregressive generation. The
results, shown in are consistent with the first-token MRR patterns reported in the main text.

H Teacher Forced Five-Token MRR Results

For each evaluation sample, we compute token accuracy under a teacher-forced setting: at each of the first
five target positions, the model receives the ground-truth prefix tokens and predicts the next token. Token
accuracy at layer /¢ is defined as:

5
1 1
seS  j=1

where ] is the j-th target token for the sample s and py(- | tZ;) is the distribution obtained by projecting
the layer-¢ hidden state through the language model head.

This metric complements MRR by providing a binary measure of prediction correctness rather than a
rank-based measure, and is less sensitive to near-miss rankings. The results are shown in
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Figure 11: Layer-wise top 5 token accuracy for the 3 models on (a) question answering and (b) machine
translation under all noise conditions. At each layer, hidden states are projected through the LM head, and
accuracy is computed as the fraction of the first 5 generated tokens matching the reference.
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