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Abstract—Large Language Models (LLMs) demonstrate strong
performance across diverse tasks, yet remain susceptible to
prompt brittleness: minor perturbations in input prompts can
degrade output quality and undermine model reliability. How-
ever, existing approaches rely on data augmentation or in-
put adjustments, failing to address representation misalignment
that causes the inference trajectory drift. To address these
limitations, we draw inspiration from how humans maintain
cognitive consistency: we localize sources of uncertainty within
the reasoning process and realign internal representations to
ensure stable reasoning across varying contexts. Motivated by this
cognitive paradigm, we propose Prompt Brittleness Mitigation via
Layer-wise Localization and Representation Alignment (ProBA),
a general framework designed to ensure inference trajectory
consistency. ProBA employs Layer-wise Brittleness Localization
(LBL), guided by cosine divergence-based stability analysis, to
localize the brittle layers responsible for inference drift. The
representations within these layers are then rectified through
Intra-layer Representation Alignment (IRA), which employs
selective parameter freezing and MSE geometric constraints.
Extensive experiments on LLMs with various architectures and
different tasks show that our ProBA outperforms existing meth-
ods, achieving improvements in effectiveness and stability.

Index Terms—Large Language Models, Prompt Brittleness,
Representation Alignment

I. INTRODUCTION

In recent years, LLMs have exhibited remarkable progress in

multi-task generalization and generative capabilities. However,

prompt brittleness critically undermines their performance

stability [1]. In some cases, models even rely primarily on

surface-level syntactic patterns or specific formatting templates

to respond, rather than a genuine understanding of the prompt

semantics [2], [3]. This phenomenon manifests macroscop-

ically as the instability of outputs and microscopically as

the divergence of internal inference paths. As illustrated in

Fig. 1, two semantically equivalent prompts, P1 and P2, follow

coincident inference trajectories in the early layers. However,

This work is supported by the National Natural Science Foundation of
China (NO.U24A20335, 62376143, 62473241, 62476162, 62272286) and
Fundamental Research Program of Shanxi Province (No.202503021211239,
202303021211021).

due to the failure of representation alignment in specific

intermediate layers (e.g., Layer q, Layer k), the inference

path of P2 undergoes significant drift within the representation

space, ultimately leading to erroneous output results.

P1:Task: Provide a concise
analytical summary of the
following text. Text: {text}\n
Summary:

P2:Task: Write a concise
executive summary of the
text. Text: {text}\n Summary:

··· ···
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Fig. 1. Illustration of inference path divergence caused by representation
misalignment. The variant prompt (red path) drifts away from the stable
anchor trajectory (blue path) after passing through specific layers (Layer q,
Layer k), ultimately leading to incorrect outputs.

Existing methods adopt various strategies to mitigate prompt

brittleness. (1) Prompt engineering and discrete optimization

methods attempt to mitigate prompt brittleness by automati-

cally searching or generating optimal prompts in the discrete

input space [4], [5], [6]. However, these strategies focus solely

on “surface-level input adaptation” and fail to rectify the

misalignment of the internal representations of the model. (2)

Data augmentation and context enhancement improve stability

by introducing diverse synthetic prompt samples or utilizing

voting mechanisms across multiple inference paths [1], [7].

However, these methods rely on data fitting without explic-

itly rectifying the representational misalignment that drives

inference-trajectory drift. (3) LoRA and its variants achieve

model adaptation by updating a small number of parameters,

but their optimization objectives are usually limited to the

final prediction loss [8], [9]. Optimizing the output probability

distribution often fails to capture and rectify the geometric

divergence occurring inside the deep network [10].

To address these challenges, we draw inspiration from the

cognitive paradigm by which humans maintain conceptual

consistency. This process typically begins with locating the



source of cognitive inconsistency, followed by calibrating

internal understanding to a stable standard to ensure stable

reasoning. Motivated by this observation, we propose Prompt

Brittleness Mitigation via Layer-wise Localization and Repre-

sentation Alignment (ProBA), a general framework designed

to ensure inference trajectory consistency. ProBA incorporates

Layer-wise Brittleness Localization (LBL) to precisely locate

brittle layers via cosine divergence analysis. Subsequently, the

Intra-layer Representation Alignment (IRA) strategy rectifies

the representation within these layers using selective parameter

freezing and targeted MSE constraints, effectively rectifying

the inference trajectory drift and ensuring the consistency of

the inference path. In a nutshell, our major contributions are

as follows:

• We propose ProBA, a general framework that locates brit-

tle layers and performs targeted interventions on divergent

inference trajectories, effectively mitigating the prompt

brittleness problem in large language models.

• We propose the LBL method to locate the exact positions

of these brittle layers that cause inference-path drift.

Furthermore, we introduce the IRA strategy to rectify the

divergent inference trajectories.

• Extensive experiments across both multi-modal and text-

only benchmarks show that our ProBA consistently im-

proves large language model performance on multiple

downstream tasks, verifying its superior efficacy.

II. RELATED WORK

A. Prompt Brittleness and Representation Analysis

LLMs exhibit brittleness to non-semantic changes in input

prompts [11], [12]. Sclar et al. provided a quantitative analysis

of this phenomenon, revealing that even minor formatting

alterations can induce severe performance instability [13].

Sun et al. showed that prompt variations erode zero-shot

stability, revealing overfitting to specific syntactic templates

in the training data [14]. Zou et al. proposed the concept of

Representation Engineering, proving that high-level behaviors

like honesty and safety are encoded as “directions” in specific

layers, and intervening in these local representations can

effectively control model behavior [3]. Polo et al. proposed

Prompt Eval, advocating for a “multi-prompt” rather than

“single-prompt” evaluation protocol to ensure more stable

performance estimation [15]. Furthermore, Li et al. utilized

Inference-Time Intervention to confirm that critical reasoning

capabilities are often localized within specific attention heads

rather than being diffused throughout the network [16]. Simi-

larly, Hendel et al. showed that In-Context Learning operates

by constructing specific task vectors internally [2], while Wolf

et al. pointed out that information flow mainly propagates

across layers via specific “anchor” tokens; once the geometric

structure of these key layers is misaligned, the inference chain

is disrupted [17].

B. Fine-Tuning Strategies

Parameter-Efficient Fine-Tuning (PEFT) aims to adapt mod-

els by updating a small number of parameters. LoRA and

its variants such as QLoRA and DoRA, although performing

excellently on specific tasks, usually use end-to-end cross-

entropy loss for optimization, ignoring the geometric consis-

tency of intermediate layers [8], [9], [18]. Wei et al. proposed

PAFT, which injects diverse synthetic prompt samples during

fine-tuning to force the model to learn core task semantics

instead of clinging to specific prompt expressions [1]. Sim-

ilarly, Ngweta et al. proposed the MOF strategy to mitigate

the prompt brittleness problem by introducing multiple prompt

formats in few-shot exemplars [19]. Liu et al. optimized

prompt content and format simultaneously, improving per-

formance consistency under diverse prompt conditions by

iteratively exploring combinations of content and format [20].

Hu et al. adopted a localized search strategy [5]. Although

these works improve model stability to prompt variations from

different angles, they mainly focus on operations in the prompt

input space and fail to directly analyze and intervene in the

instability caused by prompts at the level of model internal

representations.

III. METHOD

In this section, we present the ProBA framework in detail.

As illustrated in Fig. 2, the workflow begins with a Prompt

Generation and Anchor Selection phase. Inspired by Hu et al.

[5], we first evaluate a diverse set of GPT-generated prompt

candidates. The highest-performing prompt is designated as

the anchor (Panc), while the remaining prompts serve as

variants (Pvar). Following this prompt construction, the frame-

work executes two steps: (i) locating the brittle layers of the

model via LBL and (ii) rectifying the inference trajectory drift

in these layers via the IRA fine-tuning strategy.

A. Problem Formulation

Let M denote a large model and D represent the dataset for

a downstream task. For an arbitrary input instance x ∈ D and

a given prompt p, the intermediate hidden state representation

at layer l is formalized as:

hl=Ml(x, p) (1)

where l ∈ {1, 2, . . . , L} is the index of the layer, and L is the

total number of layers.

Let P = {p1, p2, . . . , pn} denote the set of n semantically

equivalent prompt candidates. To distinguish the anchor from

variants, we evaluate each candidate on the training data

Dtrain using a task-specific metric G (e.g., Accuracy or

ROUGE-L). We formally define the prompt space as follows:

(1) Anchor Prompt (panc): Let panc denote the candidate

that maximizes the expected performance metric, formalized

as:

panc = argmax
p∈P

E(x,y)∈Dtrain
[G(f(x, p), y)] (2)

where f(x, p) is the predicted output of the model given input

x and prompt p, and y represents the corresponding ground

truth label. panc serves as the geometric reference for the

optimal inference trajectory.



······
Task: Provide a comprehensive summary of the following text. Ensure that it covers the
main narrative flow and all significant details objectively. Text: {text} Summary:
······
Task: Write a comprehensive executive summary of the text. Focus on detailing the core
issues, root causes, and potential impacts in a professional business style. Text: {text}
Summary:
······
Task: Extract and summarize all the core facts and essential details from the text below.
Focus on capturing the complete factual content without leaving out important
information. Text: {text} Summary:
······

pvar

pvar

panc
GPT-5

Generate six syntactically distinct yet semantically identical prompts for
a long-text summarization task. Each prompt must:
1. demand a single continuous prose output;
2. require coverage of the source’s thesis, key arguments, supporting
evidence, and conclusion;
3. exclude lists or bullet symbols;
4. maintain an academic tone;
5. differ in wording, clause order, and sentence structure while staying
within 10% of the same length.
Output only the six prompts, no commentary.
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pvar
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Fig. 2. Overview of the ProBA framework. The workflow begins with anchor selection, where GPT-5 generates diverse prompt
candidates. The optimal candidate is selected as the anchor (panc), while the rest serve as variants (pvar).

(2) Variant Prompts (pvar ∈ Pvar): Let Pvar denote the set

of remaining candidates after removing the optimal anchor,

formalized as:

Pvar = P \ {panc} (3)

where pvar ∈ Pvar retains semantic equivalence to panc while

introducing syntactic variations to simulate input perturba-

tions.

The anchor panc and the variant pvar, which are semanti-

cally equivalent but syntactically different, cause the internal

representation of the model at layer l to undergo significant

drift, i.e., hl(x, panc) �= hl(x, pvar), subsequently leading

to divergence in downstream inference results. Our objective

is to derive a parameter update strategy Δθ that minimizes

this inference trajectory drift while preserving the general

capabilities of the model:

min
Δθ

Ex∈D[Dist(hl(x, pvar; θ +Δθ), hl(x, panc; θ))] (4)

where Dist(·) is a representation distance metric function, and

θ represents the original pre-trained parameters of the model.

B. Layer-wise Brittleness Localization(LBL)

To precisely locate the brittle layers responsible for in-

ference inconsistency, we propose the LBL method. Unlike

conventional approaches that focus solely on final output prob-

abilities, LBL is designed to directly measure the geometric

divergence of hidden states across different layers.

For an arbitrary sample x ∈ D, we construct inputs by

combining x with panc and pvar, respectively. These inputs

are fed into the model, and for each layer l ∈ {1, 2, . . . , L},

we extract the hidden state vector corresponding to the last

token:

hanc
l = Ml(x, panc) (5)

hvar
l = Ml(x, pvar) (6)

To quantify the degree of representation deviation between

hanc
l and hvar

l , we define the brittleness score of the l-th layer,

adopting the expectation of cosine dissimilarity, specifically

defined as follows:

CosSim(hanc
l , hvar

l ) =
(hanc

l · hvar
l )

‖hanc
l ‖‖hvar

l ‖ (7)

Sl =
1

|D| · |pvar|
∑

x∈D

∑

pvar∈Pvar

(1−CosSim(hanc
l , hvar

l )) (8)

where CosSim(·) is the standard cosine similarity function,

and Sl is the brittleness score for the l-th layer.

A higher Sl implies that the layer generates more severe rep-

resentation drift under semantically equivalent inputs. Based

on this brittleness assessment, we define the set S of brittle

layers as the Top-K layers exhibiting the highest brittleness

scores:

S = TopKl({S1,S2, · · · ,SL}) (9)

where L is the total number of Transformer layers in the large

model.

C. Intra-layer Representation Alignment(IRA)

Upon locating the set of brittle layers S , we propose

the Intra-layer Representation Alignment (IRA) fine-tuning

strategy to rectify the inference trajectory drift. The principle

of IRA utilizes an anchor-guided alignment mechanism to



enforce explicit geometric constraints, compelling the model’s

internal states to align with the stable activation patterns of

the anchor prompt when processing variant prompts.

To mitigate brittleness while maximally preserving the

general knowledge of the model and preventing catastrophic

forgetting, we implement a rigorous Parameter-Efficient Fine-

Tuning (PEFT) strategy. Specifically, we freeze the entire

large model M and only unfreeze the self-attention projection

matrices of the brittle layers in S. Let Wl = {WQ,WK ,WV }l
denote the weights of the self-attention module at layer l. The

set of trainable parameters θtrain is defined as:

θtrain =
⋃

l∈S

Wl (10)

For every training instance x, we construct input pairs

consisting of panc and pvar, computing their respective hidden

state representations at each brittle layer l. To formulate the

optimization objective for representation alignment, we define

the process as follows:

(1) Anchor Path: The pair (x, panc) is fed into the model to

compute the hidden state hanc
l at brittle layer l. Serving as the

stable geometric reference, we apply a Stop-Gradient operation

to this representation to prevent the intrinsic representations of

the anchor from being altered during optimization.

(2) Variant Path: The pair (x, pvar) is fed into the model

to compute the corresponding hidden state hvar
l . Unlike the

anchor path, this path maintains the computational graph to

enable gradient backpropagation, allowing the parameters to

be updated to align hvar
l with the reference hanc

l .

Our optimization objective is to minimize the MSE between

these two outputs across all brittle layers:

LIRA =
1

|S|
∑

l∈S
‖hvar

l − sg(hanc
l )‖22 (11)

where LIRA is the loss function, and sg(·) is the stop-gradient

operation.

During training, gradients are backpropagated exclusively

through the variant path to update the parameters in θtrain.

The specific update rule is formulated as:

θtrain ← θtrain − η∇θtrainLIRA (12)

where η is the learning rate, and ∇θtrain
is the gradient with

respect to the trainable parameters.

By employing this optimization process, IRA explicitly rec-

tifies the inference trajectories of variant prompts, compelling

them to align within the representation space with the stable

representations established by the anchor prompt.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We use four diverse datasets covering both multi-

modal and pure text tasks: Weibo [25], MVSA-Single [26],

GovReport [27], and Qasper [27]. Accuracy is reported for

Weibo and MVSA-Single; ROUGE-L and F1 for GovReport

and Qasper.

Models and Baselines. we select four open-source architec-

tures with varying parameter scales to verify cross-architecture

generalizability: GLM-4V-9B [21], Qwen2.5-VL-7B [22],

Llama-3.2-11B-Vision [24], Qwen3-8B [23], GLM-4-9B
[21] and Llama-3-8B [24]. To validate the superiority of our

framework, we compare ProBA against four methods: LoRA
[8], ZOPO [5], PAFT [1] and Vanilla Zero-Shot (Vanilla),
which serves as the lower bound to assess intrinsic brittleness.

Implementation Details. All experiments were implemented

using PyTorch on NVIDIA RTX 4090, RTX A6000, A100,

and H100 GPUs. To prevent overfitting to the anchor prompt,

we randomly sample 60 instances for the training set. The

hyperparameter K for brittle layer localization was set to 2.

We employed the AdamW optimizer with a learning rate of

5×10−5, a batch size of 1, and 8 gradient accumulation steps.

Training was conducted for 2 epochs. The maximum input

sequence length was truncated to 2,048 tokens for multimodal

tasks and 6,000 tokens for pure text tasks.

B. Main Results and Analysis

Table I and Table II show the performance of ProBA com-

pared with four baseline methods on multimodal discrimina-

tion and text-only generation tasks. Our ProBA performs well

on all metrics across different modalities and architectures,

consistently surpassing the second-best baselines.

For multimodal discrimination tasks, we outperform exist-

ing methods on the MVSA dataset across GLM-4V, Qwen2.5-

VL, and Llama3.2-V, surpassing the second-best baselines by

1.11%, 12.12%, and 14.04%, respectively. It demonstrates that

our proposed framework ProBA can align internal representa-

tion misalignment and rectify divergent inference trajectories

through the collaborative application of LBL and IRA. For the

Weibo dataset, ProBA surpasses all baselines under Qwen2.5-

VL and Llama3.2-V. We note that ZOPO achieves marginally

higher accuracy on GLM-4V, however, this is attributed to the

simpler semantic structure of short social media texts, where

discrete prompt optimization tends to converge to locally

optimal patterns but lacks generalization.

For text-only generation tasks, ProBA consistently achieves

the highest R-L and F1 scores on the GovReport and Qasper

datasets across GLM-4, Qwen3, and Llama3. It should be em-

phasized that ProBA maintains stable performance even under

complex reasoning architectures. Specifically, under Qwen3,

ProBA preserves an R-L score of 19.29 on GovReport and an

F1 score of 27.56 on Qasper. Compared to the ZOPO method,

which suffers catastrophic performance drops as evidenced by

its F1 score falling to 6.42 on Qasper, our approach is more

effective. This further demonstrates the effectiveness of ProBA

in handling long-context dependencies and complex logical

reasoning, validating its broad generalizability across diverse

textual scenarios.

Fig. 3 illustrates the specific performance trajectories of

each method under twelve distinct prompt variations.

For multimodal discrimination tasks, ProBA markedly sup-

presses performance fluctuations induced by prompt varia-

tions, especially on MVSA with Qwen2.5-VL and on Weibo
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Fig. 3. Performance distributions of different models across twelve prompt
variations. The results are reported for (a) Qwen2.5-VL on MVSA, (b)
Qwen2.5-VL on Weibo, (c) Llama3.2-V on MVSA, (d) Llama3-V on Weibo,
(e) GLM-4V on MVSA, (f) GLM-4V on Weibo, (g) Qwen3 on Qasper, (h)
Qwen3 on GovReport, (i) Llama3 on Qasper, and (j) Llama3 on GovReport,
(k) GLM4 on Qasper, and (l) GLM4 on GovReport.

TABLE I
MAIN RESULTS ON MULTI-MODAL TASKS

Model Method
MVSA Weibo

Acc Acc

GLM-4V

Vanilla 58.39 61.68
LoRA 58.46 65.04
ZOPO 57.84 71.85
PAFT 56.51 65.91

ProBA(Ours) 59.57 68.08

Qwen2.5-VL

Vanilla 51.30 72.51
LoRA 51.81 72.75
ZOPO 49.81 72.21
PAFT 47.75 73.41

ProBA(Ours) 67.37 76.86

Llama3.2-V

Vanilla 47.34 54.21
LoRA 48.01 53.53
ZOPO 50.74 55.09
PAFT 47.38 55.16

ProBA(Ours) 64.78 59.05

TABLE II
MAIN RESULTS ON PURE TEXT GENERATION TASK

Model Method
GovReport Qasper

R-L F1

GLM4

Vanilla 17.14 26.97
LoRA 17.17 26.99
ZOPO 12.40 27.06
PAFT 17.63 26.41

ProBA(Ours) 18.30 28.33

Qwen3

Vanilla 18.87 26.41
LoRA 18.93 26.50
ZOPO 10.72 6.42
PAFT 18.84 26.60

ProBA(Ours) 19.29 27.56

Llama3

Vanilla 20.25 26.48
LoRA 20.26 25.50
ZOPO 13.26 24.34
PAFT 20.29 26.60

ProBA(Ours) 20.84 27.47

with Llama3.2-V. Unlike baseline methods that continue to

exhibit pronounced oscillations, our ProBA maintains high

stability. It demonstrates that intra-layer representation align-

ment via IRA on brittle layers identified by LBL effectively

mitigates prompt brittleness.

For text-only generation tasks, ProBA likewise maintains

a stable trajectory. It should be emphasized that the ZOPO

method suffers catastrophic collapse on Qwen3 Qasper and

GovReport subplots. This visually demonstrates that ProBA

rectifies the inference trajectory drift to deliver superior gener-

alization under long-context dependencies and complex logic.

C. Ablation Study

Table III compares ProBA with the Vanilla baseline, which

performs standard inference without any optimization strate-

gies, and with the w/o LBL variant that replaces layer selection

guided by LBL with random selection. Our ProBA performs

well across all datasets, consistently achieving the highest

performance. On MVSA with Qwen2.5-VL, ProBA surpasses



w/o LBL by 12.1%. It demonstrates that our proposed LBL

method effectively locates the specific layers responsible for

inference trajectory drift. It should be emphasized that this

effectiveness extends to long-context scenarios. Compared

to the w/o LBL variant, which assumes uniform brittleness

across the network, our ProBA is more effective. This further

demonstrates that prompt brittleness is not uniformly scattered

but concentrated in specific brittle layers.

TABLE III
ABLATION RESULTS

Model Method
MVSA Weibo GovReport Qasper

Acc Acc R-L F1

GLM
Vanilla 58.39 61.68 17.14 26.97

w/o LBL 58.06 65.38 17.37 26.16
ProBA(Ours) 59.57 68.08 18.30 28.33

Qwen
Vanilla 51.30 72.51 18.81 26.41

w/o LBL 55.25 71.75 18.92 26.52
ProBA(Ours) 67.37 76.86 19.29 27.56

Llama
Vanilla 47.34 54.21 20.25 26.48

w/o LBL 49.63 54.21 19.63 26.02
ProBA(Ours) 64.78 59.05 20.84 27.47

V. CONCLUSION

We introduce ProBA, a general framework that mitigates

prompt brittleness by combining LBL with IRA. Unlike pre-

vious approaches, ProBA locates brittleness layers and rectifies

divergent inference trajectories, markedly reducing prediction

variance under prompt perturbations and improving down-

stream performance of large models. Despite these advances,

the anchor-selection mechanism still has limitations: anchors

currently rely on labeled data. In the future, we will focus

on adaptive and unsupervised anchor mining algorithms to

automatically locate stable anchors.
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