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Abstract

Understanding the impact of prompt variations
on large language model (LLM) outputs is criti-
cal. Despite extensive research, two challenges
persist: conflated terminology stemming from
loosely defined concepts, and inefficient evalu-
ations reliant on output generation. We first for-
malize prompt categorization to clearly define
prompt robustness and controllability. We then
introduce the prompt vector (PV), a compact
internal representation that reformulates these
properties at the representation level. Building
on PV, we propose PRC, an efficient and unified
framework to systematically evaluate LLMs
under few-shot prompt variations without re-
quiring costly autoregressive decoding. Experi-
ments across diverse instruction-tuned LLMs
demonstrate that PRC tightly correlates with
traditional output-based metrics while substan-
tially reducing computational overhead. Over-
all, PRC offers a principled and highly efficient
tool for diagnosing LLM behavior.

1 Introduction

While large language models (LLMs) have demon-
strated impressive capabilities across diverse appli-
cations (Matsuda et al., 2025; Niwa et al., 2025),
they remain highly sensitive to their input prompts
(Giray, 2023; Wang et al., 2025). Understand-
ing how prompt variations impact LLM outputs
is therefore essential. Despite extensive research,
systematic analysis is hindered by two major is-
sues. First, the terminology is heavily fragmented;
concepts such as sensitivity (Lu et al., 2024), ro-
bustness (Wu et al., 2025), controllability (Minder
et al., 2025), and brittleness (Ceron et al., 2024)
are often conflated without explicit boundaries, hin-
dering both evaluation (Liu and Chu, 2026) and
mitigation (Hejabi et al., 2025). Second, existing
methods rely heavily on comparing generated out-
puts (Voronov et al., 2024; Mizrahi et al., 2024),
making the evaluation computationally expensive
due to autoregressive decoding.

To address the terminology gap, we first pro-
vide a conceptual clarification of these related no-
tions. While prompts can vary in numerous ways,
our framework specifically focuses on variations
within in-context learning: the manipulation of few-
shot examples. This controlled setting allows us to
strictly quantify the exact information encoded in
the prompt. We organize LLM behaviors into two
cohesive and mathematically defined dimensions:
prompt robustness and controllability (see §2).

Next, to address the efficiency bottleneck, we
identify a compact representation of prompts
within LLMs, termed the prompt vector (PV).
Building upon PV, we propose PRC (Prompt
Robustness and Controllability), an efficient and
unified evaluation framework (see §3). Unlike ex-
isting output-based methods, PRC evaluates robust-
ness and controllability directly at the represen-
tation level. By bypassing output generation, it
significantly reduces computational overhead.

We evaluate several prominent instruction-tuned
LLMs across diverse tasks (see §4) and demon-
strate the feasibility of PV (see §5), revealing new
insights into model-specific differences.

Our contributions are summarized as follows.

* We resolve fragmented terminology by pro-
viding clear, formalized definitions of prompt
robustness and controllability.

* We introduce the PV, a compact and expres-
sive internal representation of prompts.

* We propose PRC, an efficient, output-free
framework that unifies the evaluation of ro-
bustness and controllability.

* We empirically uncover distinct behavioral in-
sights regarding robustness and controllability
across multiple state-of-the-art LLMs.

2 Clarification of Concepts

Existing literature often lacks explicit prompt cat-
egorizations and clear concept boundaries (Qiang
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et al., 2024; Sclar et al., 2024; Errica et al., 2025;
Seleznyov et al., 2025). Chatterjee et al. (2024)
were among the first to propose a clear definition
of intent-aligned prompts.

Intent-aligned Prompts

[Extracted from Chatterjee et al. (2024)]
Any two prompts x; and zo are said to be
intent-aligned despite variations in their word-
ing or template or inclusion of minor spelling
errors, if they are designed to elicit responses
from a language model based on the same
underlying goal, intent or meaning.

While intent-aligned prompts are defined as
those sharing an underlying goal despite superfi-
cial variations, their evaluation implicitly entangles
input categorization with output behavior. To sys-
tematically analyze LLMs, we must first categorize
prompts strictly based on their encoded informa-
tion, enabling formal, decoupled definitions of ro-
bustness and controllability.

2.1 Categorization of Prompts

A prompt contains various forms of information
(e.g., instructions, examples). While quantifying
information across arbitrary zero-shot variations is
highly subjective, in-context learning provides a
controlled environment. Here, information is objec-
tively operationalized via the inclusion or ordering
of few-shot examples. Based on this, we categorize
the relationship between two prompts p; and ps.

Equivalent Prompts

Given two prompts p; and po, they are called
equivalent if and only if they encode exactly
the same information. We denote this relation

by p1 >~ pa.

Incremental Prompts

Given two prompts p; and po, we say that po
is incremental with respect to p; if and only
if all information encoded in p; is contained
in po. We denote this relation by p; C ps or,
equivalently, p2 D ps.

In our settings, shuffling the order of identical
examples yields equivalent prompts, while adding
completely new in-context examples to a prompt
makes it incremental. For example, consider a

Prompts with the same intent,
yel containing completely
different information

Intent-Aligned
Prompts

Incremental
Prompts

Equivalent
Prompts

Prompts with new information
added, yet intent unchanged

Figure 1: Relationship among equivalent prompts, in-
cremental prompts, and intent-aligned prompts.

prompt p; containing few-shot examples A and B,
and po containing B and A. Since they present
identical task information, p; ~ ps. If a new exam-
ple C'is added to p; to form ps, then p; C ps.

As illustrated in Figure 1, because incremental
prompts strictly require new information, they form
a disjoint set from equivalent prompts. Together,
they represent the foundational axes needed to de-
fine behavioral invariance and responsiveness.

2.2 Robustness and Controllability

Intuitively, when we describe an LLM as robust,
we expect its outputs not to change when presented
with the same prompts. In contrast, when we de-
scribe an LLM as controllable, we expect its out-
puts fo change in response to different prompts.

Let M be an LLM and s denote a specific
internal or output state (e.g., hidden representa-
tions or probability distributions). We formulate
two core properties using a state-mapping func-
tion f(sp;p) € RS and a divergence metric
D : RS xRS — [0, +00).

Local Prompt Robustness

For a set of equivalent prompts P =
{p1,...,pp} where p; >~ p;, the local prompt
robustness is defined as:

ROblocal (M7 P; SM) =

1 P P
P(P-1) SN Dp (flsmspi) Fsap5)) s

i=1 j=1

The local prompt robustness reflects the aver-
age state variation on equivalent prompts; thus, a
lower Roby,; signifies higher robustness. Note
that we omit the input divergence denominator
Dc(e(pi), e(p;)) here. Since equivalent prompts
encode identical information, their theoretical input
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distance is negligible, making such normalization
mathematically ill-posed.

Local Controllability

For a sequence of strictly incremental prompts
P ={p1,...,pp} where p; C p;;1, the local
controllability is defined as:

Conlocal(Ma P; SM) =
P-1

1 ZQf(f(SM;pz-),f(SM;pm))
P—14 De (e(pi), e(piv1)) 7

where e(p) € R€ represents the prompt input,
and ®. measures input space divergence.

The local controllability captures the average
state shift relative to informational changes in the
prompt. An extremely small value of Congyeq;
indicates that the LLM varies little even when
the prompt changes substantially, whereas an ex-
tremely large value implies excessive sensitivity. A
controllable model should avoid both extremes.

Given a dataset 8 = {P1,...,Pn}, we can
define the global metrics Rob(M,;sx¢) and
Con(M,PB; spq) simply by averaging the respec-
tive local scores across the /V sets. Throughout this
paper, all experiments and discussions are focused
on global versions of robustness and controllability.

Connections between Robustness and Controlla-
bility. The definitions of robustness and control-
lability share several common characteristics:

* Dependence on a set of prompts P.

* Flexibility in the choice of state s .

» Use of divergences over distributed represen-
tations Dy (and D).

These similarities highlight their intrinsic connec-
tion that has been overlooked in prior research.

3 PRC: Prompt Robustness and
Controllability Evaluation

The state-mapping function f(spq;p) € RS and
the divergence metric © are the core compo-
nents of our proposed definitions. In prior works,
s typically represents the generated output, and
f(sa;p) corresponds to either task performance
or probability distributions. This output-centric
paradigm necessitates metrics such as performance
deviation (Mizrahi et al., 2024; Wu et al., 2025),
Kullback-Leibler divergence (Sun et al., 2024), or

Jensen—Shannon divergence (Qiang et al., 2024).
In contrast, we identify a compact, internal repre-
sentation f(sq;p) that completely bypasses out-
put generation. We term this the prompt vector
(PV), conceptually inspired by, yet fundamentally
distinct from, function vectors (Todd et al., 2024).

3.1 Preliminary: Function Vector

According to Todd et al. (2024), within an autore-
gressive transformer, a function vector (FV) com-
pactly represents a task ¢ as the sum of mean out-
puts from a set of key attention heads A:

> ayh).

Plep?
(D

Here, a;;(p!) denotes the output of the j-th atten-
tion head in the [-th layer given prompt p!, and A
consists of heads exhibiting the highest Average In-
direct Effect (AIE) across tasks under strict single-
token output constraints. While FVs offer compact
task-level representations, they are ill-suited for
evaluating prompt robustness and controllability.

1

¢ _t

FV(t) = E ay;, wherea;; = w
(L,j)eA

* Format Constraints: FVs strictly require
single-word outputs and rigid prompt tem-
plates, failing to generalize to arbitrary prompt
structures or multi-token generations.

* Lack of Prompt Differentiation: FVs treat
all prompts within a task uniformly, whereas
evaluating robustness and controllability ne-
cessitates structured sets of equivalent or in-
cremental prompts.

 Task-Level Abstraction: FVs abstract across
an entire dataset to form FV (¢). In contrast,
prompt evaluation requires a fine-grained,
prompt-specific representation f(saq;p) de-
rived from individual inputs.

3.2 Prompt Vector

To address these limitations, we propose the prompt
vector (PV). Given a dataset B = {Py1,--- ,Pn},
where each P; = {pzl, sy pZ.P "} represents a set of
equivalent or incremental prompts, the PV of an
individual prompt p is defined as a learned linear
combination of its hidden layer representations:

PV(p):= > Nh(p), )
leL(P)

where h;(p) denotes the vector representation at
the [-th layer of a transformer with L layers, with
the embedding layer treated as the O-th layer and
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the output probability distribution treated as the
(L + 1)-th layer.

The layer index set L(3), whose cardinality
|L(*B)| is a hyper-parameter, consists of the lay-
ers with the largest average divergence (AD)
computed on a small warm-up subset Py =
{P1,--- ,Pw} CPB,with W <« N:

1Ll A s
AD(0) = 3 5 > (i) el ).
i=1 " " j=1

3)

where 3); is the cosine distance when [ < L, and is

the Kullback—Leibler divergence when ! = L + 1.

The optimal coefficients A; > 0 are determined

by minimizing the average sensitivity difference
(ASD) over the warm-up set Py :

1 L1 &
ASD(Pw) = 7= > 5 D
17 =1

1=

“)
Here, 10, p, is the sensitivity function introduced
by (Chatterjee et al., 2024). Dpy (pﬁ ) denotes
the average pairwise internal divergence between
PV (p]) and all other pairs of PVs in P;. This pro-
vides a mathematically sound, set-level supervision
signal to learn layer contributions.

3.2.1 Remarks on Prompt Vector

Compared with FV, the PV is more suitable for
evaluating robustness and controllability.

* Freedom in prompt and task formats. Un-
like FV, the computation of PV imposes no
constraints on the format of the prompt or the
task, which enables broad applicability across
diverse evaluation settings.

* Discrimination among prompt categories.
Prompts in the dataset 3 are explicitly orga-
nized into IV sets of equivalent or incremental
prompts, which aligns naturally with the defi-
nitions of robustness and controllability.

* Fine-grained representation. PV is defined
as a function of an individual prompt p, captur-
ing how the LLM M represents that prompt,
rather than abstracting over an entire task.

Beyond the properties above, PV differs from
FV in several additional aspects.

Hidden layers rather than attention heads.
This design is motivated by the intuition that hidden
layers primarily encode semantic representations,

bmp, —Dpv(p))] .

Stage 1 Stage 2 T >
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Figure 2: Framework of PRC, consisted of four stages
for evaluation of robustness and controllability.

whereas attention heads mainly characterize infor-
mation flow. Since semantic content varies across
prompts, hidden-layer representations are better
suited for constructing PV. This architectural de-
sign is directly corroborated by recent theoretical
findings that LLMs map even structurally similar,
meaning-preserving prompts to highly dispersed
continuous representations (Liu and Chu, 2026).

Linear combination rather than summation.
Different layers encode information at varying
levels of granularity, and this variation is model-
dependent. Introducing learnable coefficients al-
lows adjustment of contribution of each layer.

AD and ASD rather than AIE. AD is employed
to identify layers exhibiting the largest representa-
tional variation across prompts, while ASD is used
to ensure that PV remains correlated with output-
based sensitivity. Both criteria make PV suitable
for evaluating robustness and controllability.

Necessity of 3y. Because both the coefficients
A; and the layer set £(*33) must be estimated, PV
cannot be constructed entirely from scratch. Nev-
ertheless, empirical results show that a sufficiently
small W is adequate, enabling efficient evaluation.

3.3 Evaluation Framework

The PRC framework is illustrated in Figure 2.

Stage 1: Construction of 3. Each example in
the raw dataset of size N is first converted into
a prompt suitable for input to an LLM. Given an
initial prompt p;, we then construct a corresponding
prompt set P; according to the evaluation objective.
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For robustness evaluation, we initialize P; :=
{pi} and iteratively augment it by adding equiva-
lent prompts, i.e., P; := P; U{p{}, where pg ~ p;,
until |P;| = P;. For controllability evaluation, we
initialize P; := {p; } and iteratively expand the set
by constructing two new prompts at each step: p; ,
obtained by removing information from the first
element of P;, and p;r, obtained by adding infor-
mation to the last element of P;. The prompt set
is then updated as P; := {p; } UP: U{p; }. This
process is repeated until [P;| = P;.

All prompt sets P;, i € [1,N] are collected
to form ‘B, which is further partitioned into two
subsets: a warm-up set Py, used in Stage 2, and
an evaluation set P \ Py, used in Stage 3.

Stage 2: Determination of £(*3) and \;. The
computation of PV depends on both the selected
layer set £(3) and the coefficients \;. The layer
set L(°B) is determined by computing AD({) for all
layers using Eq. (3) on By and selecting the top
|L£()| layers. The coefficients ); are obtained by
minimizing the objective in Eq. (4), which we solve
using L-BFGS-B algorithm (Byrd et al., 1995) with
non-negativity constraints A; > 0.

Stage 3: Computation of Prompt Vectors. With
L(*B) and the optimal coefficients )\; determined
in Stage 2, the prompt vector PV (p;) is computed
using Eq. (2) for each prompt p; € P; € B\ Pw.

Stage 4: Evaluation of Robustness and Control-
lability. Using PV (p;) as f(snq;pi), we com-
pute the local evaluations Robj,cq (M, Pi; saq)
or Conyyeq; (M, Py; spq) according to the defini-
tions in Section 2. Aggregating over all prompt
sets yields the global robustness Rob (M, B; saq)
and global controllability Con(M, P; suq).

Remark: Origin of Efficiency. By evaluating
directly on internal representations, PRC bypasses
both the final LM head matrix multiplication and
sequential token generation. While per-instance
computational savings over output distribution met-
rics (such as POSIX) are modest for strictly single-
token prediction tasks, PRC provides massive
speedups when scaled across large-scale prompt
permutation suites or multi-token output settings.
Importantly, PV extracts the static semantic in-
tegration of the prompt prior to decoding, com-
pletely decoupling model diagnostic throughput
from context-dependent generation lengths.

Remark: Offline Calibration vs. Online Evalua-
tion. Although PRC involves a four-stage archi-
tecture, we highlight that Stages 1-3 constitute
a fully automated, one-time offline setup per
dataset-model pair. Specifically, Stage 2 optimizes
the layer coefficients \; over a tiny warm-up subset
(10% of B). Once calibrated, these coefficients
are fixed. In production or large-scale evaluation
scenarios (Stage 4), PRC bypasses sequential to-
ken generation and vocabulary projection entirely,
processing incoming prompt variations in parallel
via single-pass forward propagation.

4 Experiments

4.1 Configurations

Datasets. We conduct experiments on two
datasets. (1) The test split of the MMLU dataset
(Hendrycks et al., 2021), containing approximately
15,000 multiple-choice questions spanning 57 do-
mains. (2) Eight tasks from the Big-Bench Hard
(BBH) benchmark (Suzgun et al., 2022): causal
judgment (CJ.), disambiguation QA (DQ.), Dyck
languages (DL.), formal fallacies syllogisms nega-
tion (FF.), hyperbaton (HB.), logical deduction
five objects (LD.), reasoning about colored objects
(RC.), and salient translation error detection (TE.).

LLMs. We evaluate the following instruction-
tuned LLMs: gemma-3-4b-it (Team et al., 2025),
Qwen2.5-7B-Instruct (Qwen et al., 2024), Llama-
3.1-8B-Instruct (Grattafiori et al., 2024), and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).

Prompts. We design prompts in a way that al-
lows precise control over the information they con-
tain. Each prompt consists of a brief task descrip-
tion, followed by three examples (without chain-
of-thought reasoning), and a target input instance.
Detailed prompt templates are provided in Ap-
pendix A.

Equivalent Prompts. Equivalent prompts are
constructed by shuffling the order of the few-shot
examples within a prompt. Each prompt set con-
tains six equivalent prompts. We deliberately avoid
commonly used perturbation strategies such as
paraphrasing or rule-based modifications, as these
operations may inadvertently alter the underlying
information encoded in the prompt.

Incremental Prompts. Incremental prompts are
created by progressively adding or removing few-
shot examples from the prompt. Each prompt set
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contains seven incremental prompts. While alterna-
tive strategies for constructing incremental prompts
exist (e.g., incorporating domain knowledge or re-
fining task descriptions) it is non-trivial and costly
to ensure such modifications strictly satisfy the in-
cremental property. Therefore, we adopt example-
based modifications for reliability and clarity.

4.2 Robustness and Controllability of LLMs

We compare three representative approaches:

* Task-performance-based evaluation. Task
performance is widely used to assess how
LLM behavior changes under prompt varia-
tions (Lu et al., 2022; Voronov et al., 2024,
Sclar et al., 2024). We report the mean and
standard deviation of task accuracy.

* Probability-distribution-based evaluation.
The output probability distribution of LLMs
is another commonly adopted metric (Qiang
et al., 2024; Sun et al., 2024). We compute
POSIX (Chatterjee et al., 2024) to quantify
distributional differences.

* Prompt-vector-based evaluation. This cor-
responds to PRC, our proposed evaluation
method based on prompt vectors.

In prior work, the first two approaches are typ-
ically used to measure (often implicitly defined)
sensitivity on intent-aligned prompts. In contrast,
we apply these measures to equivalent and incre-
mental prompts as approximations of robustness
and controllability, respectively. Tables 1 and 2
report robustness and controllability results on the
BBH tasks. Note that for the task-performance-
based evaluation, we report the mean and standard
deviation over five runs; however, for the POSIX
and PRC metrics, we empirically observed that the
results vary minimally across different runs, so we
report the representative values without standard
deviations. We draw the following observations.

Robustness and controllability cannot be reli-
ably evaluated using task performance alone.
Although the standard deviation of accuracy varies
across tasks and models, it provides limited insight
into the intrinsic properties of LLMs. This is be-
cause accuracy variance is influenced not only by
the intrinsic understanding of the model itself, but
also by the decoding strategy (e.g., temperature
sampling) and surface-level formatting sensitivities
during autoregressive generation. When output-
based metrics and PRC disagree, PRC offers a

uniquely valuable signal. PV isolates the model’s
foundational semantic encoding of the prompt be-
fore the decoding phase. Therefore, it provides
a more deterministic and intrinsic measure of the
model’s true internal state shifts, independent of
output generation artifacts.

Strong correlation between POSIX and PRC.
Comparisons between POSIX and PRC reveal a
strong correlation between the two metrics. No-
tably, except for the small warm-up set By, PRC
does not require output generation, resulting in sub-
stantially improved evaluation efficiency.

Controllability varies substantially across
LLMs. We observe pronounced differences in
controllability across models, likely reflecting
differences in training strategies. The relatively
large value of Con(gemma) may stem from
distillation from larger teacher models, whereas
the comparatively low value of Con(L1lama) may
be attributed to the extensive instruction data used
during fine-tuning.

5 Discussion: Feasibility of PV

The core idea of PRC is to use the prompt vector
PV (p) as the f(spq;p) € RS for evaluation. This
design is feasible only if three assumptions hold.
We demonstrate that all assumptions are satisfied.

* Suitability for robustness evaluation. Given
equivalent prompts p; ~ p2, the divergence
D¢ (PV(p1), PV (p2)) should correlate with
robustness metrics computed from the corre-

sponding outputs y(p;) and y(p2).

* Suitability for controllability eval-
uation. Given incremental prompts
p1 €  po, the normalized divergence

Dy (PV(p1),PV(p2)) /De (e(p1), e(p2))
should correlate with the difference in

information encoded in p; and ps.

« Efficiency of evaluation. Stage 2 is the most
time-consuming component of PRC; there-
fore, the warm-up set size [Py | must be suf-
ficiently small to ensure efficiency.

5.1 Suitability for Robustness Evaluation

Given a dataset 8 = {P1, ..., Py} in which each
‘P; consists of equivalent prompts, the sensitivity
function 9 r¢ p, provides a suitable robustness met-
ric based on model outputs. We examine the corre-

lation between ¢ p, and Robjgeq (M, Pi; PV),
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Task | CI. DQ. DL. FF. HB. LD. RC. TE.
Evaluation based on task performance: mean and standard deviation of task accuracy.
gemma | 0.497 £0.028 0.445 £0.021 0.566 +£0.014 0.511 £0.026 0.558 +0.016 0.453 +0.015 0.569 +0.012 0.520 +0.015
Qwen | 0.564 £0.015 0.565 +0.008 0.595 +0.021 0.592 +0.010 0.625 £0.026 0.441 £0.008 0.676 £0.014 0.521 +£0.012
Llama | 0.482 £0.019 0.445+0.024 0.513 £0.017 0.507 £0.022 0.751 £0.027 0.478 £0.018 0.605 £0.019 0.592 £0.013
Mistral | 0.569 +0.023 0.612 +0.014 0.523 +0.017 0.529 +0.012 0.625 +0.021 0.439 +0.022 0.663 +0.036 0.555 +£0.012
Evaluation based on probability distribution: POSIX.
gemma 3.18 5.99 6.59 7.19 1.51 0.47 0.59 0.74
Qwen 1.99 243 1.16 1.39 2.41 2.16 2.05 2.47
Llama 0.048 0.11 0.085 0.043 0.076 0.065 0.084 0.16
Mistral 343 1.19 0.92 2.57 1.79 3.31 3.97 3.12
PRC (Ours): Evaluation based on prompt vectors.
gemma 1.90 5.16 6.48 8.11 1.52 0.38 0.42 0.44
Qwen 1.96 2.39 0.97 1.12 2.26 2.27 1.97 2.56
Llama 0.041 0.034 0.088 0.038 0.079 0.064 0.012 0.069
Mistral 3.39 0.47 0.38 2.29 0.29 3.34 4.18 3.00

Table 1: Evaluation of robustness on BBH dataset. CJ., DQ., DL., FF.,, HB., LD., RC., TE. are short for causal
judgment, disambiguation QA, Dyck languages, formal fallacies syllogisms negation, hyperbaton, logical deduction
five objects, reasoning about colored objects, salient translation error detection, respectively. gemma, Qwen, L1ama,

Mistral are abbreviations of LLMs investigated.

Task ‘ Cl. DQ. DL. FE. HB. LD. RC. TE.
Evaluation based on task performance: mean and standard deviation of task accuracy.
gemma | 0.488 £0.016 0.482 £0.083 0.556 £0.016 0.507 £0.011 0.526 £0.023 0.456 £0.067 0.541 £0.064 0.411 +0.053
Qwen | 0.519 +0.018 0.567 £0.072 0.512 £0.021 0.557 +0.038 0.632 +0.059 0.446 £0.037 0.597 £0.028 0.476 +0.058
Llama | 0.448 £0.044 0.498 £0.107 0.518 £0.011 0.503 £0.044 0.643 £0.099 0.477 +0.044 0.506 £0.074 0.496 +0.038
Mistral | 0.539 +£0.033 0.505 £0.057 0.531 £0.009 0.509 £0.026 0.578 £0.066 0.494 £0.039 0.551 £0.118 0.446 £0.052
Evaluation based on probability distribution: POSIX.
gemma 12.94 11.87 7.24 9.45 12.33 12.23 13.68 14.78
Qwen 3.73 3.29 1.11 0.37 3.33 2.73 3.80 3.24
Llama 0.16 0.21 0.12 0.094 0.55 0.17 0.17 0.17
Mistral 5.33 4.49 1.07 4.65 6.00 3.99 5.04 5.30
PRC (Ours): Evaluation based on prompt vectors.
gemma 1167.41 1818.50 464.51 1199.25 759.17 1235.86 2592.19 6951.98
Qwen 211.44 232.40 47.81 2.99 95.81 195.28 505.63 785.02
Llama 10.32 5.39 8.81 451 10.87 5.41 0.75 18.41
Mistral 192.11 23091 83.39 152.06 162.11 141.99 471.17 1019.80

Table 2: Evaluation of controllability on BBH dataset.

as shown in the first row of Figure 3.! We can
see that ¢, p, exhibits a strong correlation with
Robjo.q (M, P;; PV), with consistently high R?
values, indicating that PV is well suited for robust-
ness evaluation.

5.2 Suitability for Controllability Evaluation

Given a dataset B = {Pi,...,Pn} where
each P; = {p%,...,pf"} consists of in-
cremental prompts, we adopt average mu-
tual information as a proxy for the dif-
ference in encoded information: I(P;) =
A Lrat (H) + HEP - Hlw ™)),

where H(p) denotes the entropy of prompt p.
We analyze the correlation between I(P;) and

'Refer Appendix C for more results.

Conyyeq (M, Pi; PV), as shown in the second
row of Figure 3. Again, we observe strong
correlations with high R? values, supporting the
suitability of PV for controllability evaluation.

5.3 Efficiency of Evaluation

The computational efficiency of PRC encompasses
both the one-time offline calibration (Stage 2) and
the end-to-end evaluation throughput (Stage 4).

Offline Warm-up Overhead. Stage 2 optimizes
layer coefficients \; over a warm-up subset Ly .
Efficient optimization requires minimizing: (1) the
selected layer count |£(3)|, and (2) the warm-up
size | Py |. As shown in the third row of Figure 3,
optimizing across all layers reveals that only a
small subset of )\; exhibits large magnitudes. Thus,
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represented as the percentage of [*B].

setting | £(PB)| = [V L + 2] is sufficient. Further-
more, as shown in Figure 4, marginal R? gains
diminish once [Py | > 0.1|P|. Accordingly, we
set [Py | = [0.1|PB]], incurring minimal overhead.

Empirical Wall-Clock Speedup. To ground real-
world efficiency, we measured end-to-end execu-
tion time across the entire BBH suite (Table 3).
PRC completes the benchmark in merely 7.2 min-
utes. Compared against POSIX (~ 2.3 hours), the
strictly orthogonal baseline for output distribution
sensitivity, PRC achieves a 19.16 x speedup. This
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Method Need Output? Total Time Speedup
Task Accuracy Yes ~11.4 hours 1.0x
POSIX Yes ~2.3 hours 5.0x
PRC (Ours) No 0.12 hours 95.0x

Table 3: End-to-end wall-clock execution time for eval-
uating the entire BBH benchmark suite.

speedup stems from completely bypassing the vo-
cabulary projection matrix multiplication required
by output-based metrics across all variations.

5.4 Discussion on Metric Deviations

While PRC aligns closely with POSIX across most
model-task settings, notable metric deviations oc-
casionally emerge (e.g., Llama exhibiting R? =
0.5424 on MMLU). A vital question arises: What
does it qualitatively mean when internal prompt
vectors drift while the final output remains stable?

Literature Context: Information Funneling.
This phenomenon is grounded in the representation
engineering literature on information funneling and
layer-wise residual stream saturation (Clark et al.,
2019; Voita et al., 2019). Intermediate transformer
layers are highly sensitive to superficial token order
and contextual formatting. However, as represen-
tations propagate into deeper layers, the residual
stream often converges onto a low-dimensional,
semantically grounded task manifold, stabilizing
prior to the vocabulary projection layer.

Dual Mechanistic Hypotheses. Rather than in-
dicating a framework failure, deviations between
PRC and output metrics reveal two plausible mech-
anistic interpretations:

* Hypothesized Latent Volatility: Under
heavy instruction alignment, squashing top-
layers may mask underlying internal instabil-
ity, rendering the model’s output stability pre-
carious under temperature shifts or context
extension.

* Robust Semantic Funneling: Alternatively,
intermediate layer drift represents benign
context-tracking features that later layers suc-
cessfully aggregate into a robust, invariant
task representation.

In either scenario, PRC offers unique diagnostic
value by capturing fine-grained representational
volatility prior to output decoding, providing a nu-
anced view of internal model behavior that output-
matching inherently obscures.

Interpreting Cross-Model R? Variations: Cou-
pling vs. Dampening. The variation in correla-
tion strength across models is not an evaluation
flaw, but rather an insightful diagnostic property
that quantifies a model’s Representational Damp-
ening Capacity:

* High R? (Direct Coupling): Demonstrates
a tight, direct pipeline where intermediate
prompt vector shifts propagate linearly into
downstream logit distributions.

* Lower R? (Dampening Capacity): Reveals
structural decoupling, where extensive post-
training alignment functions as a non-linear
cushioning filter, actively absorbing internal
semantic shifts to maintain output stability.

Without an internal probe like PRC, evaluators can-
not determine whether observed output consistency
stems from genuine representational invariance or
output-layer dampening.

6 Conclusions

In this work, we address the fragmented terminolo-
gies surrouding LLM prompt sensitivity by cohe-
sively formalizing prompt robustness and controlla-
bility. We introduce the prompt vector, a compact
representation derived from internal model states,
enabling the unified PRC framework to assess LLM
behaviors on prompt variations efficiently, without
relying on costly autoregressive output generation.
Extensive experiments across multiple datasets and
LLMs demonstrate that PRC strongly aligns with
traditional output-based metrics while offering de-
terministic, deep-structural insights and substantial
efficiency gains, showing clear differences across
LLMs. Our framework provides a principled diag-
nostic lens for analyzing LLMs’ internal behaviors,
complementing existing output-based evaluations.

Limitations

Despite its advantages, this work has several limi-
tations that suggest directions for future research.

First, the prompt vector relies on access to inter-
nal model representations, which limits the applica-
bility of PRC to open-weight or white-box LLMs.
Extending the framework to black-box settings, for
example by approximating PV using observable
signals, remains an open challenge.

Second, although PV eliminates the need for
output generation during evaluation, its construc-
tion requires a warm-up set Py to determine layer
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selection and the learning of layer coefficients \;.
While we empirically show that 3y, can be small,
this step still introduces additional hyperparameter
configurations, design choices, and computational
overhead. In particular, tuning the layer coeffi-
cients adds complexity that could potentially limit
the scalability and seamless reproducibility of the
framework across entirely new model architectures
and diverse evaluation settings.

Third, our construction of equivalent and in-
cremental prompts focuses on controlled manip-
ulations such as example reordering and example
addition or removal. More complex prompt vari-
ations — such as semantic paraphrasing, stylistic
changes, or incorporation of external knowledge —
are not explored, and may exhibit different robust-
ness—controllability characteristics.

Fourth, our empirical analysis is limited to a
subset of instruction-tuned LLLMs and benchmark
tasks. While the observed trends are consistent
across models and datasets, broader evaluation
across more architectures, languages, and appli-
cation domains would further strengthen the gener-
ality of our conclusions.

Fifth, the prompt vector (PV) is extracted from
the hidden representation at the final token position
of the input prompt. While this effectively captures
the model’s static semantic integration of few-shot
context prior to generation, a single-position vec-
tor cannot trace dynamic, multi-step autoregres-
sive reasoning processes (e.g., explicit Chain-of-
Thought tokens). Evaluating representation-level
robustness across multi-step reasoning chains re-
mains an important direction for future extension.

Finally, a potential trade-off exists regarding the
construction of prompt sets and the framework’s
efficiency. While PRC significantly improves eval-
uation efficiency by eliminating the bottleneck of
LLM output generation, defining whether two com-
pletely distinct prompts encode the "same infor-
mation" (e.g., highly ambiguous semantic para-
phrasing in zero-shot settings) might require hu-
man verification. Relying on a human-curated
set of prompts would incur substantial manual ef-
fort, potentially offsetting the computational ef-
ficiency gained. However, in practical applica-
tions—including our experimental setup—this bot-
tleneck is effectively mitigated by utilizing auto-
mated, programmatic perturbations (e.g., shuffling
in-context examples, or systematically adding/re-
moving examples). Much like automated typo or
template perturbations in prior output-based eval-

uations (Chatterjee et al., 2024), these heuristic
rules ensure strict information preservation or in-
crementality without any manual cost. Thus, the
human-in-the-loop requirement is confined only to
complex, unstructured semantic variations, leav-
ing PRC highly efficient for scalable, automated
benchmarking.
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{task_description}

# Examples
{few_shot_examples?}

# Question
{input_instance}

Table 4: Prompt template followed by all tasks.

A Prompts for Each Task

As introduced in §4.1, our goal is not to achieve
state-of-the-art task performance, but rather to eval-
uate robustness and controllability under equivalent
and incremental prompt variations. Accordingly,
we design prompts in a way that allows precise
control over the information they contain.

Each prompt consists of a brief task descrip-
tion, followed by three examples (without chain-of-
thought reasoning), and a target input instance. For
all tasks, the prompt templates follow the format
shown in Table 4.

The {task_description} varies across tasks,
which is shown in Table 5.

For BBH dataset, the {few_shot_examples}
is a concatenation of examples with the for-

mat of Q: {question}\nA: {answer}\n,
and the {input_instance} follows the for-
mat of Q: {question}\nA: For MMLU

dataset, the {few_shot_examples} is a con-
catenation of examples with the format of
Question: {question}\nAnswer: {answer}\n,
and the {input_instance} follows the format of
Question: {question}\nAnswer: .

Few-shot examples are randomly selected from
the dataset, and are ensured to be different from the
input instance. For the MMLU dataset, all few-shot
examples are from the same domain as the input
instance.

B Robustness and Controllability of
LLMs on MMLU dataset

Besides BBH dataset, we also evaluate robustness
and controllability on MMLU dataset, and com-
pare three representative approaches. Results are
shown in Table 6. We can see that the observations
on BBH dataset (reported in §4.2) remain hold on
MMLU dataset. Robustness and controllability can-
not be reliably evaluated using task performance
alone. There is a strong correlation between POSIX
and PRC. Controllability varies substantially across
LLM:s.
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Task

{task_description}

causal judgment

disambiguation QA

Dyck languages

formal fallacies syllogisms negation
hyperbaton

logical deduction five objects
reasoning about colored objects
salient translation error detection

Answer questions about causal attribution.

Clarify the meaning of sentences with ambiguous pronouns.

Correctly close a Dyck-n word.

Distinguish deductively valid arguments from formal fallacies.

Order adjectives correctly in English sentences.

A logical deduction task which requires deducing the order of a sequence of objects.
Answer extremely simple questions about the colors of objects on a surface.

Detect the type of error in an English translation of a German source sentence.

MMLU

You are a helpful assistant that can answer multiple-choice questions.

Table 5: The {task_description} of all tasks.

Robustness Controllability
Measure Accuracy POSIX PRC Accuracy POSIX PRC
gemma 0.453 £0.016 5.26 576 | 0.456 £0.066  12.11  1797.97
Qwen 0.521 £0.025 2.33 2.26 | 0.509 £0.054 2.09 134.74
Llama 0.507 £0.021  0.064  0.045 | 0.518 £0.106 0.11 6.82
Mistral | 0.523 £0.012 1.45 0.87 | 0.532 £0.076 4.60 267.32

Table 6: Evaluation of robustness and controllability on MMLU dataset. gemma, Qwen, Llama, Mistral are

abbreviations of LLMs investigated.

C Detailed Results for Discussion of
Feasibility of Prompt Vector

This section report detailed results for discussing
the feasibility of prompt vectors.

Figure 8 shows the correlation between Y4 p,
and Robjycqi (M, P;; PV) on all eight tasks of
BBH dataset, and Figure 5 shows the result on
MMLU dataset. All these results show strong cor-
relation with high R? values, indicating that PV is
well suited for robustness evaluation.

Figure 9 shows the correlation between I(P;)
and Conyyeq (M, P;; PV) on all eight tasks of
BBH dataset, and Figure 6 shows the result on
MMLU dataset. All these results show strong cor-
relation with high R? values, indicating that PV is
well suited for controllability evaluation.

Figure 10 shows the magnitudes of optimal co-
efficients \; on all eight tasks of BBH dataset, and
Figure 7 shows the result on MMLU dataset. In
most cases, only a small subset of )\; exhibits large
absolute values, suggesting that most layers con-
tribute minimally, indicating the efficiency of eval-
uation.

D Discussions on Potential Risks

This paper proposed a framework for evaluating
robustness and controllability of LLMs on prompt
variations.

The focus is the issue of evaluation, rather than
text generation. Therefore, our research has no

potential risks.

E Discussions on Dataset

We have reported statistics of datasets in Section
4.1. All datasets are public benchmark datasets that
are widely used in NLP research. They have been
confirmed that no personally identifying informa-
tion or offensive content are contained.

F Discussions on Computational
Experiments

We investigated four public LLMs that are accessi-
ble using the Python library transformers. All ex-
periments are conducted on an instance of Google
Cloud Platform with a GPU of Nvidia A100 (40G).

For using LLMs, all hyper-parameters are cho-
sen as the default values. For evaluation using PRC,
two hyper-parameters need to be tuned: |L£(P)|
and [Py |. The values used for experiments are
reported in Section 5.3.

The main results are reported in Table 1 and
Table 2. For the evaluations based on task per-
formances, we evaluated the means and standard
deviations over five runs. For POSIX and PRC, we
found that the results vary little over different runs,
so we only reported representative values.

Wall-Clock Time Evaluation Protocol. The em-
pirical wall-clock times reported in Table 3 were
recorded on a single instance equipped with four
NVIDIA L4 GPU (96GB VRAM). Execution times
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Figure 5: Verification suitability of PV for robustness evaluation, evaluated by correlation between ¥ p, and
Robjycqr (M, Pi; PV). Dataset: MMLU.
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Figure 6: Verification suitability of PV for robustness evaluation, evaluated by correlation between I(P;) and

Conyyeqr (M, Pi; PV). Dataset: MMLU.
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Figure 7: Verification evaluation efficiency of PV. Values of optimal \; are reported, where [ € [0, L + 1]. Dataset:
MMLU.

reflect the complete end-to-end processing pipeline,
including data loading, forward propagation across
all 8 BBH tasks and 4 model families, and metric
computation. For PRC, the reported time incor-
porates both the one-time Stage 2 coefficient opti-
mization over Py (10% subset) and Stage 3—4 rep-
resentation extractions over the remaining dataset.
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Figure 8: Verification suitability of PV for robustness evaluation, evaluated by correlation between ¢ p, and
Robjycqi (M, P;; PV). Dataset: BBH. Tasks (up to down): causal judgment, disambiguation QA, Dyck languages,
formal fallacies syllogisms negation, hyperbaton, logical deduction five objects, reasoning about colored objects,
and salient translation error detection.
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Figure 9: Verification suitability of PV for robustness evaluation, evaluated by correlation between I(P;) and
Conyoeai (M, P;; PV). Dataset: BBH. Tasks (up to down): causal judgment, disambiguation QA, Dyck languages,
formal fallacies syllogisms negation, hyperbaton, logical deduction five objects, reasoning about colored objects,
and salient translation error detection.
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Figure 10: Verification evaluation efficiency of PV. Values of optimal )\; are reported, where [ € [0, L + 1]. Dataset:
BBH. Tasks (up to down): causal judgment, disambiguation QA, Dyck languages, formal fallacies syllogisms
negation, hyperbaton, logical deduction five objects, reasoning about colored objects, and salient translation error
detection.
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