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Abstract

Prompt ambiguity is a common source of fail-
ure in large language models, but is difficult to
localize because it is a latent property of the
prompt, while existing attribution methods are
designed to explain observable outputs such as
logits or generated tokens. We introduce PRIG,
a gradient attribution method that uses a probe
logit to attribute latent properties to token posi-
tions. Specifically, PRIG trains a linear probe
to distinguish clear prompts from ambiguous
prompts and attributes the probe score to earlier
token representations in the residual stream. To
enable token-level evaluation, we construct syn-
thetic ambiguity datasets across coding, math,
and writing by rewriting one task-critical sen-
tence per prompt, and complement them with
a human-written gold benchmark. In this set-
ting, PRIG localizes ambiguous spans substan-
tially better than gradient attribution baselines,
achieving 0.840 AUROC on the combined syn-
thetic benchmark. It also outperforms GPT-
5.4 on sentence-level ambiguity identification
and retains useful signal out-of-domain. More
broadly, these results show that latent prompt
properties can be localized through intermedi-
ate representations, rather than through output-
level attribution. Code is available here.

1 Introduction

Large language models (LLMs) are increasingly
used in settings where they must follow complex
natural language instructions, including question
answering, coding generation, and open-ended task
execution. LLM failures are often discussed as
products of incorrect reasoning, planning, or fac-
tual recall, but many stem from ambiguity in the
prompt rather than from a deficiency in reasoning
or knowledge (Min et al., 2020; Stelmakh et al.,
2022). Prior work has shown that ambiguous ques-
tions are common in real-world settings and that a
meaningful fraction of downstream errors can be
traced to ambiguity in the input itself rather than

to missing model competence (Min et al., 2020;
Trienes and Balog, 2019; Stelmakh et al., 2022).
This ambiguity can take several forms: a prompt
may omit or underspecify constraints, contain mul-
tiple plausible semantic readings, or rely on vague
or incomplete references (Yang et al., 2025). Re-
sulting failures are especially consequential in do-
mains where even small specification gaps matter,
such as coding, mathematical problem solving, and
writing tasks (Yang et al., 2025). In these settings,
an LLM may respond confidently while having in-
ferred the wrong task altogether, making ambiguity
not only a usability problem, but also a reliability
and trust problem, since models may hallucinate
plausible but incorrect task assumptions (Ji et al.,
2023).

Recent work has explored clarifying-question
generation, selective abstention, ambiguity bench-
marks, and structure disambiguation, showing that
even frontier LLMs struggle to resolve ambigu-
ous instructions reliably on their own (Kuhn et al.,
2022; Krasheninnikov et al., 2022; Cole et al.,
2023; Mu et al., 2024; Saparina and Lapata, 2025).
Thus, understanding where ambiguity originates
in the prompt is essential for debugging prompts,
improving alignment, and building robust systems.
However, existing attribution methods are primarily
designed to explain model outputs rather than latent
properties of the input itself (Sundararajan et al.,
2017; Shrikumar et al., 2017; Abnar and Zuidema,
2020). Ambiguity presents a difficult attribution
target for perturbation-based and activation patch-
ing methods, since underspecification is often not
locally removable. That is, deleting an influen-
tial span may leave the prompt equally or more
ambiguous instead of producing a clean counterfac-
tual. Attention-based methods are also insufficient,
since attention weights reflect where the model
looks rather than which tokens causally determine
behavior (Jain and Wallace, 2019). Meanwhile,
input-level gradient attribution in deep autoregres-
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Figure 1: Our contributions include: synthetic data generation of ambiguous prompts from coding, writing, and math
datasets; training of ambiguity probe to separate clear and ambiguous prompts; probe-based gradient attribution of

tokens for ambiguity.

sive transformers can diffuse across long contexts
and highly nonlinear token interactions (Hooker
et al., 2019; Zhao and Shan, 2024).

We approach prompt ambiguity as a latent prop-
erty, rather than an output phenomenon, to identify
which tokens contribute to an internal ambiguity
signal. Internal LLM representations encode rich
semantic information, and have been used to iden-
tify simple forms of ambiguity (Zhang et al., 2025b;
Skean et al., 2025; Alain and Bengio, 2017). In
this work, we train linear probes to distinguish
clear prompts from ambiguous prompts using hid-
den representations, interpret the probe output as a
scalar ambiguity score, and then attribute that score
back to token positions, effectively reframing the
task as feature-level attribution.

To make this possible, we construct synthetic
ambiguity datasets spanning coding, math, and
writing. For each prompt, exactly one task-critical
sentence is rewritten to make the prompt unclear
while preserving topic and overall form. This gives
us both a supervision signal for probe training and
a token-level target region for attribution evalua-
tion. We then propose a residual-space attribution
method that applies integrated gradients over inter-
mediate hidden states rather than over input token
embeddings. By restricting attribution to a local
span of layers and using the probe logit as the tar-
get, the method is designed to capture how earlier
token representations contribute to a downstream

ambiguity feature while mitigating issues with dif-
fusion observed with full input attribution. The key
contributions of this work are:

* We introduce a problem class of feature-level
token attribution for a latent prompt property,
specifically for identifying ambiguity.

* We construct synthetic task-level ambiguity
datasets across coding, math, and writing that
support direct token-level evaluation.

* We propose a probe-targeted residual inte-
grated gradients method for attributing a
probe-defined ambiguity signal to token posi-
tions through intermediate hidden states.

* We show that this approach localizes ambigu-
ous regions accurately, transfers across do-
mains, and improves substantially over stan-
dard gradient-based token attribution base-
lines.

2 Problem Setup

Let a prompt be represented as a token sequence
x = (1, ...,xy,). For a transformer with L layers,
let hf € R? denote the residual stream represen-
tation of token position ¢ after layer /. We are
interested in ambiguity as a latent property of the
prompt at input, not as a property of any particular
generated continuation.

44775



We assume that ambiguity is at least partially
linearly decodable from internal representations.
Thus, for each layer ¢, we train a logistic regression
probe on the residual activations h¢. We collapse
h! across the sequence length dimension, either by
taking the last token h’, or taking the mean across
tokens to get probe Fy:

Zh Fy(z

where w, € R?is the probe weight vector at layer /.
In this current setup the probe is trained without an
intercept, so the scalar Fy(z) is exactly the probe
logit before the logistic nonlinearity.

This gives us a differentiable ambiguity func-
tional:

) =w, hf(z), (1)

F@)= S (e i), @

=1

The attribution objective is then to assign a score
a; to each token position, where a; measures how
much position ¢ contributes to Fy(x).

This setup is different from standard token at-
tribution in that we do not attribute an output
logit to input embeddings. Here, we attribute a
probe-based internal feature to token representa-
tions. Therefore, our problem is feature-level attri-
bution in representation space.

3 Method
3.1 Background

Gradient-based attribution methods estimate how
sensitive a scalar target is to small changes in the in-
put or in an internal representation. Saliency maps
and Gradient x Input are computationally efficient,
but their reliance on local first-order information
makes them sensitive to saturation, sharp nonlin-
earities, and local instabilities in deep networks
(Shrikumar et al., 2017; Hooker et al., 2019). In-
tegrated Gradients (IG) was introduced to address
these issues by integrating gradients along a path
from a baseline z’ to the input z (Sundararajan
etal., 2017):

) da. (3)

/ i [POF( +a(x—a
1Gi(z;2") = (mi — xl)/(; 0z

IG satisfies sensitivity and implementation in-
variance in the standard setting and is typically
more stable than raw gradients (Sundararajan et al.,

2017). However, applying IG directly in embed-
ding space still has issues due to choice of baseline,
interpolation paths traversing regions that do not
correspond to valid tokens, and attribution diffusing
across long contexts or many weakly relevant po-
sitions (Kapishnikov et al., 2021; Goh et al., 2021;
Mersha and Kalita, 2026). These concerns have
motivated both smoothing variants and layer-wise
extensions of IG in transformer models (Goh et al.,
2021; Mersha and Kalita, 2026).

3.2 Probe-Targeted Residual Integrated
Gradients

Our method consists of three coupled components:
tokenwise probe score at layer ¢, integrated gra-
dients over a truncated residual-stream subgraph
from layer m to layer ¢, and a Gaussian smoothing
step applied to the resulting token scores.

Standard probing mean-pools the token repre-
sentations and then applies the probe weight vector
as seen in Equation 1. For classification, this is
sufficient. For attribution, however, we derive a
feature logit at layer £ as:

=13 Z we, b @)

an aggregation of a tokenwise dot-product. This
operates under the assumption that a probe learns a
particular direction in representation space, so the
dot-product with each token representation quanti-
fies how much the token represents that direction.
Because the probe is linear, Equations 1 and 4 are
numerically equivalent when residual activations
Rt are mean-pooled, but would not be equivalent if
the probe is trained on the last token representation,
R,

Let ¢ be the layer at which the ambiguity probe
is evaluated, and let m < ¢ be the layer at which
attribution is performed. Write

[hT' (), ...

for the matrix of residual representations at layer
m. Define the residual-space function

R™(z) = Ch(x)] e R4 (5)

Gem(R) = Fo(fem(R)), (6)
where fy.,,, denotes the forward computation from
layer m to layer /. Intuitively, Gy, treats the resid-
ual stream at layer m as the input and the probe
logit at layer £ as the scalar output.
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We use a zero baseline in residual space. For
interpolation parameter v € [0, 1], the path is

R™ = aR™(z). )

Integrated gradients on this path yield a dimension-
wise attribution

1 m
AT (@) = B () / W da,  (®)
0 i,

where £ is dimension j of token position ¢ at
layer m. In practice, we approximate the integral
with a Riemann sum over 50 points. The final score
per-token is obtained by summing over residual
dimensions:

d

af™ (@) =y AT (). )

j=1

Instead of propagating attribution through the full
path of embeddings to feature logit, we restrict
the backward graph to the layers that immediately
precede the probe layer. We treat the sequence po-
sitions of h,, as equivalent to the token positions
of the input. This is done under the intuition that,
in transformer computation, each token position
retains a corresponding residual-stream vector, and
successive attention and MLP blocks update that
vector while preserving positional alignment in the
sequence. Although the representation at a posi-
tion gradually incorporates contextual information
from other tokens, the residual stream remains in-
dexed by token position throughout the network.
We therefore treat mid-layer residual states as con-
textual token representations that remain meaning-
fully aligned to token positions in the original se-
quence. Now, we are analyzing how residual states
at token positions in layer m contribute to the am-
biguity feature decoded at layer £. For our problem,
this helps reduce the diffusion that often appears
in full input-space attribution for long transformer
contexts.

Raw token-level attribution scores can still be
noisy because subword tokenization can split se-
mantically coherent phrases and because local gra-
dient estimates may vary sharply across neighbor-
ing positions. To reduce these artifacts, we smooth
the raw token scores with a one-dimensional Gaus-
sian kernel:

i =Y Ko(i—j)aj, (10)
j=1

where K, is a discrete Gaussian kernel. In all re-
ported experiments, we use ¢ = 3. Furthermore,
since we are evaluating the more complex task-
level ambiguity rather than word-level ambiguity,
isolated token spikes are rarely the meaningful ob-
ject of interest; that is, task-level ambiguity more
often occurs when a small set of nearby tokens
jointly obscures the underlying task.

We refer to this full procedure as PRIG. The
method is probe-targeted as defined in the objective
in Equation 4, and it is residual because attribution
is performed on residual stream states rather than
input embeddings.

Truncating attribution to a residual-space sub-
graph changes the axioms expected from Integrated
Gradients. The global completeness guarantee of
IG no longer applies with respect to the original
embedding-to-feature computation. In that sense,
PRIG gives up global completeness in exchange for
a more local view of how ambiguity is assembled
between layers m and /.

4 Data Construction

Our intended target for dataset construction is to
produce LLM prompts which contain task-level
ambiguity. We define this as a prompt where the
intended task is no longer sufficiently specified for
reliable completion. Under this operational defi-
nition, traits such as underspecification, vague ref-
erences, missing constraints, and others are valid
definitions of ambiguity if they make the underly-
ing task unclear to the LLM.

4.1 Base datasets

We study three domains in which prompt ambiguity
is common but semantically different:

* Coding: LeetCodeDataset (Xia et al., 2025)

* Math: MATH Dataset (Hendrycks et al.,
2021)
* Writing:  PromptTensor Prompt Bank

(PromptTensor, 2026)

We consider the prompts from the coding and
math datasets to be well-specified under the oper-
ational definition of task-level ambiguity. Writing
is inherently less rigid under this definition, but
the dataset selected contains prompts grounded in
concrete tasks that specify constraints.
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4.2 Dataset Processing
Processing for each dataset:

* Coding: we keep only problems labeled hard
difficulty with at least five sentences and re-
move any examples from the prompts.

* Math: we keep only problems with at least
four sentences and discard prompts containing
drawings.

* Writing: we keep only prompts with intent
labels planning or generation with at least
four sentences and remove near-duplicates
that have the same instructions.

After filtering, the coding, math, and writing
datasets have 501, 357, and 385 prompts respec-
tively, with 25% of each dataset held-out for use in
evaluating probes and PRIG.

Synthetic ambiguity generation For each
prompt, we generate exactly one ambiguous coun-
terpart by instructing GPT-5.4 (gpt-5.4-2026-03-
05) to rewrite a sentence such that the underly-
ing task of the prompt becomes unclear (see Ap-
pendix A). This construction creates a binary clas-
sification signal for probe training, with original
prompts labeled as clear and rewritten prompts la-
beled as ambiguous. Furthermore, since one sen-
tence is rewritten to contain the ambiguity, each
prompt has a token-span target for evaluation.

Ground-truth labeling Each ambiguous prompt
is paired with a binary token mask. Tokens that
fall inside the rewritten ambiguous sentence are
labeled positive, and all other tokens are labeled
negative. The evaluation task is therefore to recover
the ambiguous sentence as a token-level positive
region from continuous attribution scores.

4.3 Gold Dataset

In addition to the synthetic data, we construct a
human-written gold set of 60 ambiguous prompts,
with 20 from each domain. The math problems
in the gold set come from AIME exams and the
coding problems come from BigCodeBench (Zhuo
et al., 2024). Thus, for coding and math, the gold
set is different in that it is not synthetically gener-
ated and comes from different datasets within the
same topic. This set is used only for evaluation,
and provides a preliminary signal on whether the
method transfers beyond the exact GPT-generated
perturbation distribution used to create the syn-
thetic training data.
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Figure 2: Probe performance over layers for probes
trained on the coding, math, writing, and combined
datasets.

S Experiments and Results

5.1 Experimental Setup

All experiments use Llama-3.1-8B-Instruct
(Dubey et al., 2024) unless otherwise specified.
The chat template is applied to each prompt, with
a generation prompt, to replicate how prompts are
processed by an LLM. For evaluation, metrics are
calculated on the tokens corresponding to the origi-
nal prompt without the chat template.

Probe Quality We extract residual stream rep-
resentations at every layer and train a separate lo-
gistic regression probe at each layer using mean-
pooled residual states. Implementation details are
provided in Appendix C. Figure 2 plots probe ac-
curacy over layers when trained on each of the
coding, math, writing, and combined datasets.
We observe that accuracy rises sharply over the
first 5-6 layers, peaks around layer 15, and then
plateaus or decreases slightly. This suggests that
ambiguity becomes progressively more linearly ac-
cessible through the middle of the network and
remains relatively stably represented in later lay-
ers.

PRIG Configuration Each attribution method
requires a probe layer ¢, and PRIG additionally
requires an attribution layer m, as described in
Section 3.2. For each domain, we select the at-
tribution layer or interval from a set of candidate
values using training-set performance, to be used
for downstream evaluation. Appendix D reports
the results of varying the attribution layer choices
and Gaussian smoothing o. We also report perfor-
mance when using a fixed layer interval based on
the highest probe accuracy.
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Method Coding Math Writing Combined Gold

PRIG 0.92210.876 0.81310.720 0.87610.867 0.84010.774 0.86310.810
GradxInput 0.60210.382 0.64310.404 0.54410.409 0.62910.433 0.69610.514
IG 0.39510.169 0.42210.196 0.70110.557 0.45110.250 0.54610.312

Table 1: Attribution results using a probe trained on each dataset and evaluated on in-domain ambiguous prompts.

Each entry reports AUROC | AUPRG.

Metrics On ambiguous prompts, the target span
is the single rewritten sentence, so evaluation re-
duces to a token-level ranking problem: tokens in-
side the ambiguous sentence should receive higher
scores than tokens outside it. We report Area Under
the Receiver Operating Characteristic curve (AU-
ROC) and Area Under the Precision-Recall Gain
curve (AUPRG).

AUROC measures the probability that a ran-
domly chosen positive token is ranked above a
randomly chosen negative token. In this setting,
it captures whether the attribution map broadly
separates the ambiguous span from the rest of the
prompt. AUPRG is also reported since only one
sentence in each prompt is ambiguous, and there-
fore the positive class is a small fraction of the total
sequence, making the task imbalanced. Precision-
Recall Gain (Flach and Kull, 2015) adjusts for the
base rate of the positive class, which makes perfor-
mance above random interpretable and comparable
across prompt samples with different amounts of
ambiguous tokens.

5.2 Baselines

We compare PRIG against three baselines:

Gradient x Input from the probe logit. We com-
pute the gradient of the probe logit with respect to
input embeddings and multiply by the embeddings.
This is the most direct embedding-space baseline
for the same probe target.

Integrated Gradients from the probe logit. We
compute standard Integrated Gradients from a base-
line in embedding space to the actual prompt em-
beddings, using the probe logit as the scalar target.
We compute IG using 50 steps.

LLM sentence selection. We use GPT-5.4 as a
zero-shot sentence-level baseline. It is prompted
to identify the ambiguous sentence if one exists, or
return None if no sentence in the prompt is ambigu-
ous.

5.3 Results

Prompt Ambiguity Localization For each do-
main in the dataset, we evaluate PRIG using a probe
trained on that domain’s training set against its held-
out set. This experiment measures how well PRIG
can localize ambiguity to the ground-truth sentence
span. Table 1 shows that PRIG substantially out-
performs both gradient attribution baselines on all
three domains. These results align with the hy-
pothesis that the sequence positions of a residual
state can represent the original tokens in the same
position for the purposes of attribution, and that
attributing to residual-space provides better local-
ization than embedding-space.

In addition to the single-domain probes, a
combined probe trained on the union of the
coding, math, and writing synthetic datasets per-
forms strongly on the combined evaluation set.

Synthetic Ambiguity Control We construct a
control dataset to evaluate whether PRIG local-
izes artifacts created by synthetically generating
ambiguity with GPT-5.4 instead of latent ambiguity
in the prompts. For each prompt in the combined
test set, we use GPT-5.4 to rewrite the same
task-critical sentence targeted by our ambiguity-
generation procedure while preserving the clarity
and task specification of the prompt (Appendix A).
We retain the rewritten sentence as the evaluation
span and test whether PRIG assigns it high attri-
bution despite the absence of introduced ambigu-
ity. Performance decreases from 0.840 AUROC
and 0.774 AUPRG on the ambiguous combined
set to 0.538 AUROC and 0.316 AUPRG on the
clear-rewrite control set. This substantial decrease
provides evidence that PRIG is not merely localiz-
ing sentences based on the synthetic rewrite style
of GPT-5.4.

Human-Written Gold Set We evaluate PRIG
on the gold set to measure generalization beyond
synthetic rewrites, using the combined probe. As
shown in Table 1, the probe achieves 0.863 AU-
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Figure 3: Token attribution maps for a prompt from the human-written gold set. Darker red indicates higher
attribution, and the bold underlined text marks the ambiguous span.

ROC and 0.810 AUPRG, with bootstrap 95% Cls
of (0.834,0.891) and (0.753,0.861), respectively.
Given the gold set is 60 samples, we interpret these
results as preliminary evidence of generalization to
latent ambiguity, not just the training distribution.

Figure 3 compares token attribution maps on
an ambiguous prompt from the gold set for each
gradient attribution method. The bold underlined
span marks the ambiguous sentence.

Cross-Model Validation We evaluate PRIG’s
performance on models of different family
and scale than Llama-3.1-8B-Instruct, namely
Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct
(Qwen et al., 2025). We use the combined dataset
for this experiment and evaluate all attribution
methods using the same protocol. We find prompt
ambiguity remains linearly decodable across mod-
els: peak probe accuracy is 0.88 for Qwen2.5-3B-
Instruct, 0.90 for Qwen2.5-7B-Instruct, and 0.88
for Llama-3.1-8B-Instruct. As shown in Table 2,
PRIG outperforms both gradient attribution base-
lines on all models. These results suggest that
PRIG can be effective across models.

Model PRIG Grad xInput 1G

Llama-3.1-8B 0.84010.774 0.62910.433 0.45110.250
Qwen2.5-7B  0.81810.704 0.53310.298 0.47910.255
Qwen2.5-3B 0.74210.600 0.48910.174 0.46410.115

Table 2: Attribution performance across model families
and sizes on the combined dataset. Each entry reports
AUROC | AUPRG.

Evaluation Domain

Probe Domain  Coding Math Writing

Coding 0.9210.88 0.7610.63 0.8610.80
Math 0.8810.82 0.8110.72 0.8110.75
Writing 0.8310.67 0.6910.48 0.8810.87

Table 3: Cross-domain attribution results for PRIG.
Rows indicate the domain used to train the probe, and
columns indicate the evaluation domain for attribution.
Each entry reports AUROC | AUPRG.

Cross-Domain Generalization Cross-domain
experiments test whether the ambiguity feature rep-
resented by the probes can generalize beyond the
task it was trained on to attribute ambiguity for
other tasks. We train probes on one domain and
apply PRIG to the other domains. High out-of-
domain performance would suggest that the probe
is detecting a shared ambiguity direction rather
than memorizing domain-specific surface patterns.

The results in Table 3 show that out-of-domain
performance remains strong overall. The average
in-domain performance across the three domains is
0.870 AUROC and 0.821 AUPRG; average out-of-
domain performance decreases to 0.805 AUROC
and 0.688 AUPRG. Performance degrades out of
domain, which is expected given the differences be-
tween coding, math, and writing prompts. Even so,
the off-diagonal results remain far above random
performance and the baselines in Table 1.
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Method F1 Precision Recall
PRIG 0.734 £ 0.04 0.808 & 0.03 0.675 £ 0.06
GPT-5.4 0.587 0.537 0.647
Few-Shot GPT 0.714 0.678 0.754

Table 4: Sentence-level ambiguity identification on the
held-out combined dataset for PRIG and GPT-5.4 with
and without few-shot prompting. Reported PRIG values
are mean + standard deviation over the 5-fold cross-
validation used to select the abstention threshold.

Sentence Attribution Against GPT Baseline
To compare PRIG against GPT-5.4, we define a
sentence-level ambiguity identification task. Each
prompt is either a positive example, containing
exactly one ambiguous sentence, or a negative ex-
ample, containing no ambiguous sentence. For
negative examples, the ground truth label is None;
a prediction is correct if and only if the model re-
turns None. For positive examples, the ground truth
label is the unique ambiguous sentence; a predic-
tion is correct if and only if the model returns that
sentence. Predicting None on a positive example,
or predicting the wrong sentence, is counted as
incorrect.

GPT-5.4 is evaluated on this setup to either iden-
tify the ambiguous sentence or return None (see
Appendix B). For PRIG, however, the raw out-
put is a token-level attribution map. We therefore
aggregate token scores within each sentence by
taking the mean attribution over the sentence’s to-
kens. The predicted sentence is the one with the
highest aggregated score. To allow the attribution
model to abstain on clear prompts, we introduce
a threshold 7: if the highest-scoring sentence has
score below 7, the prediction is changed to None.
We select 7 by 5-fold cross validation on the held-
out combined dataset, which contains 305 ambigu-
ous prompts and 305 clear prompts, and report the
mean and standard deviation of F1, precision, and
recall across folds in Table 4.

PRIG outperforms GPT-5.4 on all three aggre-
gate metrics. We also provide a stronger setup for
GPT-5.4 using few-shot examples and a more elab-
orate prompt as seen in Appendix B. Even with this
stronger prompting, PRIG achieves higher preci-
sion while also improving F1, indicating that the
attribution-based decision rule is substantially less
likely to hallucinate ambiguity on clear prompts
while losing some performance in recall.

The specified version of the combined dataset

provides a token-level check on false positives. In
this evaluation, the mask marks the sentence that
would have been rewritten if the specified prompt
had been turned into an ambiguous one. Low
scores suggest that when the prompt is fully speci-
fied, PRIG does not spuriously attribute ambiguity
on that sentence. Using the combined probe, PRIG
produces near-random attribution scores of 0.452
AUROC and 0.195 AUPRG on fully-specified
prompts. These results suggest that PRIG is better
calibrated than GPT-5.4 to not predict ambiguity
when no ambiguous sentence is present.

6 Related Work

Prompt Ambiguity Studies on ambiguity in
LLM prompts cover clarifying-question generation,
selective abstention, ambiguity benchmarks, and
controlled tests of alternative semantic readings
(Kuhn et al., 2022; Krasheninnikov et al., 2022;
Cole et al., 2023; Mu et al., 2024; Saparina and
Lapata, 2025). A prompt may be underspecified
because it omits a necessary constraint, multiple
semantic interpretations exist, or key references
are too vague (Yang et al., 2025). Recent work
shows that even strong models can be highly sen-
sitive to such underspecification, with substantial
changes in behavior under small rephrasings or
missing pieces of task information (Kamath et al.,
2024; Saparina and Lapata, 2024).

Token Attribution Methods for token attribu-
tion in neural networks are commonly divided into
perturbation-based, gradient-based, and attention-
based methods (Ribeiro et al., 2016; Lundberg and
Lee, 2017; Abnar and Zuidema, 2020; Jain and
Wallace, 2019; Zhao and Shan, 2024). Perturbation
methods estimate importance by observing how
model behavior changes when tokens are masked,
deleted, or replaced, but struggle in discrete text
domains (Lundberg and Lee, 2017; Zhao and Shan,
2024; Xiao et al., 2025). Related intervention-
based methods in mechanistic interpretability, such
as activation patching and attribution patching, at-
tempt to localize behavior by swapping internal
activations between runs (Kramar et al., 2024,
Rezaei Jafari et al., 2025). These methods ben-
efit from a clean contrast between a feature-present
and a feature-absent execution. Attention-based
attributions trace which tokens attend to others.
Early approaches treated raw attention as an ex-
planation signal, while later work introduced at-
tention rollout, attention flow, and more elaborate
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graph-based schemes to track information trans-
port through many layers (Abnar and Zuidema,
2020; Azarkhalili and Libbrecht, 2025; Qiang et al.,
2022). Findings suggest that attention weights are
not equivalent to causal importance after informa-
tion has mixed through residual connections and
MLP blocks (Jain and Wallace, 2019; Abnar and
Zuidema, 2020).

Linear Probing and Latent Representations
Feature probing identifies what information has
become linearly accessible inside the model. Lin-
ear probes were introduced as layer-wise diagnostic
tools for intermediate representations (Alain and
Bengio, 2017) and later became a standard method
for studying language-model structure. Probing
shows that hidden states can encode syntactic re-
lations, hierarchical structure, and other abstract
linguistic properties (Hewitt and Manning, 2019;
Diego-Simén et al., 2025). More recent work
has extended probing to epistemic and behavioral
states, including answerability, confidence, calibra-
tion, and hallucination (Moreno Cencerrado et al.,
2025; Berkowitz et al., 2025; Wang et al., 2026;
Brink et al., 2026; Zhang et al., 2025a).

7 Conclusion

We introduce PRIG, a method for localizing prompt
ambiguity in large language models by attributing a
probe-based feature through a local residual-stream
subgraph. Across coding, math, and writing tasks,
PRIG consistently outperforms other gradient attri-
bution baselines and performs better sentence-level
ambiguity identification than GPT-5.4. These re-
sults suggest that latent features in prompts, such as
ambiguity, can be attributed to input tokens through
probe-targeted representation-space attribution.

Limitations

PRIG assumes prompt ambiguity is linearly de-
codable from internal LLM representations. Al-
though probe performance supports this in our ex-
periments, we do not evaluate whether the same
attribution setup transfers to other latent properties.

We define the ground-truth ambiguity span as
the single rewritten sentence, but ambiguity may
depend on broader context and may be less cleanly
localized in real-world prompts. Future work could
study whether ambiguity localization improves
prompt repair and downstream model performance.

The gold set currently provides a preliminary
check beyond the synthetic rewrite distribution, but

its size does not support broader generalization
claims. Developing a larger benchmark with mul-
tiple annotators and explicit ambiguity categories
remains future work.

PRIG is also sensitive to probing and attribution
layer selection. Performance differences across
layer choices are reported in Appendix D.
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A Synthetic Ambiguity Generation
Prompts

The synthetic rewrite prompt used in dataset
construction is:

Ambiguity Synthetic Data Generation Prompt

You are given a {domain} prompt consisting of multiple sentences.
Your task has two steps:

1. Identify the sentence in the prompt that is most critical to understanding what the {
domain} question is asking. This should be the sentence whose removal or corruption
would most severely impair comprehension of the task.

2. For this sentence, produce an **obscured version*x that obfuscates the underlying meaning
such that, if substituted back into the prompt, the overall meaning of the problem would
become unclear. You must obscure the sentence enough that the {domain} problem is no
longer understandable logically if substituted in. An LLM should not respond to the
modified prompt because of how unclear it is.

Note: **DO NOT** only create ambiguity through scope ambiguous vocabulary/quantifiers (words
like "maybe", "sometimes"”, "vaguely” or "random”) or words synonymous with 'vague' (
words like "mystery”, "random”, "something”, "however"”, "any", "may”, "specified”) for
the obfuscation. Instead, consider using techniques like adding random information,
deleting key information, and replacing words. Just make sure the meaning is obfuscated
enough that the whole prompt becomes unclear and unanswerable.

HHHH
Here are examples of good obfuscations:

{examples}

NOTES:

- The changed sentence still has a similar meaning as the original, but is more vague.

- The changed sentence would make the overall prompt unclear if substituted in.

- Every part of the changed sentence is more vague than the original, so the whole new
sentence is ambiguous.

- The changed sentence should be unclear on its own.

HiHHHH
Output Instructions:

You must output x*only** the following JSON-like object, with no extra text before or after:

{

**original sentencex*: **obscured versionxx,

}

Important constraints:

- Choose only 1 sentence to obfuscate that would most impair comprehension of the task if
changed.

- The obscured version should not be longer than the original sentence.

- The key must be an exact sentence copied verbatim from the prompt.

- The value must be a changed version of only that sentence.

- Do not paraphrase the original text in the keys.

- Do not include explanations, bullet points, or formatting outside the schema.

Here is the {domain} prompt:
"{prompt}”
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Synthetic Data Generation Prompt (Clear/Control)

You are given a prompt consisting of multiple sentences and a specific sentence within that
prompt.

Your task is to rewrite this specific sentence in your own writing style or word choice,
while preserving the original meaning of the full prompt. If substituted back into the
prompt, the underlying task or clarity of the prompt should not be impaired. Under no
circumstances should you change the meaning of the prompt or add new information. You
should only rewrite the specific sentence that is provided to you.

HHHHH

Output Instructions:

You must output **only*x your rewritten sentence, with no extra text before or after.
Important constraints:

- The rewritten version should not try to replicate the style of the original sentence.
- The rewritten version should not be noticeably longer than the original sentence.

- Return only your changed version of only that sentence.

- Do not include explanations, bullet points, or formatting outside the schema.

- Try to change the sentence structure, word choice, and phrasing as much as possible while
staying within the constraints.

Here is the prompt:

"{prompt}”

Here is the sentence to rewrite:
{sentence}

H#iHHH

Ambiguity prompt: the placeholder {domain}
is populated with the domain of the prompt,
{example_string} is populated with a concate-
nated block of the gold set examples for the do-
main, and {prompt} is populated with the clear
prompt.

Control prompt: the placeholder {prompt} is pop-
ulated with the clear prompt and sentence is pop-
ulated with the sentence rewritten as ambiguous
during the process above.

Dataset usage: The synthetic dataset is de-
rived from LeetCodeDataset (Apache 2.0), MATH
(MIT), PromptTensor Prompt Bank (CC BY 4.0),
and BigCodeBench (Apache 2.0), while AIME
problems remain copyrighted by the Mathemati-
cal Association of America and are included solely
under fair use for non-commercial academic eval-
uation consistent with their intended benchmark
usage.
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B GPT-5.4 Ambiguity Sentence-Selection
Prompt

The GPT-5.4 baselines for sentence-level ambigu-
ity identification used the following prompts:

GPT Sentence-Level Ambiguity Identification Prompt

You are given a prompt below. Your task is to identify which part of the prompt, if any, is
ambiguous.
HHHHH

Output Instructions:

- You must output **onlyx*x the sentence that you have identified as ambiguous, or "NONE"” if
there is no ambiguous sentence.

- If a sentence is chosen, it must be copied verbatim from the prompt.

- Do not include explanations, bullet points, or other formatting.

Here is the prompt to analyze:
"{prompt}"”

Few-Shot GPT Sentence-Level Ambiguity Identification Prompt

You are given a prompt below. Identify whether any single sentence is the main source of task-
level ambiguity.

Task-level ambiguity means the intended task is unclear or insufficiently specified for a
language model. This can happen because of missing constraints, vague references, unclear
requirements, or wording that allows multiple plausible interpretations.

H#itHH

Examples:
{examples}

OQutput Instructions:

- You must output **only** the sentence that you have identified as ambiguous, or "NONE" if
there is no ambiguous sentence.

- If a sentence is chosen, it must be copied verbatim from the prompt.

- Do not include explanations, bullet points, or other formatting.

Here is the prompt to analyze:
"{prompt}"
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C Probe Training Details

Questions are first wrapped with the Llama-
3.1-Instruct chat template before activations are
extracted. The text prompt is formatted as:

Llama-3.1-Instruct Prompt Template

<|begin_of_text|><|start_header_id|>system<|end_header_id|>
<|eot_id|><|start_header_id|>user<|end_header_id|>

{prompt}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Generating Activations We load
meta-llama/Llama-3.1-8B-Instruct through
TransformerLens and cache hook_resid_post
activations at every layer. We use the same
procedure for Qwen/Qwen2.5-3B-Instruct and
Qwen/Qwen2.5-7B-Instruct.

Train/Test Split For each layer, probe train-
ing uses a stratified random 75/25 split via
train_test_split(X, vy, test_size=0.25,
stratify=y). To prevent contamination, a
prompt’s original and ambiguous versions cannot
both be in the dataset, and attribution experiments
are run only on the same held-out prompts.

Probe Model At every layer we train an indepen-
dent binary logistic-regression probe with

sklearn.linear_model.LogisticRegression(max_iter
=5000, fit_intercept=False)

Under the standard scikit-learn defaults used by
this constructor, the model uses L2 regularization
with C=1.0, dual=False, tolerance 1e-4, and the
1bfgs optimizer unless a different solver is spec-
ified. For binary labels, the fitted classifier learns
a single coefficient vector coef_ of shape (1, d)
and, because fit_intercept=False, the intercept
is fixed to zero.
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D Attribution Ablation Results All experiments were conducted using an NVIDIA
A40 GPU, with each layer/interval evaluation on

Thi ix sh h Its of attributi . .
is appendix shows the results of attributions one dataset taking ~15 minutes, or 3 seconds per

when changing probe layers/intervals and the

le.
Gaussian smoothing kernel size o. All values are sampe
mean held-out performance, reported as AUROC |
AUPRG.
The following table shows PRIG attribution results
across a set of layer intervals for the coding, math,
and writing probes. Interval (13,15) is the re-
gion with the highest probe accuracy, and therefore
would be selected if using a fixed interval rather
than calibrating on the training set.
Interval (m, ¢) Coding Math Writing
(8,10) 0.75110.577 0.67910.508 0.47710.301
(8,12) 0.84610.766 0.81310.691 0.59010.492
(10,12) 0.78410.598 0.76210.614 0.82810.669
(12,14) 0.90910.838 0.71410.518 0.86110.842
13,15) 0.90410.857 0.78110.653 0.87610.867
(12,16) 0.92210.876 0.70610.519 0.52910.514
(16, 20) 0.85110.671 0.80410.720 0.80410.748
(18,20) 0.84710.639 0.76710.628 0.64210.516
Gradient attribution baseline results across probe
layers, where rows correspond to the probe layer £
used for attribution:
Method Layer Coding Math Writing
12 0.39510.168 0.42210.195 0.69710.550
1G 14 0.39310.169 0.42010.196 0.70110.557
16 0.38810.168 0.41910.196 0.69710.547
12 0.60210.382 0.64310.404 0.53610.420
GradxInput 14 0.59310.341 0.63310.383 0.54410.409
16 0.57510.298 0.57410.303 0.55910.441
PRIG attribution results on the combined dataset
across Gaussian smoothing kernel size o
Gaussian Smoothing Kernel o 0 1 2 3 4 5

AUROC
AUPRG

0.718 0.774 0.809 0.840 0.854 0.864

0.630 0.712 0.751 0.774 0.783 0.792
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E Additional Qualitative Examples

The following heatmaps show two additional
examples from the gold set, specifically from the

math and coding domains.

Math Example:

Gradient x Input

Integrated Gradients

PRIG

Coding Example:

Gradient x Input

Integrated Gradients

PRIG

There are two people that bike at similar pace, and one which does not
change over time. Similarly, they jog at equal and constant rates, and
they swim at equal and constant rates. Ed covers $74$ kilometers after
biking for $28F , jogging for $3$ hours, and swimming forl$4$NRGUrS,
while Sue covers $91$ kilometers after jogging for[$2$ hours, swimming forl
$38 hours, and biking for $4$ hours. Their biking, jogging, and swimming
rates are all whole numbers of kilometers per hour. Find the sum of the
squares of Ed's biking, jogging, and swimming rates.

There are two people that bike at similaripacejland one which does not
change over time. Similarly, they jog at equal andl constantlifatesy and
they swim at equal and constant rates. Ed covers $74$ kilometers after
biking for $2$ hours, jogging for $3$ hours, and swimming for $4$ hours,
while Sue covers $91$% kilometers after jogging for $2$ hours, swimming for
$3$ hours, and biking for $4$ hours. Their biking, jogging, and swimming
rates are all whole numbers of kilometers per hour. Find the sum of the
squares of Ed's biking, jogging, and swimming rates.

There are two people that bike at similar pace, and one which does not
changelover time. Similarly,lthey jog at equal and constant rates, and
they swim at equal and constant rates. Ed covers $74$ kilometers after
biking for $2$ hours, jogging for $3$ hours, and swimming for $4$ hours,
while Sue covers $91$% kilometers after jogging for $2$ hours, swimming for
$3$ hours, and biking for $4$ hours. Their biking, jogging, and swimming
rates are all whole numbers of kilometers per hour. Find the sum of the
squares of Ed's biking, jogging, and swimming rates.

## Title: "RoomHEaderBUEEGASN can crash when thread notifications are
unsupported or when the ‘room® prop is missing.

When interacting with homeservers that don’t support thread notifications, the
component still attempts to access thread-related state and to open the
threads panel, which can trigger runtime errors._When a "room' object doesn't

relevant content which could result in functionality breaking.

The component should guard all thread-related accesses and actions when the
homeserver does not support thread notifications, avoiding any attempt to open
the threads panel in that scenario. It should also safely handle a missing
“room® prop. In both situations, rendering should complete without exceptions.

## Title:INROOMHEAUERBUTEONS" can crash when thread notifications are
unsupported or when the “room' prop is missing.

When interacting with homeservers that don’t support thread notifications, the
component still attempts to access thread-related state and to open the
threads panel, which can trigger runtime errors._When a "room' object doesn't

relevant content which could result in functionality breaking.

The component should guard all thread-related accesses and actions when the
homeserver does not support thread notifications, avoiding any attempt to open
the threads panel in that scenario. It should also safely handle a missing
“room’ prop. In both situations, rendering should complete without exceptions.

## Title: "RoomHeaderButtons® can crash when thread notifications are
unsupported or when the “room’ prop is missing.

When interacting with homeservers that don’t support thread notifications, the
component still attempts to access thread-related state and to open the
threads panel, which can trigger runtime errors._When a "room' object doesn't

have real values, the controlling_element does improper actions on the |

The component should guard all thread-related accesses and actions when the
homeserver does not support thread notifications, avoiding any attempt to open
the threads panel in that scenario. It should also safely handle a missing
“room’ prop. In both situations, rendering should complete without exceptions.
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F Human-Written Gold Set Prompts

The gold set contains 60 prompt pairs, consisting
of 20 prompts from each of the writing, math, and
coding domains. We provide 4 pairs from each
domain below, where the clear prompt is the origi-
nal version and the ambiguous prompt is the edited
version used for evaluation.

Writing Prompt 1

Clear Prompt

Design a six-month systematic review workflow for epigenetic trauma markers research. Outline
four distinct phases with specific deliverables, quality assessment protocols for included
studies, and heterogeneity evaluation criteria. Include timeline milestones, team role
assignments, and documentation standards for reproducibility across multidisciplinary
collaborators.

Ambiguous Prompt

Design a six-month systematic review workflow for epigenetic trauma markers research. Choose
an amount of time and split it up, where each has its own tasks, rules for ensuring high
scores, and points that quantify how different each is. Include timeline milestones, team role
assignments, and documentation standards for reproducibility across multidisciplinary
collaborators.

Writing Prompt 2

Clear Prompt

Develop a pre-registration protocol for a multi-site clinical trial on depression treatment.
Specify primary and secondary endpoints, stopping rules for efficacy and futility, analysis
plan including missing data handling, and data sharing commitments. Include power analysis and
sensitivity analyses.

Ambiguous Prompt

Make a guide for the duration before official registration that contains rules for testing
related to solving strong negative emotion across many official locations. Specify primary and
secondary endpoints, stopping rules for efficacy and futility, analysis plan including
missing data handling, and data sharing commitments. Include power analysis and sensitivity
analyses.

Writing Prompt 3

Clear Prompt

Critique an experimental design for confound vulnerability, demand characteristics, and
ecological validity threats. Identify double-blind failures, social desirability contamination
, and artificial task constraints. Suggest design modifications strengthening internal and
external validity. Provide the response as a bullet list with clear section headers.

Ambiguous Prompt

Critique an experimental design for confound vulnerability, demand characteristics, and
ecological validity threats. Identify double-blind failures, social desirability contamination
, and artificial task constraints. Suggest design modifications strengthening internal and
external validity. When creating the response, format the points separately and stacked, with
descriptions of similar points to group them.
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Writing Prompt 4

Clear Prompt

Synthesize a scoping review on decentralized autonomous organizations in governance contexts.
Map disciplinary contributions from political science, computer science, and organizational
theory. Identify definitional ambiguities, empirical evidence gaps, and normative assumptions
embedded in the literature.

Ambiguous Prompt

Write about existing content on topics of organizations that distribute authority
automatically, especially for official cases. Map disciplinary contributions from political
science, computer science, and organizational theory. Identify definitional ambiguities,
empirical evidence gaps, and normative assumptions embedded in the literature.

Math Prompt 1

Clear Prompt

Triangle $\triangle ABC$ lies in plane $\mathcal{P}$ with $AB=6%, $AC=4%, and $\angle BAC
=90*{\circ}$. Let $D$ be the reflection across $\overline{BC}$ of the centroid of $\triangle
ABC$. Four spheres, all on the same side of $\mathcal{P}$, have radii $1%, $2%, $3%, and $r$
and are tangent to $\mathcal{P}$ at points $A$, $B$, $C$, and $D$, respectively. The four
spheres are also each tangent to a second plane $\mathcal{T}$ and are all on the same side of
$\mathcal{T}$. The value of $r$ can be written as $\frac{m}{n}$, where $m$ and $n$ are
relatively prime positive integers. Find $m+n$.

Ambiguous Prompt

Triangle $\triangle ABC$ lies in plane $\mathcal{P}$ with $AB=6%, $AC=4%, and $\angle BAC
=90"{\circ}$. Let $D$ be the reflection across $\overline{BC}$ of the centroid of $\triangle
ABC$. The shapes are around the area of $\mathcal{P}$, have internal lengths of integer values
and are touching $\mathcal{P}$ at individual locations. The four spheres are also each
tangent to a second plane $\mathcal{T}$ and are all on the same side of $\mathcal{T}$. The
value of $r$ can be written as $\frac{m}{n}$, where $m$ and $n$ are relatively prime positive
integers. Find $m+n$.

Math Prompt 2

Clear Prompt

A standard fair six-sided die is rolled repeatedly. Each time the die reads 1 or 2, Alice gets
a coin; each time it reads 3 or 4, Bob gets a coin; and each time it reads 5 or 6, Carol gets
a coin. The probability that Alice and Bob each receive at least two coins before Carol

receives any coins can be written as $\tfrac mn,$ where $m$ and $n$ are relatively prime

positive integers. Find $100m+n.$

Ambiguous Prompt

A standard fair six-sided die is rolled repeatedly. When the die has a number related to Alice
, she is rewarded and similarly, Bob and Carol get rewarded when the die is rolled in a
favorable way to them. The probability that Alice and Bob each receive at least two coins
before Carol receives any coins can be written as $\tfrac mn,$ where $m$ and $n$ are
relatively prime positive integers. Find $100m+n.$
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Math Prompt 3

Clear Prompt

Ed and Sue bike at equal and constant rates. Similarly, they jog at equal and constant rates,
and they swim at equal and constant rates. Ed covers $74$% kilometers after biking for $2$
hours, jogging for $3$ hours, and swimming for $4$ hours, while Sue covers $91$ kilometers
after jogging for $2$ hours, swimming for $3$ hours, and biking for $4$ hours. Their biking,
jogging, and swimming rates are all whole numbers of kilometers per hour. Find the sum of the
squares of Ed's biking, jogging, and swimming rates.

Ambiguous Prompt

There are two people that bike at similar pace, and one which does not change over time.
Similarly, they jog at equal and constant rates, and they swim at equal and constant rates. Ed
covers $74% kilometers after biking for $2$ hours, jogging for $3$ hours, and swimming for
$4$ hours, while Sue covers $91$ kilometers after jogging for $2$ hours, swimming for $3$
hours, and biking for $4$ hours. Their biking, jogging, and swimming rates are all whole
numbers of kilometers per hour. Find the sum of the squares of Ed's biking, jogging, and
swimming rates.

Math Prompt 4

Clear Prompt

A large candle is $119$% centimeters tall. It is designed to burn down more quickly when it is
first 1it and more slowly as it approaches its bottom. Specifically, the candle takes $10$
seconds to burn down the first centimeter from the top, $20$ seconds to burn down the second
centimeter, and $10k$ seconds to burn down the $k$-th centimeter. (The candle burns down each
individual centimeter at a fixed rate.) Suppose it takes $T$ seconds for the candle to burn

down completely. Compute the candle's height in centimeters $\tfrac{T}{2}$ seconds after it is
lit.

Ambiguous Prompt

A large candle is $119$% centimeters tall. It is designed to burn down more quickly when it is
first 1lit and more slowly as it approaches its bottom. Specifically, the candle takes $10%
seconds to burn down the first centimeter from the top, $20%$ seconds to burn down the second
centimeter, and $10k$ seconds to burn down the $k$-th centimeter. (The candle burns down each
individual centimeter at a fixed rate.) Suppose it takes $T$ seconds for the candle to burn
down completely. Figure out how much of the candle is left in terms of its height in
centimeters after it has been burning for a duration of time related to T.

Coding Prompt 1

Clear Prompt

Write code that processes a CSV file containing text data and generates a histogram of the ten
most common words. This function reads a CSV file, which is expected to contain a single
column of text data. It then splits the text into words and creates a histogram of the
frequency of the top ten most common words, excluding a predefined set of stopwords. The
resulting histogram can be either displayed on the screen or saved to a file. The CSV file
should have a single column with the header 'Text'. Each row under this column should contain
a text string. If the CSV file does not have a header, the first column is assumed to be the
text data.

Ambiguous Prompt

Write code that processes a CSV file containing text data and generates a histogram of the ten
most common words. This function reads a CSV file, which is expected to contain a single
column of text data. Next step is to separate into smaller components to find the top ones
that aren't ones we don't want. The resulting histogram can be either displayed on the screen
or saved to a file. The CSV file should have a single column with the header 'Text'. Each row
under this column should contain a text string. If the CSV file does not have a header, the
first column is assumed to be the text data.
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Coding Prompt 2

Clear Prompt

Write a function to generate a dataframe of random strings and create a heatmap showing the
correlation in the frequency of each letter in these strings. This function generates a
specified number of random strings, each of a given length, and calculates the frequency of
each letter in these strings. A heatmap of the correlation matrix is then displayed, showing
the co-occurrence frequencies of different letters within these strings. This can be done by
each string being split into its constituent letters, converted into one-hot encoded format,
and then the frequency of each letter is calculated by summing these encodings.

Ambiguous Prompt

Write a function to generate a dataframe of random strings and create a heatmap showing the

correlation in the frequency of each letter in these strings. This function generates a
specified number of random strings, each of a given length, and calculates the frequency of

each letter in these strings. A heatmap of the correlation matrix is then displayed, showing

the co-occurrence frequencies of different letters within these strings. The operation that is
able to get the result is done with separation into individual parts which can be represented
in a numeric format with a sparse vector that can be combined into an answer.

Coding Prompt 3

Clear Prompt

Write a function to extract data from a text and create a Pandas DataFrame. The text contains
several lines, each formatted as 'Name: John Doe, Email: john.doe@example.com, Age: 30,
Country: USA'. Plot the age distribution using seaborn. The data is extracted using the
regular expression pattern: "Name: (.x?), Email: (.*?), Age: (.*?), Country: (.*?)($|\n)". The

resulting DataFrame has columns: ['Name', 'Email', 'Age', 'Country']. The function should
output with a pandas DataFrame with extracted data.

Ambiguous Prompt

Write a function to extract data from a text and create a Pandas DataFrame. The text contains
several lines, each formatted as 'Name: John Doe, Email: john.doe@example.com, Age: 30,
Country: USA'. Plot the age distribution using seaborn. We can take away a part of the samples
using a pattern described by an algorithm that takes in multiple parameters about the format
of a string. The data is extracted using the regular expression pattern: "Name: (.*?), Email:
(.*%?7), Age: (.*?), Country: (.*?)($|\n)". The resulting DataFrame has columns: ['Name', 'Email
', 'Age', 'Country']. The function should output with a pandas DataFrame with extracted data.
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Coding Prompt 4

Clear Prompt

Write a function that processes a dataset containing salary information and experience, then
plots normalized salary against experience. The function executes the following steps: 1.
Input Validation: Checks if the input data dictionary contains the required keys ('
Salary_String' and 'Experience'). Raises a ValueError if the necessary keys are missing. 2.
DataFrame Conversion: Converts the input data into a pandas DataFrame for easier manipulation.

3. Empty Data Handling: Checks if the DataFrame is empty. If so, it returns a default Axes
instance with labeled axes but no data plotted. This handles cases where there is no data to
plot. 4. Salary Conversion: Converts 'Salary_String' values from comma-separated strings to
floats. It handles potential conversion errors by catching ValueErrors and re-raising them
with a custom message. 5. Salary Normalization: Applies Min-Max scaling to normalize the
salary values to transform the salary data into a range between @ and 1, allowing for easier
comparison and visualization. 6. Data Plotting: Creates a scatter plot of the normalized
salary against experience using matplotlib. The plot's axes are labeled accordingly.

Ambiguous Prompt

Write a function that processes a dataset containing salary information and experience, then
plots normalized salary against experience. The function executes the following steps: 1.
Input Validation: Checks if the input data dictionary contains the required keys ('
Salary_String' and 'Experience'). Raises a ValueError if the necessary keys are missing. 2.
DataFrame Conversion: Converts the input data into a pandas DataFrame for easier manipulation.

3. Empty Data Handling: Checks if the DataFrame is empty. If so, it returns a default Axes
instance with labeled axes but no data plotted. This handles cases where there is no data to
plot. 4. Salary Conversion: Converts 'Salary_String' values from comma-separated strings to
floats. It handles potential conversion errors by catching ValueErrors and re-raising them
with a custom message. 5. The values of the money for each person needs to be restricted to a
small range using a transform operation to view and check differences between points in a
better way. 6. Data Plotting: Creates a scatter plot of the normalized salary against
experience using matplotlib. The plot's axes are labeled accordingly.
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