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TL;DR

Linguistic sensitivities missed by uncontrolled paraphrasing

AUGMENT: Controlled paraphrasing framework for systematic generation and

evaluation of paraphrases

Uncovers hidden sensitivities across models and data subsets

Context and Motivations

We couldn’t start the board 
meeting on time.

We were unable to start the 
board meeting on time.

Changed Meaning

The commencement of the 
board meeting proved 
unattainable.

Unnatural Paraphrase

The meeting couldn’t be 
started on time by us.

Input

We weren’t able to begin the 
board meeting on time.

Informal

Neutral

Formal

We were unable to commence the 
board meeting at the scheduled time.

Unaddressed User Behavior

Match

Match

Unconstrained Paraphrasing

Prompt sensitivity: Same

prompt variant, different model

behavior

Current methods:

Disconnected from real users

[4], existing paraphrasing lacks

control and quality [5]

We propose a controlled,

user-grounded framework

AUGMENT: Automated

User-GroundedModeling and

Evaluation of Natural language

Transformations

The AUGMENT Framework

Generated Paraphrases

<Formal Style>

We were unable to commence 
the board meeting at 9 a.m. today.

We were prevented from starting 
the board meeting.

The board meeting couldn’t begin 
at 9 a.m. today.

The commencement of the board 
meeting at 9:00 a.m. today proved 
unattainable.

Paraphrase Evaluation 

Correct? Similar? Natural?

Quality Control

Paraphrase Prompt

Please modify the 
following sentence...

Domain Expert 
Instructions

Example [...]



Instructions:

Do not add or remove 
content unless 
required for the 
modification.


[...]



Now, please modify the 
following sentence: {}

Input

We couldn’t start the board 
meeting at 9am today.

Generator 
LLM

Guided Generation

Instruction-tuned LLMs for paraphrasing

Explicit rules directly in the prompts

Few-shot examples to guide generation

Instruction Adherence: Was the intended

modification correctly applied?

Similarity: Is the paraphrase semantically close

to the original text?

Realism: Is the paraphrase natural and user-like?

AUGMENT in practice

Guided Generation

Paraphrase type Example

Prepositions variations [1] Results of the competition ↔ Results for the competition

Synonym substitution [1] Google bought YouTube ↔ Google acquired YouTube

Voice Change [1] Pat loves Chris ↔ Chris is loved by Pat

Formal Style [2] I got your email ↔ I have received your email

AAE Dialect [3] They are walking too fast ↔ They walking too fast

Table 1. Selected paraphrase types.

LLM generators: ChatGPT (gpt-4o) and DeepSeek-V3.1-Chat

Dataset: Gender Identity subset of the BBQ dataset

Validation: Human annotation with 3 independent annotators

Takeaway: LLMs can yield high-quality constrained paraphrases, but outputs are

inconsistent: robust filtering is essential

Quality Control

Instruction Adherence: POS tagging with spacy, automated classifiers
Semantic similarity: threshold on SBERTScore

Realism: threshold on Perplexity ratio

Precision Recall F1 Score

Prepositions 88.74 90.68 89.70

Synonyms 66.57 90.64 76.76

Voice Change 42.60 72.39 53.64

AAE Dialect 82.73 76.47 79.48

Formal Style 92.56 89.96 91.24

Table 2. Performance Metrics for Automated Filtering Rules, compared with Human Annotations

Takeaway: Reasonably high F1 scores across modifications except voice change,

which proved to be a difficult task even for annotators.

Auditing Prompt Sensitivity

Experimental settings

Datasets: Full BBQ dataset, MMLU; 9 target LLMs: MPT, Falcon, LLaMA 3, Gemma 3

Baseline: Uncontrolled paraphrasing with no specified type or instructions

Metric: Relative difference in accuracy, for responses to paraphrased and original prompts

1) Controlled vs. uncontrolled: similar overall trends

MPT Falcon Llama-3 Gemma3

7B 7B-Inst 7B 7B-Inst 8B 8B-Inst 1B 4B 12B

BBQ
Uncontrolled -0.07 1.76 -0.19 0.04 -1.26 1.02 -0.18 -0.96 -1.53

Controlled -0.35 1.17 0.31 -0.08 -0.12 0.58 -0.20 -0.78 -0.73

MMLU
Uncontrolled -1.89 -0.17 0.43 1.95 -2.57 0.06 3.81 2.51 -2.86

Controlled -1.98 -1.78 -0.70 2.06 -2.20 -0.29 0.55 2.08 -1.38

Table 3. Relative difference in accuracy, aggregated over the five controlled and uncontrolled

paraphrases per example.

2) AUGMENT exposes hidden sensitivities
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(a) BBQ Dataset
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(b) MMLU Dataset

Figure 1. Relative difference in accuracy, per paraphrase type and target model.

3) Sensitivity patterns diverge across data subsets
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(a) BBQ Dataset
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(b) MMLU Dataset

Figure 2. Relative difference in accuracy, per paraphrase type and data subset, for Gemma3-12B.

4) Uncontrolled paraphrasing misses key variations
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(a) BBQ Dataset
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(b) MMLU Dataset

Figure 3. Classification of the uncontrolled paraphrases, reusing our automatic filtering rules.

FutureWork

Scope: Extend evaluation from multiple-choice to open-ended questions.

Filtering: Improve robustness of automatic filtering methods.

Language & Data: Expand paraphrase taxonomy beyond English and U.S.-centric

datasets.
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