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TL;DR Auditing Prompt Sensitivity

= 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

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

Context and Motivations 1) Controlled vs. uncontrolled: similar overall trends
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the b d t t 9 a.m. today.
B pomaneert | — (2) BBQ Dataset (b) MMLU Dataset
2. We were prevented from starting
Example [...] - —D v v . . . .
’ ‘ | the board meeting, | & 2 0 J Figure 1. Relative difference in accuracy, per paraphrase type and target model.
Instructions: g
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content unless —_D v v
req:iier for the Generator at9 a.m. today. - = =
modification. .o o o
To-ol o m 4. The commencement of the board | - 3) Sensitivity patterns diverge across data subsets
Now, please modify the meeting at 9:00 a.m. today proved
foliowing sentence: {} L unattainable.
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* Few-shot examples to guide generation to the original text: i

. , Formal Style --002 -1.14 -0.19 -0.54 -1.38 -0.69 0.76 -0.82 -2.05 Formal Stvle - 476 238 068 333 444 115 -074 -133
= Realism: |s the paraphrase natural and user-like? /
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Prepositions variations [1] Results of the competition < Results for the competition Figure 2. Relative difference in accuracy, per paraphrase type and data subset, for Gemma3-12B.

Synonym substitution [1] Google bought YouTube <+ Google acquired YouTube

Voice Change [1] Pat loves Chris <+ Chris is loved by Pat 4) Uncontrolled paraphrasing misses key variations
Formal Style [2] | got your email < | have received your email
AAE Dialect [3] They are walking too fast «» They walking too fast E B E 6,000 7
ﬁ 3,000 - é
Table 1. Selected paraphrase types. © O 400 |
8 2000 | Q
= LM generators: ChatGPT (gpt-40) and DeepSeek-V3.1-Chat = £ o
= Dataset: Gender Identity subset of the BBQ dataset § 100 4 §
= Validation: Human annotation with 3 independent annotators by 0 y 0
Takeaway: LLMs can yield high-quality constrained paraphrases, but outputs are
inconsistent: robust filtering is essential
(@) BBQ Dataset (b) MMLU Dataset

Quality Control

Figure 3. Classification of the uncontrolled paraphrases, reusing our automatic filtering rules.
= |nstruction Adherence: POS tagging with spacy, automated classifiers

= Semantic similarity: threshold on SBERTScore

= Realism: threshold on Perplexity ratio Future Work
Precision  Recall  F1 Score = Scope: Extend evaluation from multiple-choice to open-ended questions.
Prepositions 88./4  90.68 589./0 = Filtering: Improve robustness of automatic filtering methods.
Synonyms 66.57  90.64 /6.76 . .
Voice Change 42.60  72.39 53.64 - Language & Data: Expand paraphrase taxonomy beyond English and U.S.-centric
Formal Style 9256  89.96 91.24
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