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Abstract

Data augmentation is a common fix in domains where training data is scarce or difficult to collect, such as specialized
medical or any other domain specific applications. In question answering (QA), most studies report headline
accuracy while saying little about the quality of the synthetic data. Here, quality goes beyond fluent rewording:
augmented items must remain faithful to the supporting evidence and preserve the original answerability. We study
three augmentation families lexical, syntactic, and semantic edits generated with LLaMA 3.1 70B, and analyze how
these edits affect model behavior. To mirror low-resource settings, we focus on subsets of SQuADv2 (general) and
PubMedQA (biomedical, domain specific). We report Exact Match (EM)/F1 alongside quality diagnostics, yielding a
fuller picture than accuracy alone. Our results show that augmentation behaves differently across domains and
scales. In SQuADv2, augmented variants maintain performance on par with baselines, showing that added diversity
mostly does not harm model quality, whereas in PubMedQA semantic edits bring improvements under extreme
scarcity and support stronger performance as supervision grows.

Keywords: Question Answering, Evaluation Metrics, Human Validation, Diversity, Synthetic Data, Domain

Specific, Data Augmentation

1. Introduction

Data augmentation offers a straightforward promise
to generate additional training examples to compen-
sate for scarce annotations and improve model gen-
eralization. This promise has been realized in many
NLP tasks, especially classification and text genera-
tion (Feng etal., 2021; Dai et al., 2025), where meth-
ods like paraphrasing and back-translation yield
consistent gains (Sobrevilla Cabezudo et al., 2024).
By exposing models to varied phrasing and diverse
examples, augmentation can improve robustness,
particularly in low-resource settings where labeled
data is scarce. Large language models (LLMs) fur-
ther enable synthetic corpus creation at scale, but
raise a key question: what kind of linguistic vari-
ation do they actually produce, and which kind is
most useful for downstream learning?

In question answering (QA), augmented exam-
ples must satisfy constraints beyond surface flu-
ency, and the edits an augmentation system can
apply to a question—answer pair fall into three lin-
guistically motivated families. Lexical augmenta-
tion replaces individual words with synonyms or
near-synonyms (e.g., meet — encounter), varying
surface vocabulary while preserving meaning and
structure. Syntactic augmentation restructures the
sentence. For instance, converting active to pas-
sive voice, reordering clauses or changing gram-
matical form but not propositional content. Se-
mantic augmentation goes further: given the same
source passage, it generates an entirely new ques-
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tion targeting a different fact. These three levels
mirror classical linguistic analysis (lexicon, syntax,
semantics) and allow us to isolate which kind of
variation is most beneficial for model training.

In contextual QA, the system must extract an
answer span from a given passage or return “unan-
swerable” if none exists, so augmented examples
must remain faithful to the passage and preserve
answerability. Prior work has emphasized scale,
as large synthetic sets often boost exact match
and F1 (Alberti et al., 2019; Shakeri et al., 2020),
yet without quality control, such gains may be mis-
leading artifacts. We study this on two contrasting
benchmarks: SQuUADv2 (Rajpurkar et al., 2018), a
general-domain dataset built from Wikipedia with
both answerable and unanswerable questions, and
PubMedQA (Jin et al., 2019), a biomedical dataset
derived from PubMed abstracts requiring a categor-
ical label (yes/no/maybe) and a free-text justifica-
tion. Rather than using full training sets, we sample
small subsets to mimic low-resource conditions, as
truly low-resource QA datasets tend to be noisy
and under-explored (Castelli et al., 2020; Jin et al.,
2022); these well-established benchmarks provide
a controlled testbed for studying how augmentation
generalizes across domains and data scales.

Contributions. Our main contributions are:

 Cross-domain study: to our knowledge, the first
systematic comparison of lexical, syntactic, and
semantic augmentation across SQUADv2 (gen-
eral) and PubMedQA (biomedical)
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» Augmentation pipeline: we design a controlled
setup where each augmentation type is gener-
ated and validated with GPT-40, with a human
audit confirming strengths and failure modes

+ Scaling analysis: we reveal non-monotonic be-
havior across supervision scales, linking over-
fitting at mid-size subsets to LoRA dynamics

« Error taxonomy: we provide a structured taxon-
omy of augmentation failures, offering diagnos-
tic tools for improving future QA augmentation

2. Related Work

Data augmentation for QA operates at different lin-
guistic levels. Lexical methods such as synonym
substitution expand vocabulary diversity (Wei and
Zou, 2019). Syntactic approaches rephrase ques-
tions via structural changes like back-translation
(Sennrich et al., 2016), improving robustness to
phrasing (Yu et al., 2018). Semantic augmenta-
tion leverages generative models to create new QA
pairs or richer paraphrases, yielding strong gains in
benchmarks like SQUADv2 and PubMedQA (Alberti
et al., 2019; Shakeri et al., 2020; Guo et al., 2023).
While foundational studies showed improvements,
later work highlighted mixed results: for example,
back-translation sometimes fails to transfer across
domains (Longpre et al., 2019).

LLM-based augmentation. Recent work has in-
creasingly leveraged LLMs as data generators.
Schmidt et al. (2024) show that LLM prompting
generates high-quality synthetic QA data that im-
proves few-shot performance. Chowdhury and
Chadha (2024) demonstrate that LLM-generated
augmentation improves distributional robustness
across multiple QA datasets. Chan et al. (2024)
categorize synthetic data strategies into answer
augmentation, question rephrase, and new ques-
tion generation, a taxonomy that parallels our lexi-
cal/syntactic/semantic distinction and show the op-
timal strategy depends on the seed-to-query ratio.
In domain-specific settings, Khlaut et al. (2024) use
GPT-4 to generate medical QA training data from
textbooks, achieving competitive performance with
smaller fine-tuned models.

Quality control and synthetic data risks. Scal-
ing augmentation without fidelity may harm rather
than help. Chen et al. (2024) identify that uni-
form format in synthetic QA pairs leads to pattern
overfitting and distribution shifts. Pletenev et al.
(2025) study knowledge packing in LoRA adapters
on Llama-3.1-8B-Instruct, finding that biased syn-
thetic training data causes regression to overrep-
resented answers. For quality validation, the LLM-
as-a-Judge paradigm (Zheng et al., 2023; Gu et al.,
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2025) has shown that GPT-4 achieves >80% agree-
ment with human experts, though position and ver-
bosity biases persist.

Positioning. Our work integrates lexical, syntac-
tic, and semantic edits in one framework with a
validation loop, combining the systematic compari-
son of augmentation types with quality-aware filter-
ing. Unlike prior work that isolates single strategies,
we study their interactions across data scales and
domains.

3. Methodology

3.1. Datasets

We evaluate on two extractive QA benchmarks:
SQuADv2 (Rajpurkar et al., 2018), also known as
SQuADRUN, a general-domain reading compre-
hension dataset that extends the original SQUAD
(Rajpurkar et al., 2016) with unanswerable ques-
tions, and PubMedQA (Jin et al., 2019), a biomed-
ical QA dataset derived from PubMed abstracts.
This pairing lets us assess whether augmenta-
tion strategies transfer across domains and lin-
guistic distributions. To simulate low-resource set-
tings, we downsample each training set to 3—12 of
its original size as the base augmentation pool,
then sample progressively smaller nested fractions
(35 C o C 35 C 1g)- Test sets remain fixed
(11,873 for SQUADv2, 1,000 for PubMedQA). Since
neither benchmark provides an official dev set,
we reserve 10% of the original training data as
a validation pool, and consistently hold out 10%
of each training portion for fine-tuning validation.
For SQUADv2, we apply stratified sampling to pre-
serve the answerable/unanswerable ratio. Each
downsampled split therefore contains both answer-
able and unanswerable items; the unanswerable
questions are carried into augmentation.

Fraction SQuADv2 PubMedQA
1/128 1,015 1,648
1/64 2,031 3,296
1/32 4,062 6,593
1/16 8,125 13,187

Table 1: Training sample counts per supervision
scale

To characterize the data geometry, we project
samples into embedding space using Qwen3-
Embedding-0.6B. As shown in Figure 1, the two
corpora exhibit clear domain separation, though
some SQuUADv2 passages with biomedical content
cluster near PubMedQA and vice versa, indicating
the embedding model captures cross-domain se-



Figure 1: Embedding visualization showing separation between general-domain (blue, SQuUADv2) and
biomedical (red, PubMedQA) samples, with overlap pockets reflecting cross-domain similarity

mantic proximity while preserving broader category
distinctions.

3.2. Data Augmentation

Prior work has shown that large models can be
powerful engines for creating diverse training cor-
pora (Puri et al., 2020; Wang et al., 2023; Mi-
tra et al.,, 2024). While many black-box aug-
mentation pipelines have proven effective in prac-
tice, our goal is more focused within a linguistic
scope, aiming to maximize the contextual knowl-
edge and generative ability of LLMs to produce
questions or question—answer pairs from multiple
linguistic angles. To isolate this effect, we employ
a single model, meta-1lama/Llama—-3.1-70B-
Instruct,' and keep the prompting setup consis-
tent for both generation and inference. This design
ensures that observed differences stem from the
type of linguistic augmentation rather than engi-
neering optimizations. In this way, we do not at-
tempt to beat state-of-the-art accuracy, but rather
to analyze and better understand the role of linguis-
tic augmentation itself. The exact prompts used
for each augmentation type are provided in Ap-
pendix A. SQUADvV2 contains unanswerable items,
which we retain in the augmentation pool. Lexical
and syntactic edits preserve the unanswerable sta-
tus, while semantic augmentation generates new
questions grounded in the passage, marking them
as unanswerable when no valid span exists. This
concern does not apply to PubMedQA, which has
no unanswerable category.

Within the 1/32 supervision split, each original
instance is expanded by calling the model twice
per augmentation type (lexical, syntactic, seman-
tic), producing two variants per category. Thus,
one original question yields six synthetic counter-
parts. We then apply GPT-40 to validate whether
the generated examples respect the intended cate-
gory constraints.? After validation, we retain only

"https://huggingface.co/meta-1lama/
Llama-3.1-70B-Instruct

2We intentionally oversample at this stage, since a
portion of synthetic examples are filtered out; we need
to ensures that the final supervision proportions remain

the valid examples for fine-tuning. Table 2 summa-
rizes the distribution of validation outcomes across
datasets.

Label SQuADv2 PubMedQA
Valid 17,768 19,050
Unsure 4 17
Invalid 7,207 5,927

Table 2: Validation outcomes for synthetic QA pairs
across datasets. Only the valid examples are used
for downstream fine-tuning

3.2.1. Lexical-based data augmentation

The question is rephrased by replacing words with
synonyms, near-synonyms, or idiomatic expres-
sions. The answer remains unchanged, but the
surface form of the question differs.

+ Original question: At what age did Beyoncé
meet LaTavia Robertson? (SQUADv2)

 Lexical variant: At what age did Beyonceé en-
counter LaTavia Robertson?

3.2.2. Syntactic-based data augmentation

This strategy rewrites questions using alternate
grammatical structures such as switching between
active and passive voice or simple and complex
forms while preserving both meaning and the origi-
nal answer.

+ Original question: same as above

+ Syntactic variant: LaTavia Robertson first met
Beyoncé when she was how old?

3.2.3. Semantic-based data augmentation

Unlike the above, semantic augmentation produces
new question-answer that probe different aspects
of the same passage. These are not strict para-
phrases: answers may differ, yet they remain
grounded in the same evidence.

consistent across categories.
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https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct

« Original context: At age eight, Beyoncé and
childhood friend Kelly Rowland met LaTavia
Roberson [...] They were placed into a group
with three other girls as Girl's Tyme, and
rapped and danced on the talent show circuit
in Houston. After seeing the group, R&B pro-
ducer Arne Frager brought them to his North-
ern California studio and placed them in Star
Search, the largest talent show on national TV
at the time. Girl’s Tyme failed to win |[...]

« Semantic variant: What was the name of the
talent show that Girl’s Tyme failed to win?

« Answer: Star Search

3.3. Models and Fine Tuning

We fine-tune two open-source instruction-following
LLMs: Llama—-3.1-8B-Instruct (Llama Com-
munity License) and Qwen2.5-7B-Instruct
(Apache 2.0), abbreviated hereafter as Llama8B-I
and Qwen7B-I respectively (with Llama70B-I de-
noting Meta-Llama-3.1-70B-Instruct used for aug-
mentation). Choosing open-source backbones en-
sures reproducibility and alignment with community-
driven policies. Fine-tuning uses LoRA (Hu et al.,
2022) with rank =16, =16, and dropout 0.05, ap-
plied to all attention and feed-forward projection
matrices, updating only 0.53% of parameters. We
use AdamW with a learning rate of 1 x 1074, co-
sine schedule, warmup ratio 0.1, weight decay 0.01,
and a per-device batch size of 32 with 4 gradient
accumulation steps. Training runs for 4 epochs in
bf16 precision. Full hyperparameters are listed in
Appendix B. To set the training schedule, we ex-
perimented on the %28 split with three seeds: eval-
uation loss diverged after epoch 4 and extending
to 8 epochs yielded no gains, so we fix training to
4 epochs. Early trials also showed that generating
multiple QA pairs per call caused hallucinations
(Nayab et al., 2025); switching to one pair per call
improved quality.

3.4. Experimental Workflow

We construct augmented training sets by mixing
the original data with different types of linguistic ed-
its lexical, syntactic, semantic, and a combined all
variant while keeping the overall sample size fixed
across conditions. After generating augmented
data, we perform a quality-control step: each can-
didate QA pair is validated by GPT-40 (Hurst et al.,
2024) acting as an LLM judge (Gu et al., 2025),
which assesses whether the augmented items re-
main faithful to their supporting context and relevant
to their edit types. In Section 5, we further compare
the alignment of GPT-40 judgments with human
annotations. From this filtered subset, we construct

the final training data used for fine-tuning. In total,
our setup covers:

+ 2 datasets: SQuADv2 (general) and Pub-
MedQA (biomedical)

» 2 models: Llama8B-I and Qwen7B-I

+ 3 scales: downsampled subsets at 155, 57, and

4 of the original training set (we omit % due
to time constraints, but fine-tune the baseline
at this scale to enable comparison with lower-

proportion counterparts)

» 5 augmentation conditions: baseline (no aug-
mentation, purely train set), syntactic, lexical,
semantic, and all (uniform mixture of the other
categories)

This factorial design yields 2 x 2 x 3 x 5 = 60
runs overall. Together, these experiments allow us
to systematically analyze how augmentation type,
data scale, and model choice interact under low-
resource conditions.

4. Evaluation

We assess model outputs with three metrics: Exact
Match (EM), word-level F1, and semantic similarity
computed from sentence embeddings. Together,
these capture strict string agreement, partial over-
lap, and meaning-level alignment. For PubMedQA,
we substitute a simpler EM (EM bin.), which eval-
uates whether the predicted label (yes, no, or
maybe) matches the gold annotation. At the same
time, we retain word-level F1 and semantic sim-
ilarity to evaluate the longer free-form reasoning
answers, since they capture partial overlap and
meaning beyond the discrete label. We do not com-
pute span-level EM on PubMedQA, as answers
are long sentences that rarely match exactly even
GPT-40 achieves zero EM in this setting.

Normalization and multiple references. Follow-
ing standard practice for contextual QA, predictions
and references are normalized by lower-casing, re-
moving punctuation and articles, and collapsing
extra whitespace.

SQuADv2 Analysis. Our evaluation on
SQuADv2, summarized in Table 3, reveals
several key insights. First, supervised fine-tuning
provides a performance boost over the vanilla
models (i.e., base models used without any
task-specific fine-tuning).  For instance, the
Qwen7B-I baseline, when fine-tuned on just the
1/128 data subset, achieves 0.68 EM and 0.77
F1, outperforming its vanilla counterpart’s 0.54
EM and 0.65 F1. This highlights the critical value
of task-specific adaptation, even with minimal
data. When comparing models, the fine-tuned
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Model EM F1 Sim 1
SQuADV2 (vanilla, i.e., no fine-tuning)

Qwen7B-| 0.54 0.65 0.73+0.38
Llama8B-I 0.57 0.67 0.74 +0.39
Llama70B-I 0.54 0.66 0.74+0.38

GPT-40 (vanilla) 0.56 0.68 0.78 +0.33
SQuADv2 (1/128 subset)

Qwen7B-I Baseline 0.68 0.77 0.83 +0.33
Qwen7B-l Semantic 0.69 0.77 0.83 40.33
Qwen7B-I Syntactic 0.68 0.77 0.83 +0.33
Qwen7B-I Lexical 0.68 0.77 0.83+0.33
Qwen7B-I All 0.68 0.77 0.83+0.33
Llama8B-| Baseline 0.63 0.72 0.78 +0.37
Llama8B-I Semantic 0.60 0.70 0.76 £ 0.39
Llama8B-I Syntactic 0.62 0.71 0.77 +0.38
Llama8B-| Lexical 0.62 0.72 0.78 £0.38
Llama8B-I All 0.62 0.71 0.77 +£0.38
SQuADvV2 (1/64 subset)
Qwen7B-I Baseline 0.72 0.79 0.84 +0.33
Qwen7B-I Semantic 0.68 0.76 0.82 4+ 0.35
Qwen7B-I Syntactic 0.72 0.79 0.84 +£0.33
Qwen7B-I Lexical 0.71 0.79 0.844+0.33
Qwen7B-I All 0.71 0.79 0.84 +0.33
Llama8B-| Baseline 0.67 0.73 0.77 +0.40
Llama8B-lI Semantic 0.60 0.69 0.75+0.40
Llama8B-| Syntactic 0.65 0.73 0.77 +0.39
Llama8B-| Lexical 0.66 0.73 0.77 £0.40
Llama8B-I All 0.65 0.73 0.77 +0.39
SQuADv2 (1/32 subset)
Qwen7B-I Baseline 0.57 0.67 0.74 4+0.39
Qwen7B-I Semantic 0.55 0.66 0.76 + 0.37
Qwen7B-I Syntactic 0.50 0.62 0.70 £ 0.40
Qwen7B-I Lexical 049 0.59 0.68+0.42
Qwen7B-I All 0.52 0.63 0.714+0.40
Llama8B-| Baseline 0.58 0.61 0.63 +0.47
Llama8B-lI Semantic 0.55 0.64 0.70 +0.43
Llama8B-I Syntactic 0.57 0.60 0.64 + 0.46
Llama8B-| Lexical 056 0.60 0.63 +0.46
Llama8B-I All 0.60 0.65 0.6940.44

SQuADvV2 (1/16 subset)
Qwen7B-I Baseline 0.73 0.80 0.85+0.33
Llama8B-| Baseline 0.70 0.77 0.80 +0.36

Table 3: Evaluation results on SQUAD v2 subsets
with different augmentation strategies

Qwen7B-| consistently outperforms Llama8B-I
across most baseline settings, suggesting stronger
data efficiency for Qwen on this benchmark.
Surprisingly, our data augmentation strategies
(Lexical, Syntactic, Semantic, All) offer no substan-
tial benefit. Most of the variants perform identically
to the baseline. This indicates that augmentation
does not substantially alter performance. Notably,
augmented models match the baseline despite
seeing fewer unique source passages, suggesting
that increased QA diversity compensates for
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reduced contextual breadth.

The relationship between data proportion and
performance is notably non-monotonic. While re-
sults improve when scaling from the 1/128 to the
1/64 subset, they drop unexpectedly at 1/32 be-
fore recovering at 1/16. We hypothesize that this
dip may reflect an interaction between dataset size
and the dynamics of LoRA fine-tuning. With very
small subsets (e.g., 1/128), the model remains un-
derfit but relatively stable; with larger subsets (e.g.,
1/16), the adapter has enough signal to generalize
effectively. At intermediate scales, however, the
model may cross a threshold where it overfits to
limited but noisy supervision, leading to degraded
performance. Such non-monotonic scaling behav-
ior has been observed in other settings (Nakkiran
et al., 2021), suggesting that careful calibration of
data size and fine-tuning strategy is essential in
low-resource environment.

Summary. For Qwen7B-I, augmentation yields
parity with the baseline across splits while using
fewer unique source passages suggesting that
added QA diversity can substitute for contextual
breadth (no single strategy dominates).

PubMedQA Analysis. Our results on Pub-
MedQA (Table 4) differ markedly from SQuADv2.
A key distinction is that PubMedQA’s evaluation
includes EM (bin.) that only checks whether the
model predicted the correct label (yes, no, or
maybe) and the rest reflect how well the model
reasons in free-text explanations. This separation
reveals an important phenomenon, some models
are “stubborn” producing an answer reasoning with-
out committing to the correct discrete label, which
lowers EM but leaves F1 and similarity scores in-
tact. For instance, Qwen7B-I at the 1/128 sub-
set achieves only 0.75 EM but 0.53 similarity, while
its semantic-augmented variant keeps EM stable
but lifts similarity to 0.75. This suggests that label
prediction and reasoning fluency are not always
aligned, and both need to be considered together.

When comparing augmentation styles and data
proportions, several signals emerge. Semantic
augmentation proves most helpful at the smallest
scale, for Qwen7B-l, it improves F1 from 0.18 to
0.28 at 1/128 and raises similarity by more than 0.20.
In contrast, syntactic and lexical variants are less
reliable, occasionally dropping EM sharply (e.g.,
Qwen7B-I Syntactic at 1/32 falls to 0.42 EM) de-
spite stable reasoning metrics. The “All” strategy
produces middling results, rarely surpassing se-
mantic alone. Scaling with more supervision does
not yield monotonic improvements, performance
rises from 1/128 to 1/64, then becomes erratic at
1/32, and collapses at 1/16. This instability sug-
gests an interaction between noisy biomedical su-



Model EM (bin.)  F1 Sim ¢
PubMedQA (vanilla)
Qwen7B-I 0.84 0.27 0.75+0.09
Llama8B-I 0.88 0.26 0.73+0.14
Llama70B-I 0.85 0.26 0.7 £0.22
GPT-40 (vanilla) 0.76 0.26 0.70 +0.23
PubMedQA (1/128 subset)
Qwen7B-| Baseline 0.75 0.18 0.53 +£0.35
Qwen7B-|I Semantic 0.76 0.28 0.75+0.14
Qwen7B-I Syntactic 0.76 0.19 0.56 +0.33
Qwen7B-| Lexical 0.72 0.19 0.54+0.34
Qwen7B-I All 0.73 0.19 0.54 +£0.34
Llama8B-I Baseline 0.89 0.18 0.49 +0.37
Llama8B-I Semantic 0.89 0.19 0.54 +0.34
Llama8B-I Syntactic 0.88 0.20 0.53+0.36
Llama8B-I Lexical 0.88 0.19 0.534+0.36
Llama8B-I All 0.89 0.14 0.38 +-0.38
PubMedQA (1/64 subset)
Qwen7B-| Baseline 0.71 0.31 0.75+0.19
Qwen7B-|I Semantic 0.86 0.24 0.68 - 0.24
Qwen7B-I Syntactic 0.73 0.31 0.75+0.20
Qwen7B-I Lexical 0.70 0.28 0.71 £0.26
Qwen7B-I All 0.82 0.24 0.64 +0.30
Llama8B-I Baseline 0.72 0.33 0.80 4 0.09
Llama8B-I Semantic 0.88 0.18 0.52 +0.35
Llama8B-I Syntactic 0.71 0.33 0.80+0.10
Llama8B-I Lexical 0.66 0.33 0.80 4+ 0.09
Llama8B-I All 0.86 0.30 0.77 £0.13
PubMedQA (1/32 subset)
Qwen7B-| Baseline 0.87 0.33 0.80 4 0.09
Qwen7B-|I Semantic 0.89 0.25 0.73+0.12
Qwen7B-I Syntactic 0.42 0.33 0.81 +£0.09
Qwen7B-I Lexical 0.56 0.33 0.79+0.12
Qwen7B-I All 0.70 0.31 0.77 £ 0.16
Llama8B-I Baseline 0.38 0.33 0.80 4 0.09
Llama8B-I Semantic 0.88 0.15 0.54 +0.26
Llama8B-I Syntactic 0.39 0.33 0.80+0.09
Llama8B-I Lexical 0.39 0.33 0.80 4+ 0.09
Llama8B-I All 0.82 0.33 0.80 +0.10
PubMedQA (1/16 subset)
Qwen7B-| Baseline 0.36 0.33 0.8+0.09
Llama8B-I Baseline 0.38 0.33 0.8 +0.09

Table 4: Evaluation results on PubMedQA subsets
with different augmentation strategies

pervision and LoRA adaptation.

Model comparison reinforces these findings:
Llama8B-I achieves strong EM at 1/128 (0.89) but
drops to 0.38 at 1/32, while Qwen7B-| adapts better
with more supervision, likely reflecting differences
in tokenizer coverage and pretraining bias. Aug-
mentation thus interacts with both model type and
supervision size.

Summary. For PubMedQA, semantic augmenta-
tion is the only strategy that shows consistent gains,
improving Qwen7B-I at the 1/128 scale (higher F1
and similarity) without hurting EM. Syntactic and
lexical variants are unstable, especially at 1/32,
while the mixed “All” setting rarely outperforms se-

mantic alone. Llama8B-I performs best at extreme
low-data (1/128), but Qwen7B-I adapts better at
moderate scale (1/32).

5. Human Validation

Large language models can generate fluent but
unfaithful content (Huang et al., 2025; Kalai et al.,
2025), so we manually validate a subset of the syn-
thetic QA data to quantify quality and calibrate an
automatic screener. Our annotation pool comprises
one Linguist, one PhD student in NLP, and two NLP
Experts. For each dataset, we sample 75 items
and assign one of three labels: invalid, unsure, and
valid. The labeling guidelines differ slightly across
augmentation types to reflect their specific failure
modes (e.g., lexical vs. semantic drift). In paral-
lel, we ask GPT-40 to label the same items using
the exact guideline, in order to test whether it can
reliably scale the validation to the full corpus.

5.1. Validation Protocol and Confidence
Estimation

Protocol and timing. Annotators worked inde-
pendently with the same instruction sheet and ex-
amples. After annotation, we measure the level of
consensus between human raters and the GPT-40
outputs to assess whether the model can approxi-
mate human judgment. Manual validation is costly:
36—-67 minutes per 75 SQuUADv2 items and 1.5-3
hours for PubMedQA (domain-specific terms re-
quire slower reading). In contrast, GPT-40 labels
the same batch in about 250s (SQuADv2) and
370 s (PubMed).

Confidence Estimation from Log-Probabilities.
To avoid repeated API calls for calibration, we ap-
proximate model confidence directly from the log-
probability of the emitted label token (“-17, “0”, or
“1” referring to invalid, unsure, and valid labels).
Specifically, we extract the log-prob reported for
that token and convert it into a probability by expo-
nentiation. This yields a single confidence score
per item without additional queries. While approxi-
mate, this proxy reflects the model’s internal prefer-
ence for the chosen label and is commonly used in
lightweight uncertainty estimation for LMs (Kada-
vath et al., 2022).

Figure 2 plots the distribution of GPT-40 confi-
dence grouped by the human reference label. The
model is highly confident overall, with mass near
1.0 for both valid and invalid cases. The valid
class shows slightly broader spread (some out-
liers < 0.9), whereas invalid items are predicted
with near-perfect certainty. Interestingly, the model
never outputs the intermediate unsure label (as in
our large-scale experiments, which yielded only a

229



negligible number of such cases) and thus shows
no explicit uncertainty. This pattern indicates over-
confidence: the model differentiates valid from in-
valid on average, but leaves little room for calibrated
uncertainty, which cautions against fully automatic
acceptance without human.

Model Confidence by Label

1.000{ ———===——
0.975 1 '

0.950 1

0.925 1

0.900 1

Confidence

0.875 1

0.850 1

0.825 1

invalid valid
Ground Truth Label

Figure 2: Model confidence (from label log-probs).
Both datasets show the same pattern; we plot one
dataset (SQuADv2) for brevity

5.2. Error Taxonomy from Human Review

Beyond a single validity label, annotators consis-
tently flagged recurrent issues in synthetic QA. We
group them into five categories:

« Grammar & fluency (bad grammatical phrasing)

+ Faithfulness to context (missing key details or
unsupported additions)

* Answer—question alignment (answer is
over/under-specified relative to the question)

* Redundancy/minimal variation (near-duplicates
or trivial rewrites)

Clarity & specificity (vague wording, ambiguous
acronyms, underspecified entities)

This taxonomy offers a structured lens for diag-
nosing weak points in synthetic QA. Going forward,
these categories could be used not only for evalu-
ation but also to guide augmentation itself. For in-
stance, by adapting prompts to reduce redundancy,
enforce grounding for faithfulness, or encourage
clearer wording. They could also serve as auto-
matic filter signals, training lightweight detectors
that flag likely errors before human review.

5.3. Human vs. Model Validation

An important question is how closely model-based
validation aligns with human experts, and whether
this alignment shifts across domains. Manual re-
view is slow and costly, whereas models like GPT-
40 are efficient but may overlook domain subtleties.
We therefore compare validity rates, annotator con-
fidence, and category-level differences between
humans and the model.
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Figure 3: SQuADv2 validation (75 QA pairs).
Agreement is relatively high, with disagreements
concentrated in syntactic vs. semantic categories

—1 (Invalid) 0 (Unsure) [N 1 (Valid)

45:0.9 4.4:0.9 50200,
3.3:1.4,
Lexical 6 5.00. n7
[soz0.06 | |38l s.ngn %
s.u=u 04 Error m—
gz=mn ¢s:o, 5.0x0.06
5.0£0.0
Syntactic
usn.ns ml 36 4.5:0.64
4.6:0.8 43113 5.0£0.0
17 P
Semantic 20 0
- 25214
262095 5.020.0¢

gptdo PhDstudent ~ NLP Expert#1  NLP Expert#2 Linguist#1
Annotators

Category

Figure 4: PubMedQA validation (75 QA pairs). NLP
Experts marked more items as invalid or unsure,
highlighting domain sensitivity absent in the model

The figures 3 and 4 present both the human eval-
uation (four annotators) and the automatic evalu-
ation (using GPT-40) for the three kinds of data
augmentation (lexical, syntactic, and semantic) on
the SQuADv2 and PubMedQA datasets (75 QA
pairs evaluated on each dataset). We represent in
blue the amount of valid generated data, in orange
the amount of invalid generated data, and in grey
the amount of generated data for which uncertainty
was considered. Since human evaluators could
assign a confidence score, the standard deviation
is also indicated in each box.

On SQuADv2 (figure 3), humans judged 81.5%
of items valid versus 77.3% for GPT-40, a small
gap of A Valid% = —4.2 (negative = model stricter).
At the augmentation level, GPT-40 was more le-
nient on syntactic data (49.9) but stricter on seman-
tic (—9.9) and lexical (—10.7). Overall, the model
broadly tracked human judgments with mild shifts
by augmentation type. Confidence remained high
(4.8 + 0.4), suggesting disagreements stem from
interpretation rather than uncertainty.

For PubMedQA (figure 4), the pattern reverses,
humans judged 66.4% valid, GPT-40 79.2% (A =
+12.8). This permissive bias persisted across
semantic (+13.1), syntactic (+13.7), and lexical
(+12.8). NLP Experts applied stricter criteria, intro-
ducing more invalid and unsure labels not captured
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by the model. Confidence dropped to 4.5 + 0.7,
reflecting the difficulty of biomedical texts, where
domain-specific terminology and higher stakes re-
duce annotator certainty (Wang et al., 2021).3

Taken together, results reveal a domain-
dependent shift. In general data (SQuUADv2), hu-
mans and GPT-40 converge, with disagreements
mostly stylistic. In specialized domains (PubMed),
humans adopt stricter thresholds while the model
remains permissive, widening the gap. A practical
implication is that GPT-40 serves well as a fast first-
pass screener, leaving experts to review harder
edge cases where consensus is fragile.

6. Energy and Emission Analysis

As tracking carbon is increasingly important both
to make the environmental costs of ML visible, re-
cent work urges routine reporting of energy and
emissions for ML experiments (Strubell et al., 2019;
Schwartz et al., 2020). We track energy use and
emissions with CobeCarBoN* (Courty et al., 2024),
an open-source Python library that samples hard-
ware power draw during runtime and converts it
into total energy (kWh) equivalent emissions. All
fine-tuning experiments were run on a single node
equipped with 2x NVIDIA H100 PCle GPUs and
an Intel® Xeon® Gold 5418Y CPU.

todel

i
= Qwen2.5-7B-Instruct Meta-Llama-3-88

SQUAD - Training Duration

PubMed - Training Duration

Energy (kwh)
[

64
Sample Tier

Figure 5: Training time (h) and energy use (kWh)
across datasets, sampling tiers, and models. Bars
show mean over augmentation types; error bars
indicate the standard error of the mean (SEM)

Figure 5 reports training duration (top) and en-
ergy consumption (bottom) for SQUADv2 and Pub-
MedQA at three sampling tiers (135, a7, 35)- Re-
sults are averaged over the five augmentation con-
ditions (Baseline, Lexical, Syntactic, Semantic, All).

Error bars denote standard error, but differences

3Confidence values (1-5 scale) are shown inside the
bars. For counts below five, values are omitted; in most
cases, the score was 5.

*https://pypi.org/project/codecarbon/
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are minimal, indicating that augmentation choice
has negligible impact on runtime or energy.

On SQuADv2, Qwen7B-I is consistently faster
and slightly more energy-efficient than Llama8B-
, reflecting its smaller parameter count. In con-
trast, on PubMedQA the trend reverses, with Qwen
taking longer and consuming more energy. We
hypothesize this stems from differences in tok-
enization and domain vocabulary. PubMedQA’s
biomedical terms may yield longer effective se-
quences for Qwen. This highlights how efficiency
can depend not only on parameter count but also
on model—data interaction (Hoffmann et al., 2022;
Zhou et al., 2024).

7. Conclusion

We systematically compared lexical, syntactic, and
semantic data augmentation for extractive QA un-
der low-resource conditions, with fidelity-aware val-
idation via GPT-40 and human audit. Our experi-
ments across SQUADvV2 (general) and PubMedQA
(biomedical) yield three main findings: (i) seman-
tic augmentation is the only strategy that consis-
tently improves biomedical QA at the smallest scale
(1/128), while carefully curated baselines often suf-
fice in the general domain; (ii) performance scales
non-monotonically with data size, revealing an inter-
action between LoRA adaptation and supervision
volume that warrants careful calibration; and (iii)
label prediction can diverge from reasoning quality,
underscoring the need for multi-metric evaluation
beyond headline accuracy.

Several limitations qualify these conclusions. We
evaluated only two model families (Qwen7B-I and
Llama8B-I); other architectures such as Mistral-7B
may respond differently to the same augmenta-
tion types (Liu et al., 2024). Our domain cover-
age is limited to one general and one biomedical
benchmark, legal (Guha et al., 2023) and financial
QA (Chen et al., 2021) pose structurally different
challenges that future work should address. The
GPT-40 validation loop, while efficient, was not cal-
ibrated against human preferences, prompt tun-
ing or preference alignment of the judge could fur-
ther improve augmentation filtering. Finally, we did
not scale beyond 1/16 of the original training sets;
larger fractions may reveal additional nonlinearities
due to optimizer dynamics or augmentation qual-
ity variance. Despite these limitations, we believe
this work provides practical guidelines for choosing
augmentation strategies under data scarcity and
opens the door to more principled, quality-focused
augmentation pipelines for domain-adaptable QA.


https://pypi.org/project/codecarbon/

8. Ethical Considerations

We rely only on public datasets (SQuADv2, Pub-
MedQA) under their respective licenses and do
not process personally identifiable information (PII)
or protected health information (PHI). All synthetic
data are clearly labeled and generated with open
models (Llama70B-I for augmentation; Llama8B-
I and Qwen7B-I for fine-tuning) to ensure trans-
parency and reproducibility. Human validation was
carried out by a small team of expert annotators
who participated voluntarily; no demographic or
sensitive data were collected. To account for en-
vironmental impact, we tracked hardware, training
time, and energy consumption using CobeCARBON.
Whenever possible, we favored shorter training
schedules and smaller models to reduce resource
usage while maintaining accuracy.

Code is available at https://anonymous.

4open.science/r/ssl-4CB8.
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A. Augmentation Prompts

Below are the prompts supplied to L1ama-3.1-
70B-Instruct for each augmentation type. Each
prompt receives the original context, question, and
answer as input, with temperature 0.6 and top-p
0.9.

Lexical augmentation prompt.

You are given a context and an
original question-answer pair.
Rephrase the question using
different vocabulary and word
choices while maintaining the
same meaning and answer.

Return the result strictly in
JSON with the following struc-—
ture: {"questions": ["..."1,
"answers": ["..."1}

Syntactic augmentation prompt.

You are given a context and an
original question-answer pair.
Rewrite the question using dif-
ferent grammatical structure

or sentence construction while
preserving the same meaning and
answer.

Return the result strictly in
JSON with the following struc-—
ture: {"questions": ["..."1,
"answers": ["..."1}

Semantic augmentation prompt.

You are given a context and an
original question-answer pair.
Create exactly 1 new question-
short answer pair that asks about
a different facet of the context
(not a paraphrase). You need to
be creative.

Return the result strictly in
JSON with the following struc-—
ture: {"questions": ["..."1,
"answers": ["..."1}
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B. Hyperparameters

Hyperparameter Value
LoRA rank (r) 16
LoRA « 16
LoRA dropout 0.05
Target modules g/k/v/o/gate/up/down_proj
Optimizer AdamW (fused)
Learning rate 1x 1074
LR scheduler Cosine
Warmup ratio 0.1
Weight decay 0.01
Max gradient norm 0.8
Batch size (per device) 32
Gradient accumulation 4
Epochs 4
Max sequence length 2048
Precision bf16 + tf32
Seed 42

Table 5: Full hyperparameters used for LoRA fine-
tuning
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