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Abstract

Synthetic training data generation with Large Language Models (LLMs) like
Google’s Gemma and OpenAI’s GPT offer a promising solution to the challenge
of obtaining large, labeled datasets for training classifiers. When rapid model
deployment is critical, such as in classifying emerging social media trends or
combating new forms of online abuse tied to current events, the ability to generate
training data is invaluable. While prior research has examined the comparability
of synthetic data to human-labeled data, this study introduces a novel sampling
algorithm, based on the maximum coverage problem, to select a representative
subset from a synthetically generated dataset. Our results demonstrate that training
a classifier on this contextually sampled subset achieves superior performance
compared to training on the entire dataset. This “less is more” approach not only
improves model accuracy but also reduces the volume of data required, leading to
potentially more efficient model fine-tuning.

1 Introduction

In recent years, the remarkable advancement in large language models (LLMs) such as OpenAl’s
GPT [1]] or Google’s Gemma [51]] have dramatically expanded the capability to generate extensive
synthetic textual data. Such synthetic data promises substantial utility for training machine learning
models, especially in domains where human-labeled data are prohibitively costly, inaccessible due
to privacy or ethical constraints, or impractical to acquire at scale [4, [11]. Consequently, synthetic
data generation has quickly become an appealing alternative for tuning models for various down-
stream tasks, including text classification, sentiment analysis, relation extraction, and information
retrieval [36]].

However, the mere abundance of synthetic data does not guarantee superior model performance.
Increasing evidence demonstrates that naively utilizing large synthetic datasets introduces critical
pitfalls: notably, redundancy and imbalance [[15, 31} 34]]. LLM-generated samples frequently exhibit
redundancy by over-representing certain common patterns or phrases, potentially saturating datasets
with semantically repetitive information. Consider hate speech detection, where nuanced distinctions
between offensive, sarcastic, or context-dependent language are crucial: when prompted to generate
training examples, an LLM may produce many straightforwardly toxic utterances, yet underrepresent
borderline, coded, or indirect forms of harm [[15 21]]. Such skewed representation not only dilutes
the informative value of synthetic datasets but actively harms model generalization and robustness
by obscuring valuable minority cases. Consequently, models trained on these synthetic corpora risk
becoming overly specialized on frequent cases, compromising predictive accuracy on more nuanced
real-world scenarios.

Motivated by these gaps, we propose Adaptive Coverage Sampling (ACS), a novel method that
effectively curates synthetic text datasets by carefully balancing redundancy, representational diversity,
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User LLM Selections

Review 1: my favorite! hilarious!
Review 2: an incredible sequel

(-) cheesy dialogue and a cliched story
“Write 10 different movie reviews

with positive sentiments with no more than 20 words” (+) stunning visuals and powerful story

(+) an absolute joy to watch

Review 1: cheesy dialogue and cliched story (-) so bored | fell asleep!

Review 2: poorly written. weak characters!

2. Embed data into similarity graph / 3. Search for optimal edge threshold 4. Max cover node selection
a5

“Write 10 different movie reviews
with negative sentiments with no more than 20 words”

Figure 1: Overview of the ACS pipeline. (1) Prompt an LLM to generate a large pool of synthetic
samples under user-specified constraints. (2) Samples are embedded into a semantic space and
connected into a complete, weighted similarity graph. (3) Perform a binary search over edge-weight
threshold to induce a subgraph. (4) Greedy max-cover procedure then iteratively selects the k nodes
(highlighted in dark blue) that together cover desired fraction of the remaining graph (uncovered
nodes depicted as white). (5) Selected subset is returned for downstream model training.

and computational efficiency. ACS uniquely frames synthetic data downsampling as a structured
maximum-coverage optimization problem defined over a graph representation of the data. Specifically,
synthetic text samples are first embedded into a latent semantic space, forming nodes within a
complete graph where edges represent semantic similarity. Our approach leverages a binary search to
systematically determine the optimal similarity threshold for edge pruning, thus inducing a sparser
subgraph. Subsequently, a greedy maximum-coverage approximation algorithm selects the subset of
k samples maximizing representational coverage, where coverage is defined as the proportion of the
dataset “covered” by the selected subset and its similarity-neighbors.

A key strength of ACS lies in its use of a theoretically grounded binary search procedure to tune the
pruning threshold, automating the trade-off between dataset compactness and semantic coverage. This
allows the method to systematically filter out repetitive or redundant samples that might otherwise
hinder model performance.

We evaluate ACS across several NLP tasks—including sentiment classification, relation extraction,
and named entity recognition—and find that models fine-tuned on ACS-selected subsets match
or outperform those trained on full synthetic datasets typically with just 10-30% of the original
corpus. These results highlight the promise of principled data selection in synthetic data regimes:
by identifying compact yet diverse training sets, ACS improves generalization while significantly
reducing training compute cost. In doing so, our approach moves beyond heuristic-driven methods,
offering a scalable and theoretically informed path toward more effective use of synthetic data.

2 Related Work

Large Language Models. LLMs, built upon the transformer architecture introduced by [53], have
transformed language processing, achieving unprecedented performance across a broad spectrum of
tasks including language modeling, translation, classification, and question-answering [500.
These models leverage massive-scale pretraining on extensive datasets to encode rich linguistic and
factual knowledge, enabling fluent and contextually relevant text generation [51]. Consequently, the
sophistication of LLM-generated content increasingly blurs the line between synthetic and authentic
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human-written text [22| 43|49, 156]. This indistinguishability raises an intriguing question: under
what conditions and to what extent can LLM-generated data replace or complement human-annotated
examples for training machine learning models?

Synthetic Training Data Generation. High-quality datasets crucially underpin the performance
and generalization capabilities of modern machine learning systems. However, acquiring diverse
and representative labeled data from human annotators is frequently costly, labor intensive, and
fraught with privacy or ethical challenges [27, |16 25| 45]. Moreover, human-generated annotations
inherently carry biases or inconsistencies, potentially limiting their effectiveness in certain contexts.
To overcome these limitations, synthetic data generation has emerged as a promising alternative,
aimed at artificially populating underrepresented data regions and mitigating biases or gaps in existing
datasets [15, [31]].

To address data scarcity in specialized or emerging domains, researchers frequently employ data aug-
mentation techniques to enhance model robustness and accuracy [10,54]. Moreover, semi-supervised
learning [37]], multi-task learning [[L7]], unsupervised pretraining [9}41]], and few-shot learning [8} [23]]
constitute alternative frameworks for learning from limited labeled examples. However, while ef-
fective in certain contexts, these approaches typically presume access to at least some high-quality
human-generated examples as seed data, limiting their broader applicability.

Leveraging LLMs for Synthetic Data. LLMs offer a compelling approach to synthetic data
generation due to their fluency, versatility, and capacity to mimic diverse linguistic styles and content
structures [[11]. Recent studies have demonstrated promising outcomes leveraging prompt-based
methods (zero and few-shot) for generating training data for NLP tasks [34]. The effectiveness of
synthetic datasets produced by these models depends critically on task characteristics, including
the complexity of label spaces [11]], the inherent subjectivity or ambiguity of the task [30]], and
crucially, the diversity and representativeness of generated samples [21]. Though the models are
promising, these factors can impede naively employed models trained on synthetic datasets, potentially
exacerbating redundancy and bias. Thus, underscoring the necessity of methods to carefully select or
filter synthetic samples to maximize utility and minimize detrimental impacts.

Data Filtering and Downsampling. Filtering datasets to identify informative subsets for training
constitutes a widely explored solution to the challenges posed by redundancy and imbalance, where
conventional data selection techniques frequently rely on heuristic-based strategies and sample re-
weighting schemes [2, (7} 135,138,139, 47, 152| 55 57]. These methods largely revolve around assigning
differential importance to data points based on criteria such as correctness, informativeness, or
influence on model parameters [18]].

Heuristic approaches typically leverage training dynamics or statistical properties of samples. For
instance, dataset cartography [48]] identifies and emphasizes data points classified as difficult or
ambiguous through repeated training runs. Influence functions quantify individual data sample
contributions by approximating how their exclusion alters model parameters [26]. Other methods,
such as EL2N scoring [38]], forgetting scores [52], and prototypicality assessments [47]], attempt
to prioritize or prune samples based on specific diagnostic measures. Recent studies have further
explored the utility of LLM-based raters to directly score or filter synthetic samples based on quality
heuristics. Notably, [6] proposed AlpaGasus, demonstrating that a curated, high-quality synthetic
subset significantly improves downstream model performance over full synthetic datasets. However,
their approach entails repeated queries to an LLM to iteratively refine sample sets, yielding a black-
box rating metric which necessitates a computational (and potentially monetary) overhead in addition
to careful threshold tuning.

In contrast, our ACS methodology provides a principled, computationally efficient, and explainable
solution for optimal synthetic subsets without extensive manual tuning or iterative refinement. By
formulating the selection problem as a graph-based maximum coverage optimization and leveraging
an adaptive binary search to systematically adjust similarity thresholds, ACS ensures theoretical
rigor and practical efficacy. Crucially, ACS consistently demonstrates superior performance using
significantly smaller synthetic subsets compared to prior filtering methods, thereby establishing a
new benchmark for efficient and effective synthetic data utilization.
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3 Preliminaries & Methodology

In this section, we detail our comprehensive pipeline for curating a representative subset from large
synthetic datasets, specifically designed to improve model training efficiency and downstream task
performance. We begin by describing the generation and preprocessing of synthetic textual data, then
present multiple baseline downsampling methods employed for comparative evaluation. Subsequently,
we introduce and rigorously define our novel ACS method, highlighting its theoretical foundations
and practical implementation. Finally, we describe our approach for fine-tuning the BERT model
with the selected subset.

3.1 Synthetic Data Generation

We utilize a synthetic corpus of text generated by GPT-3.5 [1]]. The corpus employed is based on es-
tablished prompt templates tailored to specific downstream tasks (e.g. sentiment analysis), as detailed
by prior work [11]. Each dataset is balanced across labels to ensure sufficient diversity, carefully
selecting an equal number of data points per label. While synthetic datasets provide vast training
material, redundancy frequently arises as similar semantic content is generated repeatedly [34].

3.2 Downsampling Methods.

To mitigate redundancy and maximize representational coverage, we explore several distinct down-
sampling techniques. Our goal is to select a subset of size k¥ < N from an initial corpus of size N,
preserving data diversity while enhancing computational efficiency.

Baseline Methods. We benchmark our novel ACS approach against widely used benchmark meth-
ods. Random sampling henceforth refers to uniformly at random selecting k£ samples from the
corpus. EL2N [38]] ranks samples by the average Lo distance between model predictions and true
labels across early training checkpoints, emphasizing persistently challenging examples. Forgetting
scores [52] count transitions between correct and incorrect model predictions per sample during
training, emphasizing samples near the decision boundary. Prototypicality [47] which computes
class-specific embeddings and prioritizes samples closest to their class centroids, capturing represen-
tative class examples. LLM rater (AlpaGasus) [6] employs GPT-3.5 to assign quality ratings to
each synthetic input-output pair, retaining only the highest ranked samples, thereby enhancing subset
quality through language-model-informed filtering. Each baseline is implemented to rank the dataset
according to the respective criteria, selecting the top k£ samples for training.

Adaptive Coverage Sampling. ACS introduces a graph-based max-coverage sampling technique
to systematically select representative subsets. Samples are first embedded into a latent semantic
space using Gecko embeddings [29]], though ACS is broadly compatible with alternative embedding
methods.We construct a similarity graph where each node represents a sample, and edges indicate
cosine similarity exceeding a dynamic threshold. This threshold is optimized via a binary search to
achieve a user-specified graph coverage level. Coverage formally quantifies representational breadth:

Definition 1 (Coverage). Let G = (V, E) be a graph with vertex set V, edge set E, and self-loop for
all vertices. A subset H C V of size |H| = k achieves coverage ¢ € [0, 1] if

U

icH

—c |V

where N; is the neighborhood of vertex i € H (ie. i covers the elements of N;, including itself).

A coverage of 1.0 thus ensures every node is either selected or directly adjacent to a selected
node, while lower coverage levels strategically exclude less representative samples. We leverage
the following theorem guaranteeing monotonicity of an exact solution to the max cover problem
with respect to similarity thresholds on the pruned graph, validating our subsequent binary search
procedure.

Theorem 1. Let D be a dataset, and for each similarity threshold s;, construct a similarity graph
G;(V, E;), where V represents the data points and (u,v) € E; if and only if the cosine similarity
between u and v exceeds s;. Let H; C V be the set of k samples selected by the max coverage
algorithm on G, and let c; denote the coverage achieved by H;. For any two thresholds s; and s



160
161

162
163
164
165

166
167
168
169
170
171

172
173
174

175
176
177
178
179
180

181
182
183
184
185
186
187

188

190
191
192
193
194

196
197
198
199
200
201
202

204
205
206

such that s; < s;, the similarity graph G;(V, E;) has a coverage c; > ¢; when maximally covered
by k samples.

Proof. Consider two similarity thresholds s; and s; such that s; < s;. The corresponding similarity
graphs G;(V, E;) and G;(V, E;) are constructed by adding edges between data points whose cosine
similarity exceeds s; and s, respectively. Since s; < s;, it follows that £; C E;; that is, G; includes
all the edges from G, possibly with additional edges.

Now, let H; C V be the set of k£ samples selected by the max coverage algorithm on G;, which
achieves coverage c¢;. The coverage ¢; is defined as the proportion of vertices in V' that are adjacent
to at least one vertex in H;. Since F; C E;, the set of neighbors of each vertex in H; in G; is a
subset of the neighbors of the same vertex in G;. Therefore, the coverage achieved by H; in G is at
least as large as the coverage in G;. More formally, if Hj is the set of k& samples selected by the max
coverage algorithm on G5, we have:

C; = U Nj(v) and C; = U Ni(v) s

veEH; veEH;

where N;(v) and N, (v) denote the neighborhoods of v in G; and G, respectively. Since E; C Ej,
we have N;(v) C N;(v) for all v € V, implying that the coverage in G is at least as large as the
coverage in G;. Therefore, ¢; > c;. O

The monotonicity of coverage allows us to find the largest similarity threshold that achieves a
coverage equal to, or greater than, the target coverage. This thresholding ensures that the max
coverage component of ACS focuses on the most relevant and diverse samples to achieve the target
coverage. We note that the max coverage problem is NP-hard [14], and that our implementation uses
the greedy approximation [24] which is not guaranteed to be monotonic. However, we show that, in
practice, this monotonicity persists (see Section .T)).

Leveraging this result, we conduct a binary search on the similarity threshold for edge pruning and
execute the greedy max cover algorithm. Specifically, we sequentially select the node of highest
degree, add the selected node and all of its neighbors to the set of “covered nodes” and repeat until
k nodes are selected. We subsequently compute the coverage of the full dataset from the selected
subset and, based on this coverage’s deviation from the target, adjust the threshold in accordance
with the binary search until convergence. The k selected points from the max cover execution on the
optimally pruned graph are finally returned.

To ensure scalability and enhance representational diversity, we impose a maximum nearest neighbors
constraint per node, significantly reducing computational complexity and ensuring effective cover-
age. Specifically, we define a strict constraint d,,,x, a bound ensuring sufficient but limited graph
connectivity, derived via the extended pigeonhole principle: dyax > <N /k. This constraint further
improves computational tractability and sample diversification, analgous to scalability techniques like
Locality-Sensitive Hashing (LSH) with limited bucket sizes [44]]. Parameter sensitivity experiments
are detailed in Appendix ??.

3.3 Comparative Experiments

After generating and downsampling the synthetic dataset to obtain k training samples, we employ
two comparative measures. First, we fine-tune a BERT model [9] on the selected subset and report
the F1-scores as a function of the number of subsamples selected for model traininéﬂ We use the
BERT,se, uncased model (108 million parameters) and fine-tune it for multiple epochs (the exact
number is defined for each respective experiment in Section [5). The model’s weights are mostly
initialized using pre-trained weights, while the parameters of the final classification layer (2048
units) are randomly initialized. Specifically, the weights of this layer are initialized from a normal
distribution with a mean of 0 and a standard deviation of 0.02, following standard practices for
fine-tuning transformer-based models.[9, 12} 28 [32]]. The fine-tuning process uses a batch size of
16, a learning rate of 2 x 1075, and a dropout rate of 0.1. All experiments are conducted on a
high-performance GPU cluster with 16GB of RAM, with n = 5 distinct random seeds used for

'We here use F1, rather than accuracy, to remain robust to potential class imbalances in the test sets.
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Figure 2: (L) Coverage of data increases with k£ or when decreasing the similarity threshold. Colors
correspond to the fixed similarity thresholds depicted in the legend. (R) Model accuracy as a function
of coverage level for the sentiment analysis tasks. Performance peaks at a coverage level below 1.0.

model initialization. Details of the implementation, including all hyperparameters, are provided in
the supplementary material, along with the training codes.

Second, we compute the self-bilingual evaluation understudy (or SelfBLEU) metric as a quantifiable
measure of subset diversity [S8]. This widely used metric computes word similarity between sentences
or documents within a dataset. Crucially, a higher SelfBLEU score indicates a dataset with higher
self-similarity. Thus, the reciprocal of this metric is used as a diversity measure (higher self-similarity
implies less diversity in the set).

4 Empirical Analysis of ACS

In this section, we empirically validate critical aspects of our sampling method. Specifically, we
first verify the empirical monotonicity of coverage as a function of similarity threhsold for the
greedy approximate algorithm for the max coverage problem, aligning with the theoretical guarantees
provided by Theorem[I} We then systematically identify and analyze the coverage parameter value,
demonstrating that coverage below 1.0 consistently yields better performance in downstream NLP
tasks.

4.1 Empirical Validation of Monotonicity

A central assumption is ACS is that coverage monotonically increases or remains constant as the
similarity threshold decreases, as formally established for the exact max coverage solution. To
confirm this assumption’s practical validity under the greedy approximation algorithm [24f], we
conducted detailed empirical experiments across varying similarity thresholds.

We focus initially on the synthetic textual data generated to emulate the SST2 sentiment analysis
task [46]. This synthetic dataset comprises short movie reviews labeled as positive or negative
sentiments. Additional validation on other datasets, is provided in the supplementary materials.

Each text sample was first embedded into a latent semantic space using Gecko embeddings [29].
Subsequently, similarity graphs were constructed for multiple fixed similarity thresholds, after which
the greedy max-coverage approximation algorithm was executed to select subsets of varying sizes k.
As illustrated in the left-hand plot of Figure [2] coverage consistently exhibits monotonic behavior: as
the similarity threshold decreases (adding more edges), coverage either remains constant or strictly
increases, validating our core theoretical assumption in practical scenarios. Notably, the maximum
possible coverage (full coverage, ¢ = 1) is achieved quickly at lower thresholds, while all plots
achieve a minimal coverage of ¢ = */n.

4.2 Determining the Optimal Coverage Level

While full coverage (¢ = 1) intuitively seems optimal, in practice, we demonstrate that lower coverage
values yield better model performance. We hypothesize that this is due to the exclusion of redundant



240
241
242

243
244
245
246
247
248
249
250

251

252
253
254
255
256
257

258

259
260
261
262
263

264
265
266
267
268
269
270
271
272
273

274
275
276
277
278

279

281
282
283
284
285
286
287
288
289

or noisy samples. To systematically investigate this, we varied the coverage parameter across a broad
range of values, maintaining a fixed subset size of k for the synthetic SST2 dataset (with analogous
findings for additional tasks reported in the Appendix [A.T).

For each coverage setting, ACS selected a subset of exactly k samples which achieved an effective
coverage of the target. Using these subsets, we fine-tuned BERTy,se models and evaluated their
accuracy on a human-annotated test set. The resulting accuracy trends are presented on the right
Figure |2} Notably, accuracy significantly improves as the target coverage increases from lower
levels, reflecting greater representational completeness. However, accuracy consistently peaks before
reaching full coverage, with performance slightly deteriorating at or near the full coverage (c = 1).
These results robustly support our assertion that carefully selecting subsets with moderate coverage
offers superior model generalization and training efficiency.

5 Fine-Tuning for Downstream Tasks

In this section, we rigorously evalute the performance of ACS against several established baseline
downsampling methods on multiple NLP benchmarks. Specifically, we assess sequence-level tasks
(sentiment analysis and relation extraction) and a token-level task (named entity recognition), demon-
strating ACS’s consistent advantages in terms of model performance and diversity of selected subsets.
These evaluations compliment one another: improved performance corresponding to higher diversity
in the selected subsets and vice versa.

5.1 Sequence-Level Tasks

Sentiment Analysis We first evaluate our approach on the binary sentiment classification task
using the synthetic corpus from [11]], designed to emulate the SST2 dataset [46]. This dataset
contains N = 6, 000 synthetic movie reviews, equally split between positive and negative sentiments.
Following the prior literature [[11], we fine-tune a BERT},s. model for 32 epochs (with early stopping)
on subsets selected by each downsampling method.

Results. Figure [3|compares the performance (F1-score) of ACS against the baseline methods, averag-
ing results over five random initializations of the BERT classification layer weights. ACS consistently
outperforms alternative methods across all subset sizes, with particularly notable improvements at
smaller subset sizes. Remarkably, ACS achieves performance comparable to training on the full
synthetic dataset (black dashed line) using only approximately 10% of the data, underscoring its
effectiveness in isolating highly informative samples. We note that while ACS performs the best, all
methods (apart from random) yield aggressively pruned datasets which can match performance on
the full dataset. This suggests that for the simpler task of positive or negative sentiment detection,
only a few meaningful examples are needed to train a sophisticated classifier to effectively categorize
the inputs.

To further elucidate why ACS in particular achieves superior performance, Figure [3| further plots
diversity (inverse SelfBLEU score) across subset sizes. ACS-selected subsets consistently exhibit
greater diversity compared to baseline methods, strongly correlating with improved downstream task
performance. This enhanced diversity seems to mitigate redundancy and better equips models to
generalize effectively, particularly when training data sizes are limited.

Relation Extraction Relation extraction, exemplified by the FewRel dataset [[20], represents a
significantly more challenging classification task due to its large set of 64 distinct relation labels.
The task involves predicting the labeled relation between two marked entities within a sentence,
necessitating both greater diversity and precision in the synthetic data generation process. For
instance, the sentence, “Chester Alan Arthur, 21st President of the United States, died of this disease
on November 18, 1886,” could be labeled with the relation “head of government” to capture the
connection between Arthur and his role as President. This increased complexity necessitates careful
selection of diverse and informative examples. We employ the synthetic corpus of relation extraction
data from [11], uniformly sampling N = 12,800 examples spread across all relation labels in
accordance with the FewRel dataset. The BERTy,,. model is fine-tuned over 3 epochs as in the prior
work.
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size, comparing downsampling methods. Horizontal dotted line represents model performance when
trained on all available data (no pruning). (R) Tabulated F1 results corresponding with plots. ACS
matches or outperforms full-data training with only 30% of the data.

Results. Figure[dpresents the F1-score results on the synthetic FewRel dataset, clearly demonstrating
that ACS consistently surpasses the baseline methods at nearly all data subsampling proportions.
Similar to the sentiment analysis task, ACS achieves competitive or superior performance using
just 30% of the available synthetic data. Figure [ provides additional support by showing that
subsets selected by ACS, again, obtain substantially lower SelfBLEU scores, indicating greater
representational diversity. This enhanced diversity is particularly valuable for relation extraction,
which benefits from nuance and varied training examples to better capture the complex semantic
relations between entities.

5.2 Token-Level Task: Named Entity Recognition

We lastly validate ACS on the token-level named entity recognition (NER) task using a synthetic
corpus generated to match the AI domain split of CrossNER [33]]. This task involves labeling each
token in a sentence with one of 14 distinct entity classes or a null identifier. For example, on the
sentence: “We evaluated BERT using the SQuAD benchmark and compared its performance with
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Figure 5: (L) F1 scores (top) and SelfBLEU diversity (bottom) for CrossNER as a function of subset
size, comparing downsampling methods. Horizontal dotted line represents model performance when
trained on all available data (no pruning). (R) Tabulated F1 results corresponding with plots. ACS
matches or outperforms full-data training with only 20% of the data.

BiDAF on multiple F1-score metrics.” a classifier would have to mark the relevant tokens (BERT,
SQuAD, BiDaF, F1-score) with the labels (Tool, Dataset, Tool, Metric) respectively. The synthetic
corpus used here contains N = 3, 000 sentences, each carefully generated to reflect diverse entity
mentions. We crucially highlight for this roken-Ilevel classification task, we still deploy ACS on
the sentence embeddings to isolate the most representative samples. The selected sentences are
subsequently parsed back into their tokenization for classification. We fine-tune a BERTp,s. model
specific to the NER task [42] over 50 epochs, applying early stopping to prevent overfitting.

Results. Figure[S]illustrates ACS’s performance on the token-level classification task. Using only
20% of the original synthetic dataset, ACS achieves accuracy comparable to training on the entire
dataset. Furthermore, ACS consistently selects subsets with notably greater diversity, as evidenced by
lower SelfBLEU scores compared to baselines. This confirms ACS’s capability to effectively capture
a wide representation of the dataset, even for precise token-level predictions.

6 Discussion

Our experiments convincingly demonstrate that ACS effectively distills large synthetic datasets into
smaller, highly representative subsets, significantly enhancing model training efficiency and accuracy.
Several distinctive strength set ACS apart from existing downsampling and filtering methods.

First, ACS reliably identifies remarkably small subsets—often around 20% or even less of the original
synthetic dataset—that allow models to achieve performance matching or surpassing that of models
trained on the full dataset. This capability underscores the potential efficiency gains and practical
utility of ACS in real-world scenarios, especially when computational resources or training time are
limited. Second, unlike many alternative methods that require fitting multiple models or extensive
hyperparameter tuning to gauge sample importance, ACS does not depend on repeated training
iterations. Instead, our method leverages a straightforward binary search on a similarity graph. Third,
ACS does not rely on label information during the subset selection phase, making it broadly applicable
to both supervised and unsupervised scenarios. This feature notably enhances its versatility, enabling
effective deployment in diverse data scenarios without requiring preliminary labeling efforts. Lastly,
ACS explicitly focuses on identifying optimal collections of data points rather than individual samples
with maximal individual contribution. This collection oriented approach ensures that the selected
subsets comprehensively represent the overall dataset diversity and structure, rather than emphasizing
potentially redundant or outlier points that individually maximize some criterion. As such, ACS
offers a robust, efficient, and versatile approach to synthetic data distillation, delivering substantial
improvements in downstream task performance through highly informative and diverse subsets.
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Figure 6: Empirical results for the FewRel dataset. (L) Coverage of data increases with k& or when
decreasing the similarity threshold. Colors correspond to the fixed similarity thresholds depicted
in the legend. (R) Model accuracy as a function of coverage level for the sentiment analysis tasks.
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A  Omitted Results

We here present the empirical analysis of Section 4] on the FewRel and CrossNER datasets. We
further present a sensitivity analysis to the max degree parameter for all of the datasets.

A.1 Empirical Analysis of ACS

We begin with the empirical ACS validation of Section[d]for the remaining datasests. In both instances,
we observe consistent monotonicity in the coverage as a function of k-selection with decreasing
similarity thresholds, as well as improved downstream task performance with coverage values less
than 1.0. Figure[6 presents the empirical results for the FewRel dataset and Figure [7]for CrossNER.
In both instances, the greedy approximation to max coverage exhibits monotonicity as needed for the
binary search procedure. We further see that full coverage is non-optimal in most instances, further
motivating our usages of coverage = 0.9 throughout the experimental results.

B Scalability of Adaptive Coverage Sampling

In large-scale settings, the computational cost of optimizing the similarity threshold 7 for ACS can
become prohibitive due to the O(n?) complexity of evaluating pairwise similarities. Though we can
speed up such computations with methods such as Locality Sensitive Hasing (LHS) or hop-spanner
methods [5 [13, [19]], we further propose a scalable variant of ACS that conducts threshold selection
on a small random subset of the data. For a desired downsampling value of £ < N, we uniformly
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at random select a small subgraph of N’ < N nodes and run the ACS procedure on the reduced
instance. Once the optimal edge similarity threshold 7* is identified on this subset, it is reused
to construct the similarity graph and perform ACS on the full dataset. This approach significantly
reduces computational cost while maintaining effective coverage.

Formally, let G = (V, E) be the similarity graph constructed on the full dataset, where edges are
defined between points with similarity exceeding a threshold 7. Let V/ C V denote a uniformly
random subsample of size N’, and let G’ = (V', E’) be the induced subgraph. For any subset S C V/,
we define the normalized coverage as the fraction of nodes in V' that are neighbors of some node in .S
under threshold 7. We proceed to show that threshold tuning on the subsample generalizes well to
the full dataset, in the following proposition.

Proposition 1. Let 7 € [0, 1] be fixed. For any subset S C V' of size k, let Cov,(S; V') =
| Uy eg{u€Visim(u,v) >}
V]
selection of size K using the same threshold. Then, with high probability over the choice of V', we

have:

be the normalized coverage. Let S C V be the greedy max coverage

|Cov-(S; V) — Cov,(S";V')| <e

for some € € O < h)g](vl/&)>, where § is the failure probability.

Proof. Let G = (V, E) be our original similarity graph and let V' C V be a subset of vertices chosen
uniformly at random, with |[V’| = N’. Consider the induced subgraph G’ = (V', E’). For a fixed
threshold 7 € [0, 1], we define coverage for a subset S C V as

| Upeglu € V i sim(u,v) > 7'}|

Cov,(S;V) = v

Let S C V and S’ C V' each be greedy max coverage selections of size k using threshold 7 on
graphs G and G, respectively. Our goal is to show that, with high probability,

|Cov,(S; V) — Cov,(S; V)| <¢,

fore € O (\ / logﬁ/‘”), with failure probability at most J.

We first compute expected relationships. The expected number of edges in the induced subgraph G’
is

vl
Bz - L2

(5

|El,

and the expected degree on G/, d’, is

V-1
E[d/] = V'||_1davg'

Thus, for a fixed sets S C V and S’ C V"’ of size k, we have

_ Vv =1

]E[COVT(S/; V/)] = W

Cov,(S; V).

Define the indicator random variables
X, =1[Fv € S sim(u,v) > 7], ueV’,
so that coverage can be expressed as
1

Cov, (S V') = v Z Xu.
ueV’

Applying Hoeffding’s inequality, we have for any ¢ > 0,
Pr (|Cov, (5'; V') — E[Cov, (/s V/)]| = ) < 2exp(—2[V"|¢2).
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log(2/9)

s48  Choosing t = STV

we get with probability at least 1 — 4,

|Cov,(S"; V') — E[Cov,(S"; V')]| < 102g|(5{|§).

s49 Therefore, using these inequalities, we bound
|Cov,(S; V) — Cov,(S; V)| < [Cov,(S; V) — E[Cov.(S;V)]| + |[E[Cov,(S; V)] — Cov.(S"; V)|

log(2/0) V- v
S\ 2w T <|V/<|V| - 1)) ‘

ss0  Assuming |V’ sufficiently large relative to |V], the second term becomes negligible compared to the
551 Hoeffding term. Hence, we conclude that with probability at least 1 — 4,

|Cov,(S;V) — Cov(S';V') <e, where e=0 ( 10g|‘(/1’/|6)> .

s52  This completes the proof. O

553 This proposition establishes that threshold selection on a small sample yields an accurate coverage
s54 estimate on the full dataset, with the accuracy improving for larger datasets.

555 To validate this claim empirically, we conducted a series of experiments across the datasets used in
ss6  the main text (sentiment analysis, relation extraction, and named entity recognition). In each setting,
557 we selected a random subset of the data at varying proportions, ranging from very small to nearly the
sss  full dataset. For each subset, we used binary search to identify the threshold 7* such that the greedy
559 ACS procedure on the subset achieved a fixed target of 90% coverage with k examples. We then
se0 applied this same threshold 7* to construct the similarity graph for the full dataset and ran the greedy
561 max coverage to select a size- K subset, measuring the resulting coverage over all data points.

s62 Figure 10 summarizes the results. Each plot corresponds to a different dataset (SST2, FewRel, or
s63 CrossNER). The x-axis represents the fraction of the dataset used to compute the optimial threshold,
s64 and the y-axis shows the actual coverage obtained on the full dataset using that threshold. A shaded
s6s band indicates an e-envelope centered at the target coverage of 90% where € is set to be 5 x 1073,
se6 Across all settings, we observe that even small subsamples, often less than 20% of the full dataset,
s67 yield thresholds that generalize well. As the sample size increases, the coverage rapidly converges to
ses the target, and variance remains low throughout.

s69 These results provide strong empirical support for the scalable ACS approach. By selecting a
570 threshold on a small, randomly drawn subset, we can achieve nearly identical coverage behavior on
571 the full dataset, enabling efficient and accurate training data selection in large-scale scenarios without
s72 repeated expensive graph construction or threshold tuning.

573 We note that the above experiments, in line with Proposition [I] do not impose any max degree
574 constraints on the similarity graph. We demonstrate that even when such constraints are imposed, the
s75  scalability of optimal threshold remains. In Figure [I0] we again impose the max degree constraint of
576 2 <- N/ and set a target coverage of 0.5.
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Figure 10: Coverage transfer from subsample to full dataset. Each point corresponds to a threshold 7*
optimized on a random subset with max degree constraint of a given size and evaluated for coverage
on the full dataset. The gray band denotes a small tolerance range around the 50% target. Results
show threshold transfer achieves accurate and stable coverage across various dataset sizes. (Left)
SST2, (Middle) FewRel and (Right) CrossNER.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Yes. Methodology’s validity is demonstrated in Section 4, with demonstration
of its performance in Section 5.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Yes, limitations as compared to other methods discussed in related work, as
well as Section 6.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: Main theoretical claim of Section 3 is proven on page 5.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Yes, all methods are clearly delinated and source codes provided as supplimen-
tary materials.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

20



682
683
684

685

686
687

688

689

690
691

692
693
694
695

696
697
698

699
700

701
702
703

704
705

707

708

709
710
71

712

713
714

715

716

77
718

719
720
721

722
723

724

725

726

727
728
729
730
731
732
733

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All codes, random seeds, and notebooks to run are provided as supplimentary.
Codes are well documented and easy to run.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Yes, ablation and study of optimal parameters discussed in main text. Random
seeds for direct replication of model training provided.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Results averaged with error reported.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Compute resources discussed in Section 3.2.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Anonymity preserved.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification:
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data

collector.
Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: LLMs only used editing the writing.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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