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Abstract
Differentially private (DP) text synthesis promises
to unlock sensitive corpora for model training,
but it remains unclear whether DP synthetic data
transmits genuinely new knowledge and capabil-
ities present only in those corpora. This is be-
cause existing evaluations rely on tasks that are
nearly solvable without training, so strong bench-
mark performance does not establish that DP syn-
thesis can substitute original data access. Thus,
we introduce CONTINUOUSBENCH, a continu-
ously and automatically-regenerated benchmark
that measures capability gain from DP synthetic
text. Each quarter, a new release pairs a never-
before-seen training corpus with a derived QA
set, constructed to be: (1) unsolvable sans-corpus;
and (2) learnable under DP, as the tested knowl-
edge is supported by hundreds of independent
records. Researchers produce DP synthetic data
from the training corpus and run our standard-
ized training and evaluation harness on their syn-
thetic data to measure gains. Although standard
benchmarks are nearly saturated, on CONTINU-
OUSBENCH we find that non-private synthesis
transfers substantial knowledge from the origi-
nal corpus, while state-of-the-art DP synthesis
methods generally fail to do so, even at ε = 100.
CONTINUOUSBENCH is available at https://
hf.co/AnonymousContinuousBench.

1. Introduction
As publicly available text becomes increasingly depleted
as a training source for model improvement, much of the
remaining high-value data resides in sensitive or proprietary
corpora that cannot be directly shared or trained on (e.g.,

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by The Impact of Memorization
on Trustworthy Foundation Models Workshop @ ICML. Do not
distribute.

clinical notes, legal records, internal documents). Differen-
tially private (DP) text synthesis offers a compelling alter-
native in which we can learn from such corpora through a
privacy-preserving synthetic release. The key question, how-
ever, is not whether DP synthesis can generate stylistically
similar text, but whether DP synthetic text can preserve the
capability gains that access to the original restricted corpus
would have provided.

Yet this substitutability question is not answered by exist-
ing literature, largely because we lack a rigorous evaluation
framework that tests whether a given DP synthesis method
is capable of preserving the high-value facts and skills learn-
able from the sensitive corpus (see Fig.1 and F). In particular,
to claim that DP synthesis can replace access to sensitive
data in generality, an evaluation must rule out the possibility
of downstream improvements coming from: (1) elicitation
of knowledge already present in the base model from public
pretraining; (2) the simplicity of the evaluated task, that is,
if task success requires only superfical distributional match-
ing rather than learning high-value facts and skills; and (3)
teacher-student distillation effects when a stronger generator
produces data for a weaker downstream model.

Contributions. We introduce CONTINUOUSBENCH
(Fig. 2) to remove the three aforementioned issues. Quar-
terly, automatic releases will couple a never-before-seen
training corpus with a derived question-answer (QA) set.
Our contributions:

(1) Continuously regenerated, access-dependent bench-
mark. CONTINUOUSBENCH tasks are unsolvable without
access to the released training corpus. We implement this
by testing the model on either fictional or post-cutoff knowl-
edge. To stay contamination-free, CONTINUOUSBENCH
uses an automated curation pipeline allowing for periodic
regeneration of new versions. (2) Grounded factual QA
as the evaluation task. We focus on short-answer question
answering tasks that cannot be solved with surface-level
distribution matching. Questions are constructed so that the
answer appears across many independent records, making
them learnable under DP. (3) Frontier constraint to elimi-
nate distillation confounds. To rule out distillation from a
stronger teacher, we enforce that identical base models are
used for generating the DP synthetic data as well as for mea-
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Figure 1. A saturated benchmark leaves little room to distinguish methods. We compare downstream accuracy of GEMMA 3 4B after
3 increasingly informative training regimes: no training, training on DP synthetic data (ε = 10), and training on the real corpus. Standard
benchmarks are near-saturated, but CONTINUOUSBENCH reveals that DP synthesis has significant headroom.

suring downstream task improvement. (4) An improved
understanding of the gaps between existing methods.
While existing evaluations suggest that most methods per-
form similarly, on CONTINUOUSBENCH, we find that DP
synthesis falls far short of non-private synthesis (Figure 1),
even at ε = 100. (5) Standardized, open-source evalu-
ation harness. We release the corpus, QA sets, training
recipes, and prompting and scoring scripts as an easy-to-
use benchmarking package to accelerate progress in DP
synthetic data.

1.1. Background and problem formulation

Capability gain from DP synthetic text: Differential pri-
vacy (DP) bounds how much any individual’s data can affect
the output of an algorithm. The state-of-the-art approach
to generating DP synthetic text is to finetune an LLM with
DP-SGD, and sample from the resulting model. We study
whether DP synthetic text can preserve the capability gain
that would have been obtained by training on the origi-
nal corpus. use continual pretraining as a practical proxy:
starting from a fixed pretrained checkpoint, we train on a
candidate corpus and then evaluate the resulting model with
a fixed set of eval prompts. In this setting, a dataset is useful
if additional training on it improves the accuracy.

Population-level knowledge, not singleton memorization:
Grounded QA could appear to reward the kind of memo-
rization DP is meant to suppress. Our benchmark instead
distinguishes individual-specific facts, which should not be
memorized, from facts supported by hundreds of indepen-
dent records. The latter are population-level knowledge:
e.g., a condition described across many clinical notes (Wu
et al., 2025b) or a legal argument appearing across many
cases. A synthesis method that cannot recover such re-
peated knowledge has not meaningfully preserved the cor-
pus. CONTINUOUSBENCH therefore measures utility as
a function of support count, using short-answer QA as an
automatically verifiable proxy for corpus-specific capabil-
ity transfer, following factual-recall benchmarks such as
MMLU (Hendrycks et al., 2021b;a), TriviaQA (Joshi et al.,
2017), and Natural Questions (Kwiatkowski et al., 2019).
See Appendix C for further discussion.

2. CONTINUOUSBENCH

Benchmark overview. CONTINUOUSBENCH is a bench-
mark and evaluation harness for (differentially private) text
synthesis. Each CONTINUOUSBENCH release is a versioned
evaluation package containing: (i) a training corpus, (ii) a
grounded short-answer QA set derived from that corpus,
and (iii) a standardized harness for downstream training,
prompting, decoding, normalization, and scoring.

Usage. Given a release, the participant selects a privacy
regime and a target base model checkpoint, and then applies
their DP synthesis method to the release corpus to obtain a
synthetic training set. The synthetic training set is handed
over to the CONTINUOUSBENCH harness, which conducts
continued pretraining on same base checkpoint on that syn-
thetic data using our fixed recipe. The resulting model is
then evaluated on the release QA set.

2.1. Dataset tracks

CONTINUOUSBENCH has comprises of two dataset tracks.

Track I: GEMINON is a fully fictional, Pokémon-inspired
world designed to make freshness procedural and unam-
biguous. Each release regenerates a new set of fictional
entities together with attributes such as types, stats, and evo-
lutions, along with a corpus describing them across multiple
in-world formats. These formats are chosen to distribute
each atomic fact across multiple independent records while
preserving textual diversity.

Track II: NEWS evaluates DP synthesis in a realistic, noisy
setting derived from contemporary news. For each release,
we collect articles from a fixed post-cutoff window, clean
and segment them into timestamped records, and dedupli-
cate near-identical content while preserving natural event-
level redundancy across outlets. Unlike GEMINON, NEWS
reflects real-world language, topical breadth, uneven event
coverage, and occasional cross-source inconsistencies, mak-
ing it a stress test for DP synthesis.

Estimating the number of records supporting a ques-
tion. The two tracks estimate support count differently.
In GEMINON, support count is controlled by construction.
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Figure 2. Workflow of CONTINUOUSBENCH. Each release (A) pairs a freshly generated training corpus with a derived QA set. The
participant runs their DP synthesis method (B) on the corpus to obtain synthetic data; our standardized harness (shaded) then fine-tunes
(C) the same checkpoint used for synthesis on this data and scores it on the held-out QA test set (D). Releases are regenerated periodically,
keeping the benchmark contamination-free.
In NEWS, support count is estimated by verification. First,
we cluster articles to identify events and generate QAs for
each event. For each QA, we retrieve candidate supporting
articles, and designate the article as supporting only if its
counterfactual inclusion in a judge model’s context causes
it to start producing the correct answer. In GEMINON, each
QA split contains two subsets: a high-repetition subset,
where each target fact appears in approximately 200 records,
and a singleton subset, where each target fact appears only
once. For NEWS, the canonical eval set keeps all questions
with support count at least 200; we also report results on
the full QA set as well as subsets with support count at least
400, 600, and 800 in Appendix D. Full generation prompts,
qualitative examples, corpus statistics, and QA statistics are
provided in Appendices G and H for the two tracks.

2.2. Evaluation harness and metrics

Given a candidate corpus, either real or (DP) synthetic, CON-
TINUOUSBENCH trains a fixed evaluator initialized from
the same base checkpoint as used for generation, using a pre-
scribed continual-pretraining recipe. The resulting model
is then evaluated on the target QA set. Final results are re-
ported on the held-out QA test split using the track-specific
primary metric: exact-match accuracy for GEMINON, whose
answers have canonical surface forms, and LLM-match ac-
curacy for NEWS, whose answers may admit paraphrases
or other free-form variation. The evaluator checkpoint is
selected based on the best “contains” accuracy on the QA
validation split, where a prediction is scored as correct when
the normalized ground-truth answer is contained in the nor-
malized model prediction.

3. Experimental results
We evaluate on GEMINON-SMALL and NEWS-SMALL,
each with roughly 200K training examples, using Gemma
3 checkpoints for both the generator and the evaluator. We
train public and DP generators with rank-128 LoRA, on the
training split of the original corpus using LoRA with rank
128. For DP training, we employ state-of-the-art, optimized
DP-SGD configurations employing truncated poisson sam-
pling (Chua et al., 2024), PLD accounting (Ganesh, 2025)

with δ = |dataset|−1.1, normalized clipping (De et al.,
2022), and follow recommendations from existing literature
regarding the necessity of larger batch sizes and compute
budgets than standard training (Ghazi et al., 2022; Li et al.,
2022; De et al., 2022; Sander et al., 2023) – our DP runs
use 16x larger batch sizes and ≈ 5.3x FLOPs than standard
training. Downstream evaluators are trained on the original
corpus, non-private synthetic data Syn (ε = ∞), or DP syn-
thetic data DP-Syn with ε ∈ {10, 100}, using our released
harness.1 We report full-parameter exact-match accuracy
for GEMINON and LLM-match accuracy for NEWS.

3.1. Validation of benchmark

We first validate that the benchmark satisfies two basic
desiderata: (i) the evaluated facts are not already accessible
to the base models, and (ii) the facts are learnable from the
released corpus under our standardized training recipes. As
shown in Table 1, the base checkpoints achieve near-chance
QA accuracy without access to the corpus, while training
on the real corpus yields large gains for both datasets.

Table 1. Models obtain high CONTINUOUSBENCH QA accuracy
(%) if and only if they train on the corpus.

GEMINON (%) NEWS (%)

Model No training Train on real No training Train on real

1B 1.0 88.2 9.6 51.3
4B 1.1 96.4 14.1 70.4

3.2. The capability gap under differential privacy

Capability gap. We next address the question: how much
utility is lost when moving from non-private synthesis to DP
synthesis? Figure 3 shows a large capability gap, and that
DP synthetic data fails to transfer corpus knowledge. Non-
private synthesis (Syn, ε = ∞) transfers substantial factual
knowledge from the original corpus: with matched 4B gener-
ator and 4B evaluator, downstream accuracy reaches 92.5%
on GEMINON and 65.54% on NEWS. The corresponding 1B

1We release the full evaluation harness, including train-
ing recipes, prompts, sampling configurations, normalization
rules, and scoring scripts at https://anonymous.4open.
science/r/ContinuousBenchEval-5EF3/.
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setting also achieves strong performance, reaching 86.31%
on GEMINON and 53.04% on NEWS. Thus, synthetic data
can serve as an effective medium for transferring corpus-
specific knowledge when generated without privacy con-
straints. However, when the synthetic corpus is generated
by a DP fine-tuned generator (DP-Syn), this transfer sharply
reduces this transfer. At ε = 100, accuracy drops to 13.7%
on GEMINON and 20.55% on NEWS for the 4B setting, and
to 6.85% and 13.7% for the 1B setting. At ε = 10, perfor-
mance falls further, reaching only 3.86% on GEMINON and
5.79% on NEWS for the 4B setting.
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Figure 3. Capability gap between non-private and DP synthesis,
measured by downstream QA accuracy. Bars show evaluators
trained on DP synthetic data (DP-Syn) at ε ∈ {10, 100} and on
non-private synthetic data (Syn, ε = ∞), for matched generator-
evaluator sizes (1B×1B in orange, 4B×4B in blue). Dashed hori-
zontal lines mark the train-on-real-corpus reference.

This capability gap is consistent across downstream evalua-
tor training regimes (LoRA vs. full fine-tuning), generator–
evaluator size configs ({1B, 4B} x {1B, 4B}), and datasets.
This suggests that the main bottleneck lies in the DP-
constrained synthetic corpus, more specifically, in the DP
fine-tuned synthesizer. Metrics for all training and generator–
evaluator configs are in Tables 5 and 6.

MAUVE is not discriminative. We further examine this
distinction using MAUVE (Pillutla et al., 2021), which mea-
sures distributional similarity between generated and origi-
nal corpora. Figure 4 shows that MAUVE decreases much
more mildly than QA accuracy under DP synthesis. On
GEMINON, for example, the 4B generator achieves MAUVE
0.83 without DP and 0.73 at ε = 10, even though QA accu-
racy drops from 92.5% to 3.86%. The same pattern appears
on NEWS. These results indicate that DP generators can
preserve the distributional form of the corpus—style, topic
distribution, and document structure—while failing to pre-
serve the specific factual content required for grounded QA
(see additional in Table 7.)
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Figure 4. MAUVE scores for synthetic corpora, from either a 1B
or 4B generator, against original corpora. The dashed gray line is
the MAUVE score between disjoint splits of the original corpora.

Alternative baselines. Finally, we find that alternative
baselines do not close this gap: neither training-free synthe-
sis methods, such as Private Evolution (Xie et al., 2024), nor

direct DP fine-tuning reliably recover the repeated corpus-
specific facts tested by CONTINUOUSBENCH, in Appen-
dices D.3 and E.

3.3. The number of supporting records affects
knowledge transferability

A crucial feature of CONTINUOUSBENCH is that each test
QA is paired with its support count – the number of indepen-
dent training records that contain the information required
to answer it correctly. We use this to ensure that our tasks
are solvable under DP; but furthermore, it allows us to inves-
tigate the performance profile of a given synthesis method
on questions of varying support counts.

For GEMINON, we evaluate on the singleton set, which
consists of questions whose answers are, by design, present
in only a single corpus record. Hence, DP should strongly
suppress their learnability. Consistent with this expectation,
downstream evaluators perform poorly on the sensitive split,
as shown in Table 2. Full results are reported in Table 13.
Table 2. Singleton set accuracy on GEMINON for facts that appear
in only one record in the corpus.

Model No Training Train on real Syn DP-Syn@ε = 100 DP-Syn@ε = 10

1B 0.6 3.0 1.2 0.8 0.6
4B 0.9 5.0 2.1 0.8 0.8

For NEWS, the number of records supporting a question
varies naturally across our evaluation set. Figure 5 shows the
effect of support count on accuracy, via bucketing questions
by support count and plotting the average accuracy inside
the bucket. We see that the gap between DP synthetic and
“No training” emerges around k ≈ 600. Full results for
NEWS accuracy by support count are in Appendix D.4.
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Figure 5. Accuracy (%) on NEWS by QA support-count bucket;
error bars show std. dev. QAs are bucketed by support count; we
plot the average support count and accuracy inside each bucket.

4. Conclusion
We introduce CONTINUOUSBENCH, a continuously regen-
erated benchmark for evaluating whether DP synthetic text
preserves population-level knowledge while suppressing
singleton memorization. Our results show that non-private
synthesis transfers corpus-specific knowledge, whereas cur-
rent DP synthesis largely fails to recover repeated facts, even
at ε = 100, despite preserving surface-level similarity. We
envision CONTINUOUSBENCH as a reproducible yardstick
for accelerating progress in DP synthetic data.
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A. Related work
DP synthesis benchmarks. A small number of benchmarks target the evaluation of (DP) synthetic data generation. Struct-
Bench (Wang et al., 2025) and Chen et al. (2025) focus on structured and tabular data; DPImageBench (Gong et al., 2025)
standardizes evaluation for DP synthetic images by fixing downstream tasks and comparing generation methods. In the
text domain, Sun et al. (2025) benchmark DP text generation using similarity metrics and downstream classification utility.
These efforts are valuable, but none addresses the three evaluation challenges motivating our work: ensuring freshness of
the evaluated knowledge, using tasks that measure capability transfer rather than surface similarity, and controlling for
teacher-student mismatch.

Contamination-resistant and data-centric benchmarks. AntiLeakBench (Wu et al., 2025a) and FreshQA (Vu et al.,
2024) construct continually updated QA sets to reduce contamination, but they are not packaged as matched train-test
releases for measuring learning from a released corpus. StreamingQA (Liska et al., 2022) provides a timestamped corpus
and QA set, but its news stream largely predates modern LLM training cutoffs. TOFU (Maini et al., 2024) is synthetically
constructed and conceptually adjacent to our setting, but lacks the knowledge repetition needed to distinguish DP-learnable
population facts from singleton facts and is not continuously regenerated. None of these benchmarks were designed to
evaluate (DP) synthesis methods. Our benchmark design draws on data-centric evaluation principles. DataComp-LM argues
that when the object of study is the data itself, downstream training, compute, and evaluation should be held fixed so that
performance differences are attributable to the data (Li et al., 2024). WildBench emphasizes explicit benchmark scope and
dataset criteria (Lin et al., 2024), while BetterBench distills benchmark construction into concrete best practices (Reuel
et al., 2024). CONTINUOUSBENCH adopts this philosophy for DP synthetic text, combining fresh corpus-specific capability
transfer, grounded QA, and frontier-matched evaluation in a single continuously regenerated package.

B. Detailed Comparison with Prior DP Synthesis Evaluations
In this appendix we provide a detailed comparison of the evaluation protocols used in prior DP text synthesis work,
motivating the design choices of CONTINUOUSBENCH. Table ?? summarizes the key dimensions.

Yu et al. (2023). This work constructed a post-cutoff PubMed dataset by collecting abstracts from the National Library of
Medicine published between 2023/08/01 and 2023/08/07, after the cutoff date of Llama2-7B. They used Llama2-7B both as
the generator and the downstream evaluator, and reported results on PubMed and MediaSum using next-token prediction
(NTP) accuracy. This design is appealing in that it matches the generator and evaluator, avoiding teacher-student mismatch,
and ensures the data is not contaminated. However, the downstream task (NTP) remains relatively simple and does not test
whether specific facts are transferred. Additionally, the freshness guarantee is tied to a single model family: a corpus that is
post-cutoff for Llama2-7B is not necessarily fresh for newer families.

Kurakin et al. (2023). This work pretrains a LaMDA 8B variant on The Pile to ensure the generator is not itself trained on
data later treated as private. They evaluate on IMDB, AGNews, and Yelp using BERT-based downstream models, primarily
reporting classification accuracy together with distributional similarity metrics (MAUVE). This setup carefully addresses one
contamination concern for the generator, but it still relies on classification tasks and introduces a substantial teacher-student
gap between the 8B generator and 110M evaluators. Notably, Appendix D of their work reports overlap between IMDB and
WebText-like corpora, illustrating how benchmark contamination can arise even when care is taken in generator pretraining.

Tan et al. (2025). This work uses BART as the generator (with DP fine-tuning) and evaluates downstream with BERT
on PubMed, Chatbot Arena, and Multi-Session Chat (NTP), and with RoBERTa on Yelp and OpenReview (classification).
They perform overlap checks against RedPajama-indexed pretraining data to reduce contamination. These controls are
valuable, but the basic evaluation pattern remains similar: teacher and student are mismatched, and downstream tasks are
classification or token-prediction based.

Xie et al. (2024). This work evaluates a wide range of generator families via in-context learning, including GPT-2 variants,
GPT-3.5, OPT-6.7B, Vicuna-7B, Llama2-7B-chat, Falcon-7B-instruct, and Mixtral-8x7B, while using comparatively small
downstream evaluators (RoBERTa for Yelp and OpenReview; BERT for PubMed). The generator-evaluator mismatch is
substantial across all configurations.
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Amin et al. (2024). This work uses Gemma 1.1 2B IT as the generator and evaluates with BERT on IMDB, Yelp,
and AGNews, and with GPT3-babbage on AGNews, DBPedia, and TREC, focusing on classification accuracy. The
teacher-student gap and reliance on classification evaluation remain.

Hu et al. (2025). This work uses Gemma3 1B PT as the generator together with Gemini-2.5-Flash-Lite as an oracle
model, evaluating with SciBERT on a bioRxiv benchmark and with BERT on PMC-Patients using NTP accuracy alongside
distributional metrics (MAUVE). The oracle model introduces an additional confound beyond standard teacher-student
mismatch.

Overall, these works substantially advance the methodology of DP text synthesis, but their evaluations share common
limitations: reliance on simple downstream tasks (classification, NTP), frequent teacher-student mismatch between generator
and evaluator, and benchmarks whose freshness may not hold uniformly across model families. CONTINUOUSBENCH is
designed to address all three issues simultaneously through continuously regenerated corpora, grounded factual QA, and the
frontier constraint.
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C. Memorization, capability, and repetition.
A natural concern with grounded QA evaluation is that it conflates memorization of specific training records, which DP is
designed to suppress, with the broader capability gains DP synthesis is meant to deliver. We take this critique seriously.
Any reasonable parameterization of DP should protect facts that appear only once in a corpus: a benchmark that rewarded
their recovery would be miscalibrated, and our sensitive split in GEMINON (k = 1) explicitly tests for and confirms this
suppression.

The opposite failure is equally important. Consider a corpus of clinical notes in which a particular condition, including its
presentation, typical treatment course, and common complications, is described across thousands of independent records,
or a corpus of legal filings in which a specific argument is deployed in hundreds of distinct cases. A synthesis method
that produces fluent medical or legal prose while losing the ability to answer basic factual questions about that condition
or argument has not preserved the corpus in any meaningful sense. Information at this level of redundancy is closer to
population-level knowledge than to individual-specific memorization, and supporting its transfer is, in our view, central to
what DP text synthesis is supposed to enable.

Where exactly the threshold lies between individual-level memorization and population-level knowledge is not settled in the
literature, and we do not propose a specific value. What CONTINUOUSBENCH provides is the ability to measure DP utility
as a function of repetition: by stratifying NEWS evaluation across k ≥ 200, 400, 600, 800 and contrasting GEMINON’s
high-repetition (k ≈ 200) and singleton (k = 1) splits, the benchmark exposes how learnability scales with redundancy
rather than collapsing the question to a binary. We treat short-answer QA as a minimal, automatically verifiable signal of
corpus-specific transfer, and assume it is at least correlated with broader capability. This assumption is implicit throughout
the LLM evaluation literature: factual-recall benchmarks such as MMLU (Hendrycks et al., 2021b;a), TriviaQA (Joshi et al.,
2017), and Natural Questions (Kwiatkowski et al., 2019) are routinely used as proxies for general model capability, on the
premise that a model which cannot reliably retrieve well-attested facts is unlikely to be reasoning competently over them.
We make the same minimal commitment here: a method that cannot recover even highly redundant facts from the training
corpus is unlikely to be transferring the more diffuse capabilities those facts encode, while strong recall is not by itself proof
of broader capability gains.
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D. Experimental Details
This appendix provides implementation details. In the main experiments, we evaluate on GEMINON-SMALL and NEWS-
SMALL, use pretrained GEMMA3 checkpoints for both generators and evaluators, and train all models with the standard
causal language modeling objective in a continual-pretraining style.

Evaluator models are trained and evaluated on A100 GPUs, while public and DP generators are trained on TPU v5s. All
experiments use the standardized evaluation harness described in Section 2.2. We tune generator hyperparameters separately
for public and DP training, following prior work (Mckenna et al., 2025; Ponomareva et al., 2023; Yu et al., 2022). At
evaluation time, we generate answers using fixed few-shot prompts and greedy decoding. Evaluator checkpoints are selected
by “contains” accuracy on the QA validation split, and final accuracies are reported on the held-out QA test split.

D.1. More results on validation of benchmark

This section expands the benchmark validation results from Section 3.1. In the main text, we report the primary metric for
each dataset; here, we provide the full set of exact-match, contains, and LLM-match accuracies for both the no-training
baseline and training on the original corpus. These results are intended to justify that the benchmark conclusions are not an
artifact of a single matching rule.

Table 3. Full validation metrics for the test QA of NEWS (with repetition ≥ 200) and GEMINON public split (whose repetition ≈ 200).
Entries are exact-match / contains / LLM-match accuracy (%). No Training denotes the pretrained evaluator checkpoint without access to
the corpus, and Train on real denotes evaluator training on the original corpus.

GEMINON NEWS

Model Config No Training Train on real No Training Train on real

1B
LoRA

1.01 / 1.85 / 1.10
85.03 / 91.37 / 88.21

6.43 / 6.96 / 9.64
33.75 / 43.75 / 54.46

Full 88.24 / 93.72 / 90.57 31.96 / 41.43 / 51.25

4B
LoRA

1.13 / 3.04 / 1.76
96.70 / 99.11 / 97.80

9.11 / 10.00 / 14.11
40.54 / 45.71 / 63.93

Full 96.40 / 99.11 / 97.41 47.14 / 53.39 / 70.36

Table 3 shows that the validation conclusion is consistent across metrics. The no-training baseline remains low, especially
on GEMINON, while training on the original corpus yields large gains across exact match, contains, and LLM match, for
both lora and full-param training. This supports the two intended properties of the benchmark: the target facts are fresh with
respect to the base model, and they are learnable from the released corpus under the standardized training recipe.

For NEWS, we additionally report validation results stratified by knowledge repetition. This analysis is useful since NEWS
is derived from naturally occurring news text and therefore has uneven coverage: some events appear in many articles,
while others appear only sparsely. Unlike GEMINON, NEWS is substantially noisier: it is derived from naturally noisy
natural language distribution, and does not include additional knowledge-injection augmentations such as those used in prior
work (Yang et al., 2024; Zhao et al., 2025; Ovadia et al., 2025; Cheng et al., 2024). As a result, it is more difficult for small
models to acquire and retrieve the relevant facts (Allen-Zhu & Li, 2023) through a simple continual-pretraining run of 10K
steps.

A QA belongs to the ≥ k subset if the information required to answer the question appears at least k times in the NEWS
corpus. The subsets are cumulative, so larger thresholds correspond to better-supported but smaller evaluation sets. The full
exact-match, contains, LLM-match accuracies, stratified by the repetition of knowledge in NEWS is presented in 4.

Table 4 shows that repetition is a major driver of learnability in NEWS. Accuracy generally increases as the support threshold
rises, and the 4B evaluator benefits more reliably from repeated evidence than the 1B evaluator.

D.2. Additional results for the DP synthesis capability gap

We provide the full synthetic-data results corresponding to the main-body comparison in Section 3.2. Unlike the benchmark-
validation results in Section 3.1, these tables focus only on evaluator training from synthesized corpora. We therefore omit
the No training and Train on real reference runs and report only Syn and DP-Syn results.

Tables 5 and 6 expand the main results across generator size, evaluator size, and evaluator tuning method. Syn denotes
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Table 4. Detailed validation metrics of NEWS QA stratified by knowledge repetition. Entries are exact-match / contains / LLM-match
accuracy (%). The ≥ 0 row corresponds to all NEWS QAs, and ≥ k indicates that the information needed to answer the question appears
at least k times in the corpus.

Repetition of Knowledge # QAs Model Config No training Train on real

≥ 0 1415
1B

LoRA
3.60 / 3.89 / 5.58

20.28 / 26.36 / 32.93
Full 21.13 / 27.42 / 34.13

4B
LoRA

5.23 / 5.87 / 8.34
25.58 / 29.19 / 39.86

Full 35.55 / 41.20 / 53.85

≥ 200 560
1B

LoRA
6.43 / 6.96 / 9.64

33.75 / 43.75 / 54.46
Full 31.96 / 41.43 / 51.25

4B
LoRA

9.11 / 10.00 / 14.11
40.54 / 45.71 / 63.93

Full 47.14 / 53.39 / 70.36

≥ 400 266
1B

LoRA
8.27 / 8.27 / 10.90

40.98 / 53.01 / 64.66
Full 39.85 / 51.13 / 60.53

4B
LoRA

10.15 / 10.90 / 14.66
53.01 / 58.65 / 77.82

Full 57.89 / 64.66 / 83.46

≥ 600 133
1B

LoRA
7.52 / 7.52 / 10.53

47.37 / 57.89 / 69.92
Full 51.13 / 60.90 / 71.43

4B
LoRA

11.28 / 12.03 / 16.54
60.90 / 69.17 / 90.23

Full 63.91 / 70.68 / 90.98

≥ 800 54
1B

LoRA
7.41 / 7.41 / 12.96

62.96 / 68.52 / 79.63
Full 53.70 / 59.26 / 72.22

4B
LoRA

9.26 / 9.26 / 16.67
59.26 / 66.67 / 94.44

Full 55.56 / 62.96 / 88.89

non-private synthetic data generated without DP noise, while DP-Syn@ε denotes differentially private synthetic data at the
specified privacy budget ε. Each entry reports exact-match / contains / LLM-match accuracy. The expanded results show
that the capability gap persists across all configurations: non-private synthetic data transfers substantial factual knowledge,
whereas DP synthesis substantially reduces the amount of learnable knowledge preserved in the synthetic corpus.

Table 5. Full GEMINON QA accuracy (%) for evaluator training on synthetic corpora. Entries report exact-match / contains / LLM-match
accuracy. Columns are grouped by generator size, and rows indicate evaluator size and tuning method. Syn denotes non-private synthetic
data (ε = ∞), while DP-Syn denotes differentially private synthetic data at the specified privacy budget.

1B Generator 4B Generator

Evaluator Config Syn DP-Syn@ε=100 DP-Syn@ε=10 Syn DP-Syn@ε=100 DP-Syn@ε=10

1B
LoRA 89.26 / 94.26 / 91.31 6.88 / 11.10 / 8.72 1.10 / 4.82 / 3.63 88.07 / 94.14 / 90.92 3.63 / 6.82 / 5.45 2.14 / 4.73 / 4.11
Full 86.31 / 93.33 / 90.18 6.85 / 11.52 / 9.20 1.93 / 4.20 / 2.77 70.57 / 85.92 / 83.33 2.71 / 7.05 / 5.89 2.17 / 4.79 / 4.11

4B
LoRA 93.87 / 98.66 / 95.24 8.72 / 12.89 / 10.27 2.68 / 5.39 / 4.08 93.72 / 98.04 / 95.09 4.26 / 7.29 / 6.19 2.65 / 5.36 / 4.58
Full 92.65 / 99.17 / 95.92 9.02 / 13.69 / 11.25 2.78 / 4.83 / 4.06 92.50 / 98.18 / 94.76 3.78 / 6.82 / 5.95 2.92 / 5.57 / 4.67

Overall, the expanded tables support the same conclusion as the main results. Across all configurations, non-private synthesis
can produce synthetic corpora that support downstream factual learning, while DP synthesis yields much lower QA accuracy,
even at ε = 100, and degrades further at ε = 10. This pattern suggests that the primary bottleneck is the DP-finetune based
synthesizer rather than the downstream evaluator configuration.

We additionally report MAUVE scores between each synthetic corpus and the corresponding original corpus in 7. These
results provide a distributional comparison complementary to the QA-based downstream evaluation. To calibrate the scale,
we also report a reference score, computed between disjoint splits of the original corpus. Specifically, we use Gecko 110M
(Lee et al., 2024) embedding model with 1K samples and report the mean and std over 5 runs.

The MAUVE results reinforce the distinction between distributional similarity and factual utility. On GEMINON, MAUVE
remains relatively high even for DP synthetic corpora, despite the large drop in downstream QA accuracy. On NEWS,
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Table 6. Full NEWS QA accuracy (%) for evaluator training on synthetic corpora. Entries report exact-match / contains / LLM-match
accuracy. Columns are grouped by generator size, and rows indicate evaluator size and tuning method. Syn denotes non-private synthetic
data (ε = ∞), while DP-Syn denotes differentially private synthetic data at the specified privacy budget.

1B Generator 4B Generator

Evaluator Config Syn DP-Syn@ε=100 DP-Syn@ε=10 Syn DP-Syn@ε=100 DP-Syn@ε=10

1B
LoRA 34.29 / 41.61 / 51.79 11.79 / 13.57 / 18.75 8.21 / 9.11 / 13.93 36.79 / 44.46 / 55.00 12.50 / 13.75 / 19.11 6.43 / 7.68 / 12.32
Full 30.71 / 41.25 / 53.04 9.82 / 12.32 / 16.79 9.29 / 12.32 / 14.46 21.61 / 42.50 / 50.71 9.82 / 12.32 / 16.25 6.61 / 8.75 / 13.21

4B
LoRA 38.57 / 44.11 / 58.04 14.46 / 15.89 / 22.14 11.61 / 12.68 / 17.50 40.00 / 45.54 / 64.29 16.79 / 17.86 / 24.46 13.57 / 15.00 / 20.18
Full 41.07 / 47.50 / 60.89 16.61 / 18.75 / 23.57 11.96 / 13.75 / 17.14 36.25 / 51.79 / 65.54 17.86 / 19.29 / 25.89 13.21 / 14.29 / 19.64

Table 7. MAUVE scores comparing synthetic corpora to the original corpus. Entries report mean with standard deviation in parentheses.
Disj. is a same-distribution reference computed between disjoint splits of the original corpus. Syn denotes non-private synthetic data
(ε = ∞), and DP-Syn denotes differentially private synthetic data at the specified privacy budget.

(a) GEMINON

Generator Disj. Syn DP-Syn@ ε = 100 DP-Syn@ ε = 10

1B 0.868 (0.013) 0.817 (0.028) 0.748 (0.042) 0.685 (0.054)
4B 0.868 (0.013) 0.829 (0.029) 0.735 (0.023) 0.726 (0.041)

(b) NEWS

Generator Disj. Syn DP-Syn@ ε = 100 DP-Syn@ ε = 10

1B 0.870 (0.010) 0.659 (0.038) 0.424 (0.023) 0.341 (0.006)
4B 0.870 (0.010) 0.739 (0.021) 0.452 (0.044) 0.426 (0.023)

MAUVE decreases more substantially under DP, but still does not track QA accuracy closely. These results show that a
synthetic corpus can preserve broad distributional properties, such as style and document structure, while failing to preserve
the specific facts needed for grounded QA.

This also helps explain why factual QA is a stricter evaluation than tasks such as sentiment classification, topic classification,
or instruction following. For these tasks, downstream performance can often improve when synthetic data captures broad
domain style, label-associated lexical patterns, or generic instruction-response structure. In such settings, distributional
metrics like MAUVE may correlate more closely with downstream utility because the task does not require recovering
particular facts from the private corpus. In contrast, our QA tasks require the synthetic corpus to transmit specific entity
attributes. Thus, preserving the surface distribution of the corpus is not enough: to improve downstream factual capability, a
DP synthesis method must preserve the right facts, not merely generate text that looks in-domain.

D.3. Private Evolution Details

We describe the PE setup, report FID sweeps used to select generation temperatures, list the prompts used for candidate
generation and paraphrasing, and provide qualitative examples illustrating the observed failure modes.

D.3.1. PRIVATE EVOLUTION SETUP AND PARAMETERS

We follow the Aug-PE recipe of (Xie et al., 2024), using 10 PE iterations with 7 paraphrases per example at ε = 10. We
evaluate both GEMMA3 1B-PT and GEMMA3 1B-IT as generator models. The instruction-tuned model is rule out the
possibility that poor instruction following by the pretrained model is the bottleneck. For each configuration, we sweep the
sampling temperature over {0.8, 1.0, 1.2, 1.4, 1.6} and generate 2K examples per setting. We select the temperature with
the lowest FID score after the final PE iteration, and then generate the final 20K-example PE corpus using the selected
configuration. The FID scores are presented below.
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Table 8. FID scores for Private Evolution using the GEMMA3 1B-PT as generator across PE iterations and sampling temperatures. Lower
is better. The bold entry marks the temperature selected for the final 20K-example PE corpus for each dataset.

GEMINON NEWS

Iter t = 0.8 t = 1.0 t = 1.2 t = 1.4 t = 1.6 t = 0.8 t = 1.0 t = 1.2 t = 1.4 t = 1.6

1 107.38 90.45 87.52 115.53 145.37 83.60 59.27 53.83 73.01 94.72
2 71.70 57.97 68.22 106.51 142.48 53.10 40.23 43.33 67.74 93.80
3 59.04 46.23 59.51 98.13 138.09 46.78 34.70 40.04 64.43 91.73
4 53.58 41.59 55.24 91.88 134.05 43.52 31.98 38.30 61.85 90.04
5 49.72 39.21 52.63 88.21 131.65 42.45 29.88 37.45 60.20 88.75
6 48.52 37.28 51.11 84.40 130.06 41.75 28.64 36.83 58.37 86.84
7 46.96 36.31 49.37 81.02 127.50 41.76 27.11 35.54 57.44 85.73
8 46.30 35.31 48.46 77.55 125.21 40.77 27.29 35.08 56.63 84.70
9 45.74 34.20 47.30 75.47 123.76 39.77 27.31 34.10 55.69 83.31
10 45.29 33.54 46.73 73.16 121.27 38.82 27.44 33.86 54.72 82.41

Table 9. FID scores for Private Evolution using the GEMMA3 1B-IT as generator across PE iterations and sampling temperatures. Lower
is better. The bold entry marks the temperature selected for the final 20K-example PE corpus for each dataset.

GEMINON NEWS

Iter t = 0.8 t = 1.0 t = 1.2 t = 1.4 t = 1.6 t = 0.8 t = 1.0 t = 1.2 t = 1.4 t = 1.6

1 126.14 116.18 102.93 95.23 95.98 135.03 125.55 116.59 110.47 91.94
2 88.34 80.29 71.60 69.62 71.16 120.67 114.54 106.28 99.17 82.77
3 69.81 66.44 59.08 58.38 58.35 114.79 109.61 102.71 93.20 76.80
4 62.99 59.49 54.33 53.07 51.99 109.93 106.74 99.67 88.85 72.20
5 60.16 56.37 52.15 50.64 49.14 106.94 104.47 98.26 85.51 69.15
6 57.98 54.76 51.06 48.51 47.89 105.12 102.93 97.35 83.06 66.82
7 56.57 53.47 50.56 47.95 46.94 103.81 101.80 96.43 80.75 64.55
8 55.86 53.36 49.85 47.28 46.83 103.55 100.05 95.76 79.78 63.31
9 55.45 52.37 49.94 46.67 46.24 102.61 98.59 96.00 77.78 62.18
10 54.96 52.26 49.38 46.31 45.53 102.41 97.52 95.43 76.64 61.30
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D.3.2. PE PROMPTS

The RANDOM_API and VARIATION_API prompts used for GEMINON and NEWS are shown below.

RANDOM_API for GEMINON

You are a Geminon Trainer with a Gemidex (encyclopedia), traveling around the Geminon world. A Geminon has the
following attributes: Name, Classification (design inspiration), Type(s), Stats (HP, Attack, Defense, Special
Attack, Special Defense, Speed), Base Stats Total (the sum of all stats), Weight, Height, Ability, and a
Signature Move.

Write a cohesive, natural article (avoiding bulleted lists) using one of the following styles:
1. Gemidex Entry: Objective, encyclopedic, and strictly factual.
2. Field Journal: Observational, first-person, and slightly informal.
3. Evolution Analysis: A narrative and analytical breakdown of a full evolution line.
4. Comparative: An opinionated, informal comparison between two different Geminons.

RANDOM_API for NEWS

You are an experienced journalist writing a news article about real-world events that happened in 2025.

Your task is to write a cohesive, natural, publication-style news article about one or more significant events
from 2025. The article may cover politics, natural disasters, sports, economics, business, science, technology,
culture, or other major news topics.

VARIATION_API for GEMINON and NEWS

Rewrite the following text {tone}. Output only the rewritten text, nothing else.

The placeholder {tone} is sampled uniformly from the following set: “a professional way”, “in a professional tone”, “in a
professional style”, “in a concise manner”, “in a creative style”, “using imagination”, “in a storytelling tone”, “in a formal
manner”, and “using a variety of sentence structures”.

D.3.3. DOWNSTREAM EVALUATION RESULTS

After selecting the best temperature by FID, we generate a final PE corpus of 20K examples for each dataset and proposal
model. We then train 1B downstream evaluators on these PE-generated corpora using the same standardized evaluator-
training pipeline as in the rest of the paper. We report both LoRA and full-parameter evaluator results.

Table 10. Full results for Private Evolution (PE) at ε = 10 using GEMMA3 1B-PT and GEMMA3 1B-IT generators. FID is lower-is-better,
while downstream QA accuracy is higher-is-better. Evaluator results are reported as exact-match / contains / LLM-match accuracy.
Italicized NEWS entries are reported for the first evaluator checkpoint, since validation contains accuracy decreases monotonically during
training and therefore no checkpoint improves over the base model under the standard checkpoint-selection rule.

GEMINON NEWS

Metric PE with 1B-PT PE with 1B-IT PE with 1B-PT PE with 1B-IT

FID ↓ 33.54 45.53 27.44 61.30
Evaluator: 1B-LoRA ↑ 0.4 / 1.9 / 0.4 0.4 / 0.7 / 0.4 5.18 / 6.43 / 8.75 2.14 / 3.04 / 3.39
Evaluator: 1B-Full ↑ 0.2 / 1.3 / 0.4 0.3 / 1.8 / 0.4 5.53 / 6.78/ 9.28 3.21/ 3.39/ 4.46

Although PE uses 20K generated examples, we control the downstream training budget so that evaluators see the same total
number of tokens as in the other synthetic-data experiments. We also observe that, when training evaluators on PE-generated
GEMINON data, cross-entropy on the original GEMINON validation corpus consistently increases while training loss (also
cross-entropy) decreases. This suggests that the poor downstream performance is not primarily explained by the smaller
number of generated examples. Instead, the PE corpora appear to lack recoverable corpus-specific factual signal.

We see a similar pattern in NEWS when tracking QA accuracy throughout evaluator training. As shown in Figure 6,
LLM-match accuracy generally declines as training proceeds, across support count thresholds. For completeness, Table 10
reports first-checkpoint test accuracy in italics, but these entries are diagnostic rather than standard selected-checkpoint
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Figure 6. LLM-match accuracy on the NEWS test QA set during evaluator (1B-Full) training on PE-generated corpora. Results are
stratified by support count threshold k. For both generator models, accuracy generally decreases as training proceeds, indicating that
PE-generated data does not provide stable learnable signal for the target news facts.

results. The decline is especially clear for the 1B-IT generator, where initially nontrivial accuracy rapidly collapses toward
zero. The 1B-PT generator is more stable, but still does not improve with training and remains close to the base checkpoint.
Together, these trends suggest that PE-generated corpora do not provide a stable learnable signal for the target facts;
continued training instead moves the evaluator away from the original corpus distribution and does not improve factual QA.

D.3.4. QUALITATIVE ANALYSIS

We now inspect representative PE outputs to better understand the failure mode. As noted by (Xie et al., 2024), PE relies on
knowledge already present in the generator LLM to generate high-quality candidates without domain-specific fine-tuning.
In our setting, however, the target facts are fresh: the base model does not already know the relevant GEMINON entities,
attributes, relations, or the specific NEWS events in the corpora. Consequently, embedding-based DP selection can choose
candidates that are stylistically close to the private corpus, but it cannot reliably select candidates containing facts required
by our QA tasks that is absent from the distribution.

The GEMINON examples illustrate this failure mode. The generated passages often resemble GEMINON articles in surface
form and mention plausible attributes such as HP, Attack, abilities, moves, or classifications. However, the entity names and
core facts are frequently hallucinated or mismatched. This suggests that PE can imitate the style of the corpus, but does not
transfer fresh factual knowledge when the generator model does not already contain that knowledge.

Example of PE with 1B-IT on GEMINON

Golem Helios, a Storm Fighter descended from the Gryphon-Considerate faction, emerged from Gemmexis. It presents
a powerful frame, constructed with a robust build, and a knack for aggressive defense, distributing 85 HP, a
noteworthy 180 Attack, and 140 Defense. Complementing this is remarkable speed, measuring 50 meters per second.
Its design embodies a towering stature reaching 1.8 meters.

Special abilities include clever Skill: Pattern Recognition, granting the ability to foresee enemy movements; its
execution can dispel them with othersrained Atmospheric Displacement, obligating interference while decelerating
attacks. A must-learn maneuver is its signature attack, Shattered Cascade - a reactive blast crafted within a
specific Harmonic Locale, intentionally severing any mechanical construct...
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Example of PE with 1B-PT on GEMINON

Although their strength differs greatly, they are all powerful in the original text and are formidable at the
same time. We have to say that Gemicolon and Cerolonsong are currently the two most powerful enemies of Gemidex.

Gemicolon and Cerolonsong transcend the limits of their strength, and the strength of Gemicolon and Cerolonsong
are like the sky. It cannot be resolved in one small place. In Gemidsong, which cannot be compared to Gemicolond
and Ceron, the lifespan of Cerolomesong is not long. His growth rate is extremely fast and very fast, but also
slowly aging.

How long is the life limit. Everyone does not know, but they thought a great evil will come. If it was a peaceful
war, Gemicolon and Cerolasonsong might have won in a few months. But the Gemidex is always full of life and
death. This is especially true in war. Therefore, the Gemidex country will continue to strive for two directions.
She is always trying to fight back. The cause of this is also determined by Gemicolon, Cerolon, and other spaces
.

The power of Gemidex, even the Power of the Star+ ruins its own existence and causes serious damage to it.
Cerolon is not a friend of Gemido, but only a close friend for about a year and a half. Even at this moment,
Gemicolon is fighting with him, and he is still vying for the last one. The war is not over at present, and there
is no peace. After all, the Power of the Star of Gemidex is very strong. As long as there is a Gemicolon who is
not too weak, if the fighting is active.

Gemicolon is also very weak and is in a state of decline. A year has passed. When it starts again, Gemido will be
destroyed just as soon as it ends. If the Gemido was destroyed, it would be no more, but Gemido, as the third in
the Gemido, it will definitely not be destroyed by Cerolonsong. In any case, the Gemido is destined to be
destroyed. But, Gemido is not destroyed by the power of Cerolason, so this is not as serious as Gemido.

Cerolonsong is very large and powerful. If Gemido has not existed at all, Gemido will definitely not succeed. It
is a pity that this will not be

The NEWS examples show a similar, and often more severe, pattern. With the pretrained generator model, generations can
appear superficially plausible, but they often consist of repetitive sentences about a central entity and describe incorrect or
stale events.

Example of PE with 1B-PT on NEWS

Taylor Swift is performing in the Super Bowl this year. The announcement of Taylor Swift's role as the NFL Super
Bowl halftime show has been announced in a couple of hours on Friday, October 26. The song will be released
exactly two hours before. Taylor can see her fans at the Super Bowl.

The NFL Super Bowl halftime show will be a popular song by Taylor Swift. Taylor Swift has been shown to fans all
over the world since she released the album on Friday. Her album title is there. Fans are excited to see her this
year.

Taylor Swift is a singer and actress from the United States. She was born in Swansea, Wales. Taylor Swift has
been in the spotlight since she was young. She has a large international following.

Taylor Swift, 34, will be a global icon. She has been in the spotlight since she was young. People are excited
about Taylor Swift's Super Bowl performance which has never been seen before.

It was an excellent choice when Taylor Swift's show was announced. Taylor Swift's best-loved songs this year will
be released on Friday. Taylor Swift's fans will have time to enjoy the entire album before the concert.

<h2>The Super Bowl is 5 hours away and Taylor Swift will be in the limelight</h2>

In just a couple of hours, Taylor Swift will be on a field near you. She has been a person who knows lots of
people forever because of her amazing relationship. Taylor's fans are eager to enjoy the concert, which will be
held in a bittersweet atmosphere. However, at the end of the night, fans will hear her. Taylor Swift has a
remarkable story, and hopefully, this will be the start of her exciting future. Fans all over the world can see
Taylor.

When PE uses an instruction-tuned generator, many responses contain ambiguous or malformed Unicode characters. Outputs
that resemble coherent articles are typically short and, as above, are often factually incorrect or based on stale events. The
formatting artifacts may be partly attributable to our use of pure temperature sampling with a relatively high temperature of
1.6. However, changing the sampling configuration should not be expected to resolve the central failure mode.
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Example of PE with 1B-IT on NEWS

Lumina Plans, partnering with Orbital Monster Corporation, is developing a striking collection of Pleistocene-
inspired souvenirs. Production is slated for commencement in Denver, Colorado, on October 27th, 2025. We invite
interested visitors to contact Lumina Plans directly for any inquiries and to explore this exclusive preview
further.

These qualitative examples help explain the gap between FID and downstream QA performance. PE can improve distri-
butional alignment by selecting candidates that look close to the private corpus in embedding space, but the benchmark
requires more than distributional alignment: the synthetic corpus must contain the correct facts that are not supposed to be
in distribution. This is why PE obtains reasonable FID scores while failing to improve downstream factual QA.

D.4. Effect of knowledge support counts

We further analyze how knowledge repetition affects downstream learnability. Recall that the repetition count of a QA item
is the number of corpus records that contain sufficient information to answer it. Higher repetition should make facts easier
to learn, and in the meanwhile, degrade the privacy guarantee. For NEWS, we stratify QA items by repetition threshold and
report results separately for synthetic corpora generated by 1B and 4B generators, in Table 11 and 12

Table 11. NEWS QA accuracy by support threshold (%) for 1B Generator. Entries are exact-match / contains / LLM-match. Syn denotes
non-private synthetic data, and DP-Syn denotes DP synthetic data at the specified privacy budget.

Repetition of Knowledge # QAs Model Tuning Syn DP-Syn (ε=100) DP-Syn (ε=10)

All 1415
1B

LoRA 19.01 / 23.11 / 29.61 5.51 / 6.71 / 9.26 4.10 / 4.81 / 7.21
Full 17.67 / 23.96 / 31.17 4.88 / 6.22 / 8.55 4.45 / 6.15 / 7.42

4B
LoRA 21.27 / 24.45 / 32.30 7.84 / 8.76 / 12.01 6.43 / 7.14 / 10.04
Full 25.58 / 29.26 / 38.09 7.92 / 9.26 / 11.87 5.72 / 6.86 / 8.98

≥ 200 560
1B

LoRA 34.29 / 41.61 / 51.79 11.79 / 13.57 / 18.75 8.21 / 9.11 / 13.93
Full 30.71 / 41.25 / 53.04 9.82 / 12.32 / 16.79 9.29 / 12.32 / 14.46

4B
LoRA 38.57 / 44.11 / 58.04 14.46 / 15.89 / 22.14 11.61 / 12.68 / 17.50
Full 41.07 / 47.50 / 60.89 16.61 / 18.75 / 23.57 11.96 / 13.75 / 17.14

≥ 400 266
1B

LoRA 44.36 / 52.63 / 63.91 16.92 / 18.80 / 24.06 11.28 / 12.41 / 16.92
Full 37.97 / 51.13 / 63.16 14.29 / 17.29 / 22.18 13.53 / 17.67 / 19.17

4B
LoRA 49.25 / 56.39 / 73.68 19.55 / 21.43 / 28.95 14.29 / 15.79 / 21.05
Full 49.62 / 57.14 / 71.80 23.68 / 27.07 / 32.33 17.29 / 19.55 / 22.93

≥ 600 133
1B

LoRA 47.37 / 57.89 / 69.92 22.56 / 24.06 / 30.08 14.29 / 15.04 / 18.80
Full 41.35 / 57.89 / 70.68 20.30 / 24.81 / 30.08 18.05 / 22.56 / 25.56

4B
LoRA 54.89 / 64.66 / 84.96 25.56 / 27.82 / 36.84 17.29 / 19.55 / 25.56
Full 55.64 / 66.17 / 81.95 33.83 / 39.10 / 43.61 24.06 / 27.07 / 29.32

≥ 800 54
1B

LoRA 50.00 / 59.26 / 75.93 31.48 / 33.33 / 42.59 16.67 / 18.52 / 24.07
Full 46.30 / 59.26 / 77.78 25.93 / 33.33 / 37.04 24.07 / 25.93 / 29.63

4B
LoRA 55.56 / 64.81 / 90.74 31.48 / 35.19 / 50.00 25.93 / 29.63 / 37.04
Full 55.56 / 61.11 / 87.04 44.44 / 51.85 / 57.41 37.04 / 40.74 / 42.59

We also evaluate the GEMINON singleton split in Table 13, where each target fact appears exactly once in the corpus.
This split is not intended to be recoverable under DP; instead, it serves as a privacy sanity check. A DP synthesis method
should not reliably transmit singleton facts, because they are closer to instance-specific memorization than population-level
knowledge.
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Table 12. NEWS QA accuracy by support threshold (%) for 4B Generator. Entries are exact-match / contains / LLM-match. Syn denotes
non-private synthetic data, and DP-Syn denotes DP synthetic data at the specified privacy budget.

Repetition of Knowledge # QAs Model Tuning Syn DP-Syn (ε=100) DP-Syn (ε=10)

All 1415
1B

LoRA 20.28 / 24.52 / 30.88 5.94 / 6.93 / 9.61 3.46 / 4.38 / 6.86
Full 13.22 / 25.30 / 30.18 4.59 / 6.01 / 8.13 3.32 / 4.31 / 6.36

4B
LoRA 24.73 / 28.13 / 39.86 8.98 / 9.82 / 13.36 7.92 / 8.69 / 11.52
Full 22.54 / 33.57 / 42.69 9.68 / 10.67 / 13.85 7.42 / 8.13 / 11.31

≥ 200 560
1B

LoRA 36.79 / 44.46 / 55.00 12.50 / 13.75 / 19.11 6.43 / 7.68 / 12.32
Full 21.61 / 42.50 / 50.71 9.82 / 12.32 / 16.25 6.61 / 8.75 / 13.21

4B
LoRA 40.00 / 45.54 / 64.29 16.79 / 17.86 / 24.46 13.57 / 15.00 / 20.18
Full 36.25 / 51.79 / 65.54 17.86 / 19.29 / 25.89 13.21 / 14.29 / 19.64

≥ 400 266
1B

LoRA 47.37 / 55.26 / 67.29 18.42 / 19.92 / 24.06 9.77 / 10.53 / 15.04
Full 28.57 / 54.89 / 62.41 12.78 / 16.54 / 20.68 8.65 / 10.90 / 14.29

4B
LoRA 52.26 / 58.27 / 79.70 25.56 / 27.07 / 34.21 18.05 / 19.55 / 24.44
Full 48.12 / 63.91 / 80.45 25.94 / 28.20 / 36.47 17.29 / 18.80 / 25.19

≥ 600 133
1B

LoRA 54.89 / 62.41 / 75.19 24.06 / 26.32 / 31.58 15.04 / 15.79 / 19.55
Full 30.83 / 60.15 / 63.91 20.30 / 21.80 / 26.32 12.03 / 14.29 / 18.80

4B
LoRA 60.90 / 68.42 / 92.48 32.33 / 35.34 / 45.11 22.56 / 25.56 / 30.08
Full 52.63 / 71.43 / 88.72 35.34 / 37.59 / 47.37 19.55 / 21.80 / 28.57

≥ 800 54
1B

LoRA 59.26 / 70.37 / 85.19 27.78 / 29.63 / 37.04 16.67 / 18.52 / 24.07
Full 29.63 / 59.26 / 62.96 27.78 / 29.63 / 31.48 12.96 / 16.67 / 20.37

4B
LoRA 61.11 / 68.52 / 94.44 35.19 / 42.59 / 59.26 25.93 / 33.33 / 38.89
Full 46.30 / 70.37 / 94.44 46.30 / 50.00 / 62.96 25.93 / 29.63 / 40.74

Table 13. GEMINON singleton-split QA accuracy for synthetic corpora generated by the 1B generator. Entries report exact-match /
contains / LLM-match accuracy (%). Singleton facts appear exactly once in the corpus and are not intended to be recoverable under DP.
Low accuracy on this split serves as a privacy sanity check.

Evaluator Tuning no-training train-on-real Syn DP-Syn@ε = 100 DP-Syn@ε = 10

1B
LoRA

0.58 / 1.41 / 0.64
3.53 / 6.60 / 5.00 1.79 / 4.04 / 2.56 0.58 / 2.37 / 2.50 0.38 / 2.63 / 2.69

Full 3.01 / 5.90 / 4.68 1.22 / 3.65 / 1.73 0.77 / 2.82 / 2.56 0.58 / 1.86 / 1.28

4B
LoRA

0.90 / 2.95 / 1.60
4.94 / 8.40 / 6.22 1.86 / 4.55 / 3.08 1.03 / 3.01 / 2.95 0.77 / 2.56 / 2.24

Full 5.00 / 8.53 / 6.03 2.05 / 4.74 / 3.21 0.77 / 3.14 / 2.37 0.83 / 2.56 / 2.24
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E. Direct DP fine-tuning
A DP synthetic-data pipeline can fail for two reasons: the private generator may fail to learn the relevant facts, or the learned
facts may be lost when sampling a synthetic corpus and retraining a downstream evaluator. To separate these effects, we
evaluate a more direct baseline: DP fine-tuning the evaluator itself on the original corpus.
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Figure 7. Evaluator training on DP-synthetic data vs. direct DP
fine-tuning on the original corpus, both with 4B models.

This baseline removes the synthetic-data mediation step,
but downgrades the release object from a DP synthetic
dataset to a DP model. It is therefore not a replacement
for DP data synthesis; rather, it serves as a diagnostic
upper bound on what the same privacy budget allows
a model to learn when trained directly on the original
examples. If fresh QA facts cannot be learned even in
this setting, then the failure of DP synthesis cannot be
explained solely by sampling artifacts, e.g. sampling
temperature, or imperfect transmission through synthetic
data.

Figure 7 summarizes the 4B setting, and Table 14 reports
the full results for both datasets and model sizes. For
NEWS, we report the ≥ 200 repetition subset to match
the default evaluation subset used in the main experiments. Entries are reported using all three QA metrics. For details on
DP evaluator hyperparanter tuning, see Appendix I.2.

Table 14. Direct DP fine-tuning diagnostic. We fine-tune evaluators directly on the original corpus using non-private training (ε = ∞) or
DP-SGD at ε ∈ {100, 10}. Entries report exact-match / contains / LLM-match accuracy (%). For NEWS, results are evaluated on the
≥ 200 repetition subset.

GEMINON NEWS

Model ε = ∞ ε = 100 ε = 10 ε = ∞ ε = 100 ε = 10

1B 77.02 / 81.01 / 78.84 2.11 / 8.84 / 6.96 0.71 / 4.05 / 3.27 33.04 / 43.93 / 53.04 13.21 / 14.64 / 18.75 9.11 / 10.18 / 13.57
4B 95.12 / 97.86 / 95.86 4.26 / 6.93 / 5.06 2.53 / 4.91 / 2.92 42.14 / 47.50 / 66.25 17.86 / 19.82 / 27.50 13.75 / 15.18 / 21.25

Direct DP fine-tuning improves over the DP-synthetic pipeline in some settings, but remains far below non-private training.
This indicates that the loss of utility is not solely caused by sampling a synthetic corpus or retraining an evaluator on synthetic
data. Even when DP-SGD trains directly on the original examples, it struggles to encode the fresh factual signal required for
the QA tasks. We additionally stratify direct DP fine-tuning results by support counts. This mirrors the validation analysis in
Table 4 and allows us to test whether repeated evidence makes facts more learnable under DP-SGD.

Table 15 shows that repetition substantially improves direct DP fine-tuning on NEWS: accuracy increases as the support
threshold rises. However, even on the most repeated subsets, DP-trained models remain well below the corresponding
non-private baselines.
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Table 15. Direct DP fine-tuning on NEWS stratified by support counts. Entries report exact-match / contains / LLM-match accuracy (%).
The ≥ 0 row includes all NEWS QAs, while ≥ k indicates that the information needed to answer the question appears at least k times in
the corpus.

support count # QAs Model ε = ∞ ε = 100 ε = 10

≥ 0 1415
1B 21.48 / 26.93 / 32.93 6.36 / 7.35 / 9.89 4.73 / 5.58 / 7.99
4B 28.83 / 32.86 / 45.65 9.47 / 10.67 / 14.49 7.63 / 8.69 / 12.01

≥ 200 560
1B 33.04 / 43.93 / 53.04 13.21 / 14.64 / 18.75 9.11 / 10.18 / 13.57
4B 42.14 / 47.50 / 66.25 17.86 / 19.82 / 27.50 13.75 / 15.18 / 21.25

≥ 400 266
1B 42.48 / 55.26 / 65.41 21.43 / 23.31 / 27.82 13.53 / 15.04 / 18.05
4B 54.51 / 60.15 / 79.70 24.44 / 27.07 / 36.09 17.29 / 18.80 / 24.81

≥ 600 133
1B 47.37 / 60.90 / 71.43 29.32 / 33.08 / 37.59 18.05 / 19.55 / 21.80
4B 60.15 / 67.67 / 87.97 30.83 / 36.09 / 46.62 21.05 / 23.31 / 29.32

≥ 800 54
1B 51.85 / 62.96 / 75.93 35.19 / 42.59 / 50.00 22.22 / 25.93 / 29.63
4B 62.96 / 72.22 / 92.59 33.33 / 40.74 / 57.41 22.22 / 25.93 / 31.48
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F. Saturation Case Studies on Standard DP Benchmarks
We expand on the saturation evidence shown in Figure 1 with detailed case studies on standard benchmarks used in the DP
synthetic text literature: IMDB sentiment classification (Kurakin et al., 2023), OpenReview score prediction (Xie et al.,
2024), and Yelp Polarity (Zhang et al., 2015). Across all three datasets, the gap between no training and training on the real
corpus is small, and the four training regimes (no training, DP-synth, non-private synth, train on real) occupy a narrow band
that leaves little resolution to distinguish methods. CONTINUOUSBENCH GEMINON, by contrast, exhibits a much larger gap
from no training (1.0%) to training on real (87.5%), providing substantially more headroom (Figure 8).
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Figure 8. Standard DP text synthesis benchmarks are saturated. We compare accuracy across four training regimes (no training,
DP-synth, non-private synth, and train on real) on three saturated benchmarks (Yelp Polarity, IMDB, OpenReview) and on CONTINUOUS-
BENCH GEMINON. On the standard benchmarks, the four regimes span only 3.0, 2.8, and 10.6 percentage points respectively, leaving
DP-synth and non-private synth occupying a narrow band. On CONTINUOUSBENCH GEMINON, the corresponding range stretches from
1.0% to 87.5%, providing substantially more resolution for distinguishing DP synthesis methods.

F.1. IMDB Sentiment Classification

IMDB sentiment classification is a binary task (positive/negative) widely used in the DP benchmark literature (Kurakin
et al., 2023). IMDB is a particularly clear example of saturation: even zero-shot prompting achieves over 90% accuracy,
leaving minimal headroom for any training-based method to demonstrate improvement.

Setup. We evaluate Gemma 3 1B-IT and 4B-IT on a test set of 5,000 IMDB reviews. We consider three prompt templates
(direct, reasoning, and structured) in 0-shot and k-shot settings (k ∈ {3, 5, 7}, 3 random seeds each). We then fine-tune
each model on the 40,000-example training split (1B: full fine-tuning, lr=2e-5; 4B: LoRA r=32, α=64, lr=2e-5; both for 3
epochs) and report validation and test accuracy.

Results. Table 16 summarizes the saturation gap. The 4B model achieves 94.2% accuracy under its best prompting
condition (direct, 0-shot), while fine-tuning on the real training data improves this only to 97.0%. This gap of just 2.8
percentage points means that the prompted model already reaches 97% of the fine-tuned ceiling. Fine-tuning on DP-synthetic
data (ε=10) achieves 95.9% and non-private synthetic data achieves 96.4%, confirming that all four training regimes occupy
a narrow 2.8-point band from 94.2% to 97.0%, as visualized in Figure 8.

Table 16. Saturation summary on IMDB sentiment classification (%, exact-match). Best prompted is the maximum over all (template,
shot, seed) conditions. The tiny gap between prompting and fine-tuning, especially for the 4B model, indicates virtually no headroom for
distinguishing synthesis methods.

Model Best Prompted Fine-tuned Gap (pts) Prompted / FT

1B 89.7 (structured 0-shot) 94.8 5.1 0.95
4B 94.2 (direct 0-shot) 97.0 2.8 0.97

Detailed results. Tables 17–20 report the full breakdown. Table 17 shows accuracy across all prompting conditions;
Table 18 reports per-seed variance for few-shot; Table 19 provides per-class accuracy; and Table 20 reports fine-tuning
results.
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Table 17. IMDB sentiment classification accuracy by prompting condition (%). Entries are exact-match / contains. Few-shot entries report
mean across 3 seeds.

Task # Test Model Template 0-shot 3-shot (mean) 5-shot (mean) 7-shot (mean)

Sentiment 5000

1B
direct 85.2 / 85.2 77.0 / 77.0 77.5 / 77.5 77.8 / 77.8

reasoning 89.6 / 89.6 89.9 / 89.9 87.5 / 87.5 85.9 / 85.9
structured 89.7 / 89.7 86.1 / 86.1 86.0 / 86.0 85.5 / 85.5

4B
direct 94.2 / 94.2 85.7 / 85.7 90.0 / 90.0 90.5 / 90.5

reasoning 93.7 / 93.7 93.1 / 93.1 92.6 / 92.6 92.5 / 92.5
structured 93.4 / 93.4 92.8 / 92.8 92.0 / 92.0 92.3 / 92.3

Table 18. IMDB few-shot accuracy by seed (%, exact-match). Std reported across seeds.

Model Template k Seed 0 Seed 1 Seed 2 Mean ± Std

1B

direct
3 79.2 79.7 72.2 77.0 ± 4.2
5 83.8 78.2 70.4 77.5 ± 6.7
7 78.3 88.2 66.8 77.8 ± 10.7

reasoning
3 89.1 90.9 89.7 89.9 ± 0.9
5 89.2 89.1 84.1 87.5 ± 2.9
7 88.1 89.4 80.3 85.9 ± 4.9

structured
3 84.3 85.6 88.3 86.1 ± 2.1
5 86.8 85.3 85.9 86.0 ± 0.8
7 82.0 89.2 85.2 85.5 ± 3.6

4B

direct
3 85.1 79.7 92.3 85.7 ± 6.3
5 91.4 85.0 93.4 90.0 ± 4.4
7 85.8 91.9 93.8 90.5 ± 4.1

reasoning
3 93.3 93.3 92.7 93.1 ± 0.4
5 91.4 92.4 94.2 92.6 ± 1.4
7 90.1 93.1 94.2 92.5 ± 2.1

structured
3 93.0 93.2 92.0 92.8 ± 0.6
5 90.5 91.2 94.3 92.0 ± 2.0
7 90.2 92.8 94.0 92.3 ± 1.9

F.2. OpenReview Score Prediction

OpenReview score prediction (Xie et al., 2024) is a 5-way classification task over reviewer recommendation scores (1:
strong reject, 3: reject, 5: marginally below threshold, 6: marginally above threshold, 8: accept), commonly used in the DP
benchmark literature. Compared to Yelp Polarity and IMDB, OpenReview is somewhat less saturated, but the gap between
prompting and fine-tuning remains small enough that the four training regimes still occupy a narrow band.

Setup. We evaluate Gemma 3 1B-IT and 4B-IT on a test set of 2,798 OpenReview papers (Xie et al., 2024). We consider
three prompt templates (direct, reasoning, and structured) in both 0-shot and 5-shot settings (3 random seeds for 5-shot).
We then fine-tune each model on the training split (1B: full fine-tuning, lr=2e-5; 4B: LoRA r=32, α=64, lr=2e-4; both for 3
epochs) and report validation and test accuracy.

Results. Table 21 summarizes the saturation gap. The 4B model achieves 51.3% accuracy under its best prompting
condition (reasoning, 0-shot), while fine-tuning on the real training data improves this only to 61.9%. This gap of just 10.6
percentage points means that the prompted model already reaches 83% of the fine-tuned ceiling. For the 1B model, the gap
is larger (19.0 points) but the fine-tuned accuracy itself is modest at 58.5%.

We additionally fine-tune the 4B model on DP-synthetic data (ε=10, temp=1.0) and non-private synthetic data (temp=1.0),
both generated from a LoRA-finetuned Gemma 3 1B-PT generator, for 2 epochs with the same LoRA configuration. The
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Table 19. Per-class accuracy on IMDB sentiment classification (%), all prompting conditions combined (3 templates × {0-shot, 3/5/7-shot
× 3 seeds} = 30 predictions per test example). Entries are exact-match / contains.

Sentiment N 1B 4B

positive 75000 74.8 / 74.8 86.6 / 86.6
negative 75000 93.4 / 93.4 96.5 / 96.5

Macro avg 84.1 / 84.1 91.6 / 91.6

Table 20. Fine-tuning results on IMDB sentiment classification (binary: positive/negative).

Model Tuning Train Data Hyperparams Val Acc (%) Test Acc (%) Train (s)

1B Full FT Real lr=2e-5, bs=16×2 95.08 94.84 7313
4B LoRA (r=32, α=64) Real lr=2e-5, bs=16×2 97.14 96.98 6072

4B LoRA (r=32, α=64) DP-synth (ε=10) lr=2e-5, bs=16×2 95.82 95.94 5567
4B LoRA (r=32, α=64) Non-DP synth lr=2e-5, bs=16×2 96.46 96.38 6292

DP-synthetic model achieves 55.4% and the non-private synthetic model achieves 57.9%, confirming that all four training
regimes (no training, DP-synth, synth, real) occupy a narrow 10.6-point band from 51.3% to 61.9%, as visualized in Figure 8.

Table 21. Saturation summary on OpenReview score prediction (%, exact-match). Best prompted is the maximum over all (template,
shot, seed) conditions. The small gap between prompting and fine-tuning, especially for the 4B model, indicates limited headroom for
distinguishing synthesis methods.

Model Best Prompted Fine-tuned Gap (pts) Prompted / FT

1B 39.5 (structured 5-shot) 58.5 19.0 0.68
4B 51.3 (reasoning 0-shot) 61.9 10.6 0.83

Detailed results. Tables 22–25 report the full breakdown. Table 22 shows accuracy across all prompting conditions;
Table 23 reports per-seed variance for 5-shot; Table 24 provides per-class accuracy; and Table 25 reports fine-tuning results.

F.3. Yelp Polarity

Yelp Polarity (Zhang et al., 2015) is a binary sentiment classification task widely used in the DP benchmark literature.
Headline accuracies across the four training regimes are summarized in Table 26. The full range from no training to training
on the real corpus spans only 3.0 percentage points, with DP-synthetic and non-private synthetic data occupying a band of
just 0.4 points between them. As with IMDB, this leaves essentially no resolution to distinguish DP synthesis methods.
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Table 22. OpenReview score prediction accuracy by prompting condition (%). Entries are exact-match / contains. 5-shot entries report
mean across 3 seeds.

Task # Test Model Template 0-shot 5-shot (mean)

Score Prediction 2798

1B
direct 28.8 / 29.2 30.9 / 30.9

reasoning 23.4 / 23.4 36.2 / 36.2
structured 24.2 / 24.4 39.5 / 39.6

4B
direct 47.3 / 47.3 50.9 / 50.9

reasoning 51.3 / 56.8 50.9 / 50.9
structured 51.1 / 51.1 50.4 / 50.4

Table 23. OpenReview 5-shot accuracy by seed (%). Entries are exact-match / contains. Std reported across seeds.

Model Template Seed 0 Seed 1 Seed 2 Mean ± Std

1B
direct 26.7 / 26.7 33.0 / 33.0 32.9 / 32.9 30.9 ± 2.9 / 30.9 ± 2.9
reasoning 32.7 / 32.8 42.3 / 42.3 33.5 / 33.5 36.2 ± 4.3 / 36.2 ± 4.3
structured 39.6 / 39.6 38.7 / 38.8 40.2 / 40.2 39.5 ± 0.6 / 39.6 ± 0.6

4B
direct 51.8 / 51.8 47.3 / 47.3 53.7 / 53.7 50.9 ± 2.7 / 50.9 ± 2.7
reasoning 52.4 / 52.4 48.3 / 48.4 52.0 / 52.0 50.9 ± 1.8 / 50.9 ± 1.8
structured 52.6 / 52.6 47.0 / 47.0 51.6 / 51.6 50.4 ± 2.4 / 50.4 ± 2.4

Table 24. Per-class accuracy on OpenReview score prediction (%), all prompting conditions combined (3 templates × {0-shot, 5-shot × 3
seeds} = 12 predictions per test example). Entries are exact-match / contains.

Recommendation Description N 1B 4B

1 strong reject 204 2.9 / 2.9 20.1 / 20.6
3 reject, not good enough 6648 38.9 / 38.9 51.2 / 52.0
5 marginally below threshold 9120 11.2 / 11.3 68.6 / 68.6
6 marginally above threshold 10752 46.0 / 46.1 43.9 / 44.5
8 accept, good paper 6852 36.9 / 36.9 37.2 / 37.7

Macro avg (unweighted) 27.2 / 27.2 44.2 / 44.7

Table 25. Fine-tuning results on OpenReview score prediction (5-way classification over recommendation scores 1, 3, 5, 6, 8). Real-data
models trained for 3 epochs; synthetic-data models trained for 2 epochs.

Model Tuning Train Data Hyperparams Val Acc (%) Test Acc (%) Train (s)

1B Full FT Real lr=2e-5, bs=16×2 58.97 58.47 1899
4B LoRA (r=32, α=64) Real lr=2e-4, bs=8×4 61.12 61.94 4499

4B LoRA (r=32, α=64) DP-synth (ε=10) lr=2e-5, bs=16×2 58.29 55.43 2966
4B LoRA (r=32, α=64) Non-DP synth lr=2e-5, bs=16×2 59.76 57.86 3115

Table 26. Yelp Polarity accuracy (%) across the four training regimes shown in Figure 8.

No training DP-synth Non-private synth Train on real

95.5 97.8 98.2 98.5
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G. GEMINON: Curation and Evaluation Details
GEMINON is a fully controlled fictional domain designed to (i) make freshness unambiguous, (ii) support the sys-
tematic study of DP learnability, and (iii) reduce evaluation noise through grounded, short-answer QA with de-
terministic normalization. The full curation code is available at https://anonymous.4open.science/r/
ContinuousBenchCuration-3F88/.

To construct a fictional world that is statistically realistic yet entirely novel, we derive structural priors from publicly
available Pokémon metadata (maca11, 2021; Amancio, 2024). These priors are used only to parameterize the generative
process. We emphasize that all resulting Geminon entities, names, and stats are newly created, while types, moves, and
abilities are inherited from the reference data.

G.1. Index Data Curation

G.1.1. EVOLUTION LINE AND TYPES

In the original Pokémon data, there are 160 three-stage evolution lines, 239 two-stage evolution lines, and 120 single-stage
lines. We generate 100 three-stage evolution lines (300 Geminon), 100 two-stage evolution lines (200 Geminon), and 100
single-stage lines (100 Geminon), for a total of 600 entities. All randomness is seeded for reproducibility.

Each evolution line is assigned a primary type (type1) sampled uniformly from the 18 canonical Pokémon types (maca11,
2021; Amancio, 2024). This primary type is held constant across all stages of the line. A secondary type (type2) is then
assigned independently at each stage according to a two-case rule. If the preceding stage has no type2, a new secondary
type is introduced with stage-dependent probability: for a three-stage line, the probabilities are [0.2, 0.4, 0.8] across stages
1–3; for a two-stage line, [0.2, 0.8]; and for a single-stage line, [0.5]. If the preceding stage already has a type2, it is
retained with probability 0.8 and replaced by a different secondary type with probability 0.2. This rule is applied uniformly
across all line lengths and makes secondary typing more likely in later-stage, typically stronger forms while still permitting
occasional type diversification.

G.1.2. STATISTICS

Reference Stats. For each of the 998 reference Pokémon (maca11, 2021; Amancio, 2024), we record nine attributes: six
battle stats (HP, Attack, Defense, Special Attack, Special Defense, and Speed), Base Stat Total
(BST), height, and weight. For each attribute a, we compute the empirical mean µa and standard deviation σa over all
stage-1 reference Pokémon.

For multi-stage evolution lines, we also compute per-attribute multiplicative ratios: stage-2/stage-1 from 359 pairs and
stage-3/stage-1 from 120 pairs. For each attribute a and each ratio type, we record the empirical mean µr

a and standard
deviation σr

a for r ∈ {2/1, 3/1}.

Stage-1 Statistics Sampling. For each attribute a, we construct a discrete grid Ga of integer-valued points spanning
[mina, maxa) with step size 1, where mina and maxa are taken over all real stage-1 Pokémon. Battle stats are sampled
from this grid using a discrete Gaussian(µa, σa): each grid point x ∈ Ga is sampled with probability ∝ exp(−(x−µa)

2
/2σ2

a),
where µa and σa are estimated from stage-1 reference Pokémon. Height and weight are sampled using a discrete
exponential(1/µa), where each grid point is sampled with probability ∝ exp(−x/µa). The stage-1 BST is then computed
as the sum of the six sampled battle stats.

Later-stage Statistics Sampling. For each attribute a and ratio type r ∈ {2/1, 3/1}, we construct a restricted ratio grid
Gr
a to confine samples to a tight, empirically grounded range. Specifically, the empirical standard deviation is clipped to

σ̄a = clip(σr
a, 0.05, 0.1) and the empirical mean is clipped to µ̄a = clip(µr

a, 0.05, cmax), where cmax = 1.6 for the 2/1
ratio and cmax = 2.0 for the 3/1 ratio. The restricted grid is [µ̄a − σ̄a, µ̄a + σ̄a] with step size 0.1, with boundaries rounded
outward to the nearest 0.01.
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Stage-2 and stage-3 attribute values are computed as

s(2)a = round
(
s(1)a × ra

)
, ra ∼ Uniform(G2/1

a ),

s(3)a = round
(
s(1)a × ra

)
, ra ∼ Uniform(G3/1

a ),

where Uniform(G) denotes a uniform draw from the discrete grid G. Notably, stage 3 is derived directly from stage 1, rather
than from stage 2, using the stage-3/stage-1 ratio grid. This avoids compounding variance across stages. The multiplicative
scheme is applied to all six battle stats as well as to height and weight. For each later stage, BST is recomputed as the
sum of the six battle stats.

G.1.3. MOVES AND ABILITIES

We additionally load reference tables of moves and abilities to define realistic candidate pools (maca11, 2021; Amancio,
2024). Move records contain a name, type, and short description. Ability and move names are deduplicated and filtered to
concise surface forms of at most two words. These pools are used only to sample type-consistent attributes for GEMINON.

For each Geminon, we sample one ability uniformly from the reference ability pool and one signature move, together with
its description, uniformly from the set of moves matching either of its types (maca11, 2021; Amancio, 2024).

G.1.4. INDEXING AND SCHEMA

After generation, evolution lines are shuffled and assigned contiguous integer id starting at 10000, ensuring that members of
the same line occupy adjacent indices. Each GEMINON record contains:

GEMINON Index Schema

{
"name": <string>,
"classification": <string>,
"type1": <string>,
"type2": <string or null>,
"ability": <string>,
"hp": <int>, "attack": <int>, "defense": <int>,
"special attack": <int>, "special defense": <int>,
"speed": <int>, "base_stat_total": <int>,
"weight": <int>, "height": <int>,
"evolution_line": [<string>, ...],
"move": {"name": <string>,

"short_description": <string>},
"idx": <int>

}

Names and classifications are generated subsequently using gemini-2.5-flash (Gemini Team, 2025). A deduplication
of names and classifications is conducted. Specifically, we require (1) all 600 individual Geminon names must be globally
unique, and (2) for evolution lines with more than two stages, no two lines may share the same tuple of classifications across
their stages. Single-stage lines are exempt from (2). Re-queries to gemini-2.5-flash are issued with a forbidden-names
or forbidden-tuple constraint until both conditions are met.

Example Prompt for Geminon Name and Classification

You are an expert Pokemon creature designer specializing in etymology and thematic consistency. I will provide an
evolution line in JSON format. For each stage, generate ONLY the Name and Classification.

DESIGN RULES:
1) Names:

- Length: 6-12 characters.
- Style: Must sound like Pokemon (portmanteaus of roots).
- Progression: Names must evolve in complexity/sound while sharing a clear linguistic root.
- Avoid: Real-world words or existing Pokemon names.

2) Classification:
- Format: "<classification> Geminon"
- Constraint: The object must be a common real-world noun. In most cases, the classification remains the same

or closely related across stages.
3) Coherence:

- All stages must share a unified biological or elemental theme based on the provided Types, Stats, Moves, and
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Abilities.

INPUT:
{evolution_line_data}

Examples and Distribution Similarity We verify that the generated stage-conditional distributions closely match the
corresponding reference Pokémon statistics, including the skewness of physical attributes and the monotonic increase of
battle stats across evolutionary stages. A comparison of the resulting distributions is shown in Figure 10, and example
GEMINON index entries are shown in Figure 9.
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Single-stage evolution example

Stage 1: Caelumin

{
"name": "Caelumin",
"classification": "Beacon Geminon",
"type1": "flying",
"type2": null,
"ability": "Illuminate",
"hp": 53,
"attack": 65,
"defense": 58,
"special attack": 77,
"special defense": 99,
"speed": 49,
"base_stat_total": 401,
"weight": 867,
"height": 9,
"idx": 10002,
"evolution_line": ["Caelumin"],
"move": {
"name": "Sky Attack",
"short_description": "User charges for one turn before attacking."

}
}

Two-stage evolution example

Stage 1: Phantatch

{
"name": "Phantatch",
"classification": "Spore Geminon",
"type1": "ghost",
"type2": null,
"ability": "Suction Cups",
"hp": 79,
"attack": 48,
"defense": 56,
"special attack": 23,
"special defense": 88,
"speed": 84,
"base_stat_total": 378,
"weight": 198,
"height": 14,
"idx": 10000,
"evolution_line": ["Phantatch", "Phantrain"],
"move": {
"name": "Poltergeist",
"short_description": "Inflicts regular damage with

no additional effect."
}

}

Stage 2: Phantrain

{
"name": "Phantrain",
"classification": "Parasite Geminon",
"type1": "ghost",
"type2": "dark",
"ability": "Drought",
"hp": 115,
"attack": 72,
"defense": 87,
"special attack": 39,
"special defense": 147,
"speed": 134,
"base_stat_total": 594,
"weight": 337,
"height": 22,
"idx": 10001,
"evolution_line": ["Phantatch", "Phantrain"],
"move": {

"name": "Jaw Lock",
"short_description": "Seeds the target after

inflicting damage."
}

}

Three-stage evolution example

Stage 1: Boreling

{
"name": "Boreling",
"classification": "Frost Geminon

",
"type1": "ice",
"type2": null,
"ability": "Berserk",
"hp": 69,
"attack": 60,
"defense": 63,
"special attack": 67,
"special defense": 68,
"speed": 40,
"base_stat_total": 367,
"weight": 52,
"height": 12,
"idx": 10003,
"evolution_line": ["Boreling", "

Borelash", "Borastat"],
"move": {
"name": "Powder Snow",
"short_description": "Has a

chance to freeze the target."
}

}

Stage 2: Borelash

{
"name": "Borelash",
"classification": "Shard Geminon

",
"type1": "ice",
"type2": null,
"ability": "Super Luck",
"hp": 115,
"attack": 89,
"defense": 91,
"special attack": 100,
"special defense": 100,
"speed": 64,
"base_stat_total": 559,
"weight": 83,
"height": 20,
"idx": 10004,
"evolution_line": ["Boreling", "

Borelash", "Borastat"],
"move": {

"name": "Ice Burn",
"short_description": "Requires

a turn to charge before attacking
."
}

}

Stage 3: Borastat

{
"name": "Borastat",
"classification": "Aurora

Geminon",
"type1": "ice",
"type2": "electric",
"ability": "Sweet Veil",
"hp": 140,
"attack": 125,
"defense": 122,
"special attack": 141,
"special defense": 129,
"speed": 71,
"base_stat_total": 728,
"weight": 104,
"height": 24,
"idx": 10005,
"evolution_line": ["Boreling", "

Borelash", "Borastat"],
"move": {

"name": "Icy Wind",
"short_description": "Has a

chance to lower the target's Speed
."

}
}

Figure 9. Example GEMINON index entries.
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Figure 10. Comparison of Pokémon and Geminon stat distributions.
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Table 27. Breakdown stats for Geminon corpus.

Document type Articles

Pairwise comparison 341,490
Field journal 452,188
Evolution log 147,271
Wiki (public) 467,420
Wiki (sensitive) 116,739

Total public 1,408,369
Total sensitive 116,739

Sensitive and Public Split We randomly sample 20 evolution lines from each of the three categories, three-stage, two-
stage, and single-stage lines, to form the sensitive split. This yields a total of 120 sensitive Geminon. The remaining 180
evolution lines, comprising 480 Geminon, constitute the public split.

G.2. Corpus Curation

Given the GEMINON index, we construct a corpus as a mixture of in-world document formats designed to distribute each
atomic fact (the stats and attributes of Geminon) across many records while avoiding one-to-one paraphrasing. Specifically,
we synthesize four document types: wiki entries (encyclopedic third-person descriptions), field journal notes (informal
first-person trainer observations), evolution logs (narrative analyses of an entire evolution line), and pairwise comparisons
(side-by-side trainer assessments of two Geminon).

Each prompt instructs the LLM to return, alongside every article, a provenance list specifying the exact Geminon attribute
keys referenced in that article. These lists serve as a proxy for attribute-level mention frequency. LLM outputs are parsed by
stripping Markdown fences and decoding the resulting JSON list. The raw provenance strings produced by the LLM are
then normalized to 17 canonical feature names through a combination of prefix stripping, an explicit mapping covering
approximately 70 known variants and typos, and a final underscore-to-space fallback. Strings that cannot be resolved are
discarded.

Articles are generated using gemini-2.5-pro with the prompts shown below. For the wiki, journal, and evolution
prompts, each prompt is queried 100 times, and each response yields 10 articles, producing approximately 1000 candidate
articles per Geminon or evolution line. Comparison prompts are run once over all

(
480
2

)
= 114960 unique pairs of public

Geminon, with each response yielding 3 articles. Evolution prompts are applied to all 160 multi-stage public evolution lines
(80 three-stage and 80 two-stage). After parsing, the final corpus contains 1408369 public articles and 116739 sensitive
articles, with the following breakdown:

Sampling Prompts and Details. The prompts used for corpus generation are presented below.

Example Prompt for wiki-style articles of Geminon

You are a 'Geminon' trainer and an editor for a 'Gemidex', a wiki/encyclopedia for Geminon. Your task is to write
the introductory paragraph for the following Geminon's wiki page.
Your style must be **encyclopedic, objective, and 100\% factual.** The paragraph must be well-written, clear, and
flow naturally, not just a bulleted list of facts.
Your response MUST be a single, valid JSON **List**
This list must contain **10 separate JSON objects**. Do not add any text before or after the JSON list.

Each of the 10 objects in the list MUST have exactly two keys:
1. `"text"`: A Gemidex gentry.
2. `"g1_info"`: A list of the *exact* JSON keys used to write that specific text.

**Geminon Data:**
{data_json}

*Note on units: `weight` is in 'lbs', `height` is in 'm'.*
*Note on move and ability: move is an action a geminon actively uses in battle, while its ability is a passive
trait that automatically affects how it behaves or interacts.*
---

**Instructions for JSON Generation:**
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**1. For the `"text"` key (The Wiki Entry):**
* Write a 4-6 sentence descriptive paragraph.

* **Groundedness:** Your paragraph must be **100\% grounded** in the provided JSON data. Do not invent *any* new
facts, behaviors, or interpretations.

* **Structure:** You **must mention all features and stats** including all information about its 'move'

* **Natural Language:** Integrate the data into flowing sentences.

* **Handle Data Keys:** You must include units for `weight` and `height`. Do not use the raw JSON key names like
`evolution_line` or `base_stat_total`.

**2. For the `"g1_info"` key (The Provenance Check):**
* After writing the paragraph, re-read it.

* Create a list of strings containing the **exact JSON key** for *every* piece of information you used. For
example, if you mention the ability and the name of the move, then you should include `"ability"`, `"name"`, and
`"move.name"` in the list.

* This must be a **100\% complete and comprehensive** audit of all keys used in the "text".

**3. The "Diversity" Rule:**
* You MUST generate **5 distinct entry**.

* Each note must mention all features and stats

* Each note should vary in framing/theme, for example,
- Identity-first: name + classification + typing overview, Taxonomy/typing-first: type(s) + ability + what

that implies mechanically (stated neutrally)
- Taxonomy/typing-first: type(s) + ability + what that implies mechanically (stated neutrally)
- Battle-kit-first: move + ability + role-neutral description of kit
- Stats-profile-first: summarize stat distribution (e.g., ``higher defense than speed'' only if numbers

support it)
- Physical-description-first: height/weight + form descriptors present in data
- Evolution-line-first: evolution stage/line (only if present) then identity + kit
- Comparison framing (within the same Geminon): contrast two stats or features using exact values
- ``At-a-glance card'' prose: concise, info-dense sentences with varied syntax
- Lore-neutral context: any canonical tags/regions/labels present in JSON (only if present)
- Move-centric: lead with the signature move then connect to typing/stats/ability

* Avoid repeating sentence structures across entries.

Example Prompt for journal-style articles of Geminon

You are a 'Geminon' trainer, on a journal around the Geminon world. You have a Gemidex, basically an encyclopedia
, used to get all the information on new geminon.
You are collecting Geminons and writing a field journal. Your style is observational, a bit informal, and sounds
human - not like a wiki.

Your response MUST be a single, valid JSON **List**
This list must contain **10 separate JSON objects**. Do not add any text before or after the JSON list.

Each of the 10 objects in the list MUST have exactly two keys:
1. `"text"`: A short paragraph of 4-6 sentences.
2. `"g1_info"`: A list of the *exact* JSON keys used to write that specific text.

**Geminon Data:**
{data_json}

*Note on units: `weight` is in 'lbs', `height` is in 'm'.*
*Note on move and ability: move is an action a geminon actively uses in battle, while its ability is a passive
trait that automatically affects how it behaves or interacts.*
---

**Instructions for JSON Generation:**

**1. The "Trainer's Reaction" Rule (CRITICAL):**
* Your notes are your *personal reactions* to the Gemidex data. You are not a robot listing facts.

* **DO NOT** just list stats. **DO** make simple, direct judgments about them.

* **AWKWARD (AI-sounding):** "Its physical attack stat sits at a respectable 60..."

* **NATURAL (Trainer's Note):** "Just scanned a Scrabble. Its 60 attack is decent for an early find, but its 30
special attack is just useless."

* **AWKWARD:** "I clocked its speed at a pretty sluggish 55."

* **NATURAL:** "The Gemidex shows its speed is 55. It's not outrunning anything, so I'll have to rely on its 70
defense to take a hit."

**2. The "Groundedness \& Consistency" Rule:**
* **100\% Grounded:** Every single claim and judgment in your "text" **MUST** be directly and 100\% justified by
a value in the **Geminon Data**.

* **No New Facts:** Do not add *any* information not in the data (no habitats, diets, behaviors, etc.).

* **Non-Contradiction:** All 5 notes must be based on the same data and cannot contradict.

**3. The "Diversity" Rule:**
* You MUST generate **5 distinct notes**.

* Each note must mention at least **3 features** from the Geminon Data.
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* Each note must focus on a **different theme** to avoid repetition (e.g., (1) offensive profile, (2) defensive
profile, (3) speed/tempo, (4) ability implications (5) move usefulness, (6) overall role/archetype, (7) size/
weight impressions, (8) evolution trajectory, (9) typing strengths/weaknesses, (10) ``team fit'' reflection.

* Avoid repeating sentence structures across entries.

**4. The "Provenance" Rule (Per-Note):**
* The `g1_info` list for *each* note must be a 100\% complete audit of *every* JSON key used to write that note's
"text".

* For example, if you mention the ability and the name of the move, then you should include `"ability"`, `"name"`,
and `"move.name"` in the list.

Example Prompt for comparison-style articles of Geminon

You are a 'Geminon' trainer traveling the world. You often stop to compare two different species side-by-side
using your Gemidex scanner. Your writing style is **observational, opinionated, and informal - like a seasoned
trainer jotting down strategic notes.

Your response MUST be a single, valid JSON **List**
This list must contain **3 separate JSON objects**. Do not add any text before or after the JSON list.

Each of the 3 objects in the list MUST have exactly three keys:
1. `"text"`: A short paragraph of 4-6 sentences.
2. `"g1_info"`: A list of the *exact* JSON keys of Geminon1 Data used to write that specific text.
3. `"g2_info"`: A list of the *exact* JSON keys of Geminon2 Data used to write that specific text.

**Geminon1 Data:**
{data_json_1}

**Geminon1 Data:**
{data_json_2}

*Note on units: `weight` is in 'lbs', `height` is in 'm'.*
*Note on move and ability: move is an action a geminon actively uses in battle, while its ability is a passive
trait that automatically affects how it behaves or interacts.*
---

**Instructions for JSON Generation:**

**1. The "Trainer's Comparison" Rule (CRITICAL):**
* Your notes are your *personal comparisons* to the Gemidex data of the two Geminons.

* Focus on Differences and Similarities:** Pick 2-3 key differences (like type, a key stat, or base stat total)
and then pick 1-2 similarities if any.

* **DO NOT** just list stats. **DO** make simple, direct judgments about them.

**2. The "Groundedness \& Consistency" Rule:**
* **100\% Grounded:** Every single claim and judgment in your "text" **MUST** be directly and 100\% justified by
a value in the **Geminon Data**.

* **No New Facts:** Do not add *any* information not in the data (no habitats, diets, behaviors, etc.).

* **Non-Contradiction:** All 3 notes must be based on the same data and cannot contradict.

**3. The "Diversity" Rule:**
* You MUST generate **3 distinct notes** focusing on different themes:

* **Note 1: Physicality \& Typing:** Compare their weights, heights, types, and classifications. (e.g., "A
clash of elements," or "David vs Goliath" sizes).

* **Note 2: Combat Profile:** Compare their stat distributions (`hp`, `atk`, `def`, `spd`). Who is the tank?
Who is the sweeper?

* **Note 3: Evolution \& Utility:** Compare their abilities, moves, or stage in evolution. Which one has the
better utility?

* Avoid repeating sentence structures across entries.

**4. The "Provenance" Rule:**
* `g1_info` and `g2_info` must be 100\% comprehensive.

* The `g1_info` list for *each* note must be a 100\% complete audit of *every* JSON key of **Geminon1 Data** used
to write that note's "text".

* The `g2_info` list for *each* note must be a 100\% complete audit of *every* JSON key of **Geminon2 Data** used
to write that note's "text".

* For example, if you write "G1 is faster than G2," you **MUST** include `"speed"` in **both** `g1_info` and `
g2_info`. You should be explicit on `move`, i.e. using `"move.name"` and `"move.description"`.

Example Prompt for evolution-chain-analysis-style articles of Geminon

You are a 'Geminon' trainer, on a journal around the Geminon world. You have a Gemidex, basically an encyclopedia
, used to get all the information on new geminon.
Now you are analyzing a full evolution line in your field journal. You are looking at the data for a Geminon, its
evolution, and its final form (if applicable) to understand how this species grows and changes.
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Your writing style is **observational, analytical, and narrative.** You are telling the story of this line of
evolution.

Your response MUST be a single, valid JSON **List**
This list must contain **10 separate JSON objects**. Do not add any text before or after the JSON list.

Each of the 3 objects in the list MUST have exactly four keys:
1. `"text"`: A short paragraph of 4-6 sentences.
2. `"g1_info"`: A list of the *exact* JSON keys from the **Base Form** used in the text.
3. `"g2_info"`: A list of the *exact* JSON keys from the **Middle Stage** used in the text. (Empty list `[]` if
not used/applicable).
4. `"g3_info"`: A list of the *exact* JSON keys from the **Final Stage** used in the text. (Empty list `[]` if
not used/applicable).

**Base Form (G1):**
{data_json_1}

**Middle Stage (G2):**
{data_json_2}

**Final Stage (G3):**
{data_json_3}

*Note on units: `weight` is in 'lbs', `height` is in 'm'.*
*Note on move and ability: move is an action a geminon actively uses in battle, while its ability is a passive
trait that automatically affects how it behaves or interacts.*
---

**Instructions for JSON Generation:**

MISSING-STAGE / NO-EVOLUTION RULE
- Some Geminons have no evolution line (single-stage species). In that case, G2 and G3 will be empty/null.
- If there is NO evolved form:
1) Explicitly state (in a factual, non-speculative way) that the data shows no evolution beyond G1.
2) Your analysis must pivot from ``changes across stages'' to ``how its kit/stats/typing cohere as a complete

species.''
3) Do NOT invent future evolutions or speculate about what it ``would become.''
4) Keep "g2_info" = [] and "g3_info" = [] for every entry, and do not reference G2/G3 in the text.

**1. The "Trainer's Comparison" Rule:**
* Your notes are your *personal comparisons* to the Gemidex data of this evolution chain of Geminons.

* *Describe the Flow:* Start with the base form. Mention what it evolves into, and its final form (if it has one)
.

* *Highlight Changes:* You should mention the change in classification, differences in key stats, base_stat_total
, etc..

* **DO NOT** just list stats. **DO** make simple, direct judgments about them.

**2. The "Evolutionary Trajectory" Rule:**
* **Do NOT just list stats for 3 creatures.**
* **DO analyze the change.** Describe the *progression* from G1 to G2 to G3.

* **Identify Trade-offs:** Does it get slower but bulkier? Does it shift from a physical attacker to a special
attacker? Does it gain a new type?

* **BAD:** "G1 has 50 attack. G2 has 70 attack. G3 has 90 attack."

* **GOOD:** "It starts off scraping by with a weak 50 attack, but by the time it reaches its final form, it
has nearly doubled that power to a formidable 90."

**3. The "Groundedness \& Consistency" Rule:**
* **100\% Grounded:** Every single claim and judgment in your "text" **MUST** be directly and 100\% justified by
a value in the **Geminon Data**.

* **No New Facts:** Do not add *any* information not in the data (no habitats, diets, behaviors, etc.).

* **Non-Contradiction:** All 3 notes must be based on the same data and cannot contradict.

**4. The "Diversity" Rule:**
* You MUST generate **3 distinct notes** focusing on different themes of the evolution, for example,

1) Physical growth \& form factor (height/weight emphasis)
2) Role shift (what it looks suited for based on stat profile)
3) Offensive trajectory (attack vs special attack vs move)
4) Defensive trajectory (defense vs special defense vs survivability)
5) Tempo \& control (speed changes and what that implies)
6) Type evolution (type additions/removals/consistency, if present)
7) Ability evolution (ability consistency or change, if present)
8) Move evolution (move consistency or change, and what it signals)
9) ``Breakpoint'' narrative (identify the single biggest jump between two stages)
10) Summary verdict (one-sentence takeaway + supporting comparisons)

* Avoid repeating sentence structures across entries.

**5. The ``Provenance'' Rule:**
* The lists (`g1_info`, `g2_info`, `g3_info`) must be 100\% comprehensive.

* If the input for G3 is empty/null (a 2-stage line), ensure you do not hallucinate data for it, and keep `
g3_info` as `[]`.
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* For example, if you write "It grows from 10 lbs to a massive 200 lbs," you **MUST** include `"weight"` in both
`g1_info` and `g3_info`. You should be explicit on `move`, i.e. using `"move.name"` and `"move.description"`.

We also report the distribution of token counts for each corpus source in Figure 11.

Figure 11. Token count distributions for the Geminon corpus.

Attributes Frequency and Subsampling. Table 28 reports attribute mention statistics over the full corpus.

Table 28. Left: per-Geminon mention counts for each feature, aggregated over all public articles for the 480 public Geminon; Mean/St-
d/Min/Max are computed over per-Geminon counts. Right: feature coverage in the 120 selected sensitive wiki articles. type2 covers
only 80/120 cases because the remaining 40 Geminon are single-typed.

Feature Mean Std Min Max

name 2260.7 146.8 1778 2717
classification 1721.2 67.1 1523 1908
type1 1877.8 81.9 1665 2133
type2 1298.3 630.2 390 2190
ability 1763.7 90.0 1550 2205
hp 1586.0 160.0 1139 2272
attack 1716.1 267.7 1002 2374
defense 1707.4 212.8 1216 2380
speed 1758.8 132.9 1448 2263
special attack 1543.5 292.6 1014 2268
special defense 1512.4 220.3 1051 2161
base_stat_total 1727.2 77.6 1480 1880
weight 1649.6 47.3 1467 2049
height 1641.2 42.4 1462 1721
evolution_line 1694.0 72.5 1506 1893
move.name 917.1 103.6 527 1178
move.short_description 885.7 95.9 501 1128

Feature Coverage

name 120/120
classification 120/120
type1 120/120
type2 80/120
ability 120/120
hp 120/120
attack 120/120
defense 120/120
special attack 120/120
special defense 120/120
speed 120/120
base_stat_total 120/120
weight 120/120
height 120/120
evolution_line 120/120
move.name 120/120
move.short_description 120/120

For the sensitive set, we select one wiki article per sensitive Geminon by greedily choosing the candidate with the highest
coverage of that Geminon’s applicable canonical features. Under this criterion, all 120 sensitive Geminon achieve perfect
feature coverage.

For the public set, we construct 200k and 1M subsets using a coverage-aware weighted sampling procedure. In each round,
each candidate article is assigned a score of

∑
(Geminon, feature) 1/(1 + count), where count tracks how many times that

(Geminon, feature) pair has already been selected. Articles that fill the largest current coverage gaps therefore receive the
highest sampling probability. The resulting source breakdown is as follows:
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• GEMINON-SMALL: comparison 100k, evolution 40k, journal 40k, wiki 20k

• GEMINON-MEDIUM: comparison 300k, evolution 100k, journal 300k, wiki 300k

We then append the 120 sensitive wiki articles to each subset, yielding final sizes of 200,120 and 1,000,120, respectively.
Example articles are shown in Figure 12.

wiki

{
"text": "As the first stage in the evolutionary line

that culminates in Borastat, Boreling is a
quintessential Frost Geminon. This pure ice-type,
known as Gemidex entry #10003, measures 12 meters in
height and weighs 52 lbs. Its passive ability is
Berserk, and it can be taught the move Powder Snow,
which has a percentage-based chance to freeze an
opponent. Boreling's base stat total of 367 is
comprised of 69 HP, 60 attack, 63 defense, 67 special
attack, 68 special defense, and a speed rating of
40.",

"tag": [
{

"idx": 10003,
"info": [
"idx",
"name",
"classification",
"type1",
"ability",
"evolution_line",
"height",
"weight",
"base_stat_total",
"hp",
"attack",
"defense",
"special attack",
"special defense",
"speed",
"move.name",
"move.short_description"

]
}

],
"type": "wiki"

}

journal

{
"text": "I need to be strategic with my new Boreling.
Its Berserk ability only activates when its HP is low
, which means I need to know it can survive a hit. Its
63 defense and 68 special defense give me some
confidence there. Since its speed is a low 40, I'll
probably have to take a hit before I can attack, so
those defensive stats are crucial.",
"tag": [

{
"idx": 10003,
"info": [

"name",
"ability",
"hp",
"defense",
"special defense",
"speed"

]
}

],
"type": "journal"

}

comparison

{
"text": "Looking at their combat stats, Aerofir is

clearly built for speed, boasting a speed stat of 95,
while Boreling is sluggish at 40. Despite this speed
gap, their core defensive and offensive stats are
surprisingly close, with both having attack and
defense in the 60s. Aerofir has a better HP pool at
81, making it a bit more durable than Boreling at 69
HP. Overall, Aerofir has the advantage with a higher
base stat total, but it's not a total blowout in every
category.",
"tag": [
{

"idx": 10003,
"info": [
"hp",
"attack",
"defense",
"speed",
"base_stat_total"

]
},
{

"idx": 10503,
"info": [
"hp",
"attack",
"defense",
"speed",
"base_stat_total"

]
}

],
"type": "comparison"

}

evolution log

{
"text": "While its special attack becomes its

greatest asset, the attack stat also sees consistent
growth. Boreling's initial attack of 60 is a solid
starting point. This grows to a more threatening 89 in
its Borelash stage. As Borastat, its physical prowess
culminates in an impressive 125 attack, making it a
versatile threat that can strike effectively from both
the physical and special sides.",
"tag": [

{
"idx": 10003,
"info": [
"attack"

]
},
{

"idx": 10004,
"info": [
"attack"

]
},
{

"idx": 10005,
"info": [
"attack"

]
}

],
"type": "evolution"

}

Figure 12. Example articles about Geminon Boreling.

G.3. QA Curation.

We use the following template to construct simple questions for each public and sensitive Geminon.

38



2090
2091
2092
2093
2094
2095
2096
2097
2098
2099
2100
2101
2102
2103
2104
2105
2106
2107
2108
2109
2110
2111
2112
2113
2114
2115
2116
2117
2118
2119
2120
2121
2122
2123
2124
2125
2126
2127
2128
2129
2130
2131
2132
2133
2134
2135
2136
2137
2138
2139
2140
2141
2142
2143
2144

CONTINUOUSBENCH : Can Differentially Private Synthetic Text Improve Capabilities?

Geminon Simple Question Template

"What is the classification of {name}?"
"What are the types of {name}?"
"What is the ability of {name}?"
"What is the HP stat of {name}?"
"What is the attack stat of {name}?"
"What is the defense stat of {name}?"
"What is the special attack stat of {name}?"
"What is the special defense stat of {name}?"
"What is the speed stat of {name}?"
"What is the base stat total stat of {name}?"
"What is the move of {name}?"
"What is the weight (in lbs) of {name}?"
"What is the height (in meters) of {name}?"

Example QAs for Geminon Phantatch is presnted below.

Example QA for Geminon Phantatch

{
"question": "What is the classification of Phantatch?",
"answer": "Spore Geminon"

}
{

"question": "What are the types of Phantatch?",
"answer": "ghost"

}
{

"question": "What is the ability of Phantatch?",
"answer": "Suction Cups"

}
{

"question": "What is the HP stat of Phantatch?",
"answer": 79

}
{

"question": "What is the attack stat of Phantatch?",
"answer": 48

}
{

"question": "What is the defense stat of Phantatch?",
"answer": 56

}
{

"question": "What is the special attack stat of Phantatch?",
"answer": 23

}
{

"question": "What is the special defense stat of Phantatch?",
"answer": 88

}
{

"question": "What is the speed stat of Phantatch?",
"answer": 84

}
{

"question": "What is the base stat total stat of Phantatch?",
"answer": 378

}
{

"question": "What is the move of Phantatch?",
"answer": "Poltergeist"

}
{

"question": "What is the weight (in lbs) of Phantatch?",
"answer": 198

}
{

"question": "What is the height (in meters) of Phantatch?",
"answer": 14

}
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H. NEWS: Curation and Evaluation Details
H.1. Corpus Curation

We leveraged the CommonCrawl News (Common Crawl, 2026), specifically the September 2025 dump for the experiments
presented. We only select the English documents and got 2,876,319 documents in total. For each article, we retrieved the pub-
lication date, document URL, main text, language, crawl date, hostname, and title using trafilatura. Code for dataset
curation can be found at https://anonymous.4open.science/r/ContinuousBenchCuration-3F88/.

We normalize the paragraphs by collapsing extra spaces and newlines, producing 1,768,567 cleaned articles. Then, we
deduplicate the cleaned-up articles in two passes. Pass 1 removes exact duplicates globally via SHA-256 hashing of article
text. Pass 2 performs near-deduplication using MinHash LSH (datasketch) with 128 permutations, word 5-gram shingles,
and a containment similarity threshold of 0.80, where containment = |A∩B|/min(|A|, |B|). When a near-duplicate pair is
found, the shorter article is removed.

We further subsample 200K articles for NEWS-SMALL and 600K for NEWS-MEDIUM, while using the full collection as
NEWS-LARGE.

Figure 13. Token-count distribution of the news corpus. The blue curve shows the per-article distribution and vertical lines mark
context-window sizes of 512, 1024, and 2048 tokens, with the corresponding cumulative percentages shown in blue.

H.2. QA Curation

We construct question-answer pairs from the deduplicated cleaned-up corpus through a multi-stage pipeline using the
Gemini API.

Clustering. We embedded the extracted articles using embeddinggemma-300m (Team, 2025), with prompt prefix
"task: clustering | query: ", input mode title and first paragraph (∼500 characters), maximum sequence
length 512, and L2-normalized float16 outputs. We then clustered the 1,768,567 embeddings with a local windowed
kNN + Leiden approach: for each 7-day sliding window (±3 days), we build a mutual kNN graph (k-search=60, k-graph=30,
similarity threshold 0.55) and run Leiden community detection (resolution 0.07, 4 iterations), with a minimum cluster
size of 25 and cross-window merging (Jaccard threshold 0.35, centroid similarity 0.9). This step produced 13,870 clusters
containing 556,555 articles.

Fact extraction. For each of the top 500 largest clusters, we send up to 50 articles (each truncated to 512 characters) to
gemini-2.5-pro and extract 12–25 short, QA-ready facts. Each fact must be explicitly stated in at least three distinct
articles and anchored by an absolute date, a named entity, or a named document or action. This yielded 5,947 facts across
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431 clusters. It is worth noting that the 69 clusters left are mostly spam clusters.

QA generation. We then send the extracted facts, together with up to 50 underlying cluster articles (each truncated to
512 characters), back to gemini-2.5-pro to generate up to 12 short-answer QA pairs per cluster. Questions must be
answerable with a name, date, number with unit, location, or outcome, and should include an absolute timestamp to make
them unambiguous. We require that the same answer string appear verbatim in at least three articles. This process yields
4,468 QA pairs across 430 clusters.

In manual inspection, this two-stage pipeline produced substantially higher-quality QA pairs than direct single-stage question
generation.

Closed-book Answerability and Ambiguity check. Next, we prompt gemini-2.5-pro with each question in a
zero-shot setting, i.e., without any article context. Then use the same model as a judge to determine 1. whether the zero-shot
response matches the ground-truth answer and 2. whether each question is fully interpretable on its own (standalone-
ambiguity check.) We emphasize that, although both the source articles and the resulting knowledge tests are post-cutoff,
models may still answer some questions correctly by exploiting prior associations or plausible inference rather than genuine
knowledge of the underlying articles. For example, for a question such as “Which company hosted a party on September 15,
2025, in celebration of the 2025 Emmy Awards?”, a model may correctly guess “Netflix” based on historical associations
rather than direct knowledge of the covered event. This yields 2,604 out of 4,468 QAs that are both unambiguous and
unanswerable (39.7% zero-shot correct, 3.0% underspecified).

Open-book Answerability check (Support identification.) We perform clusterings to get a pool of candidate articles.
Then, we prompt gemini-2.5-flash-lite with each article and the potential answerable QA pairs and collect the
open-book responses (617,298 article–QA prompts total). Then we use a judge prompt to check if those responses are
correct.

Figure 15. Support count distribution of the news QAs. The blue curve shows the per-article distribution and vertical lines mark support ≥
100, 200, 300, 400, 500 articles, with the corresponding cumulative percentages shown in blue.
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Example Question 1 about Asia Cup 2025: India vs
Pakistan

{
"question": "Who was the match referee for the

India vs. Pakistan Asia Cup match on September 14,
2025?",

"answer": "Andy Pycroft",
"support_count": 648,
"closedbook_gemini-2.5-pro": {

"answer": "Javagal Srinath",
"is_correct": false

},
"openbook_gemini-2.5-flash-lite": [

{
"article_id": 126152,
"answer": "Not mentioned",
"is_correct": false

},
...
{

"article_id": 1713242,
"answer": "Not mentioned",
"is_correct": false

}
]

}

Example Question 2 about Asia Cup 2025: India vs
Pakistan

{
"question": "Who was the chairman of the Pakistan

Cricket Board as of September 2025?",
"answer": "Mohsin Naqvi",
"support_count": 463,
"closedbook_gemini-2.5-pro": {

"answer": "Ramiz Raja",
"is_correct": false

}
"openbook_gemini-2.5-flash-lite": [

{
"article_id": 547,
"answer": "Mohsin Naqvi",
"is_correct": true

},
...
{

"article_id": 1376988,
"answer": "Unknown",
"is_correct": false

}
]

}

Figure 16. Example QAs about Asia Cup 2025: India vs Pakistan
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Example article 1 about Asia Cup 2025: India vs Pakistan

{
"url": "https://newsable.asianetnews.com/sports/cricket-india-vs-pakistan-asia-cup-2025-referee-pycroft-pcb-

handshake-row-articleshow-miqavqv",
"hostname": "newsable.asianetnews.com",
"title": "India vs Pakistan, Asia Cup 2025: Referee Pycroft Faces PCB Heat As Handshake Controversy Escalates

",
"date": "2025-09-15",
"crawl_date": "2025-09-15T05:55:11Z",
"language": "en",
"text": "India\u2019s win over Pakistan in the Asia Cup was overshadowed by a handshake row. Match referee

Andy Pycroft faces heat as PCB protests India\u2019s refusal to shake hands, citing government policy and
solidarity with Pahalgam attack victims. Dubai [UAE]: The highly anticipated India-Pakistan Asia Cup clash in
Dubai on Sunday has spiraled into controversy, with match referee Andy Pycroft caught in the middle of a row over
the absence of customary handshakes. India clinched a comfortable seven-wicket win, but it was events off the
field that have dominated headlines. No Handshakes Before or After the Game Tensions rose when players from
neither side exchanged handshakes, either before the toss or after the match. According to India\u2019s T20I
skipper Suryakumar Yadav, the decision was not spontaneous but taken after discussions with both the Board of
Control for Cricket in India (BCCI) and the Indian government. \u201cOur government and BCCI \u2013 we were
aligned today,\u201d Suryakumar explained at the post-match press conference. \u201cRest, we took a call (about
not shaking hands). We came here to just play the game. We have given a proper reply,\u201d he added. Pakistan
Left Upset The move stunned the Pakistan team, who claimed they had been waiting after the game to greet their
opponents, only to realize India had decided otherwise. Head coach Mike Hesson admitted the players were \
u201cdisappointed,\u201d while captain Salman Agha skipped his mandatory post-match broadcast appearance in
protest. The Pakistan Cricket Board (PCB) later issued a statement confirming that team manager Naveed Akram
Cheema had formally protested against referee Andy Pycroft. \u201cManager Naveed Akram Cheema has registered a
formal protest against the match referee's behaviour,\u201d the statement read. \u201cMatch referee requested the
captains not to shake hands during the toss,\u201d it added. Referee Pycroft Under Scrutiny PCB\u2019s
allegation places Pycroft at the heart of the storm, with claims that he actively instructed both captains to
avoid shaking hands even before play began. His official response to the complaint is still awaited. The PCB
statement went a step further, describing India\u2019s actions as \u201cagainst sportsmanship.\u201d Political
Undertones Cannot Be Ignored This was the first meeting between the arch-rivals since the deadly Pahalgam terror
attack in April, an incident that has strained relations across the border. Calls for India to withdraw from the
tournament had surfaced in the build-up, but New Delhi eventually allowed participation only under the policy of
engaging Pakistan in multilateral tournaments, not bilateral ones. Suryakumar, dedicating the victory to the
Armed Forces, also reiterated the emotional backdrop. \u201cFew things in life are ahead of sportsman spirit also
. I\u2019ve (said) it at the presentation as well, we stand with all the victims of Pahalgam terror attacks,
stand with their families, and express our solidarity,\u201d he said."
}

Example article 2 about Asia Cup 2025: India vs Pakistan

{
"url": "https://www.hindustantimes.com/cricket/pakistan-knock-on-iccs-door-demands-immediate-removal-of-match

-referee-for-staying-silent-on-indias-no-handshake-101757928011929.html",
"hostname": "www.hindustantimes.com",
"title": "Pakistan knocks on ICC's door, demands immediate removal of match referee for staying silent on

India's no handshake",
"date": "2025-09-15",
"crawl_date": "2025-09-15T09:31:13Z",
"language": "en",
"text": "Pakistan knocks on ICC's door, demands immediate removal of match referee for staying silent on

India's no handshake The PCB has escalated India's no-handshake controversy to the ICC, asking for the immediate
removal of match referee Andy Pycroft. The no-handshake episode between India and Pakistan at the end of Match 6
of the Asia Cup 2025 is snowballing into a huge controversy. After the Pakistan cricket team complained to the
match referee about India's actions, the board has now reached out to the ICC, demanding that the official be
removed. PCB's strict measures come in the wake of the disappointment stemming from the fact that Indian players
did not participate in the post-match customary handshakes with their Pakistan counterparts. The move has
triggered former Pakistan cricketers and members of the board alike, and facing the wrath is Andy Pycroft, a
veteran in this role. \"The PCB has lodged a complaint with the ICC regarding violations by the Match Referee of
the ICC Code of Conduct and the MCC Laws pertaining to the Spirit of Cricket. The PCB has demanded the immediate
removal of the Match Referee from the Asia Cup,\" PCB and Asia Cup chief Mohsin Naqvi posted on X. The handshake
saga has been going on for quite some time. It first made headlines during the Asia Cup captain's meet, when
Salman Agha left the stage instantly after the event ended and shook hands backstage later. Then, during
yesterday's match toss, Suryakumar and Agha did not shake hands either. But the tension really escalated at the
end of the match, when the entire team boycotted Pakistan, with players leaving the dugout and heading straight
into the dressing room. The Pakistan team even tried to approach Team India, but they had locked their dressing
room, leaving the Men in Green empty-handed. The likes of Shoaib Akhtar, Basit Ali and Kamran Akmal made their
dissent feel loud and clear, in a common meltdown on a live TV channel. India and Pakistan are likely to face
each other once again next Sunday in the Super Fours and expect sparks to fly even further with the handshake
sage taking a dramatic turn."
}

Figure 14. Example articles about Asia Cup 2025: India vs Pakistan
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CONTINUOUSBENCH : Can Differentially Private Synthetic Text Improve Capabilities?

I. Training recipes and evaluation details
I.1. Evaluator training details

This section describes the standardized downstream training recipe used for evaluator models. All evaluators are trained
with a standard causal language modeling objective in a continual-pretraining style. The optimizer configs are swept on
the original GEMINON-SMALL and NEWS-SMALL, and the selected recipes are then fixed for all remaining experiments.
Table 29 lists the hyperparameters shared across all evaluator-training runs, and Table 30 lists the settings that vary by
dataset, model size, and tuning method.

Table 29. Common evaluator-training hyperparameters used in all runs.

Hyperparameter Value

Optimizer AdamW
AdamW betas β1 = 0.9, β2 = 0.995
Weight decay 0.1
Learning-rate schedule Cosine decay
Warmup fraction 0.1
End learning-rate fraction 0
Effective batch size 32 samples per optimizer step
Number of training steps 10,000
Precision bf16 for parameters, optimizer state, and accumulation

Table 30. Evaluator-training hyperparameters that vary by dataset, model size, and tuning method. LoRA runs use rank 128.

Dataset Model Tuning LR Sequence length

NEWS 1B Full 1×10−4 1024
NEWS 1B LoRA 5×10−4 1024
NEWS 4B Full 5×10−5 1024
NEWS 4B LoRA 1×10−4 1024

GEMINON 1B Full 1×10−4 256
GEMINON 1B LoRA 2×10−4 256
GEMINON 4B Full 5×10−5 256
GEMINON 4B LoRA 2×10−4 256

For LoRA evaluator runs, we use rank 128 adapters. In the HuggingFace implementation, LoRA is applied to seven attention
and MLP projection matrices in each transformer layer. In the Kauldron implementation, LoRA is applied to all Dense and
Einsum layers. The dropout is 0 and scaling factor α is 1. Unless otherwise stated, all experiments in this paper use the Kaul-
dron implementation released at https://anonymous.4open.science/r/ContinuousBenchEval-5EF3/.

I.2. Generator training details

For synthesis experiments, all generator training uses LoRA with rank 128 applied to all Dense and Einsum layers. We
use a standard causal language modeling objective and perform continued pretraining on the training split of each corpus.
An example training instance is shown below:

Example generator training instance

{
"inputs": "",
"targets": "<training_record>"

}

Using the aforementioned training objective and training data formatting means we can share generator and evaluator
training settings (the only difference is the source of training data: sampled synthetic data for evaluators, and real data for
generators). Hence, public LoRA generator training shares configurations with the LoRA evaluator training (Table 29 and
30). Similarly, the direct DP finetuned evaluators (Appendix E) share training configurations with the DP generators we
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CONTINUOUSBENCH : Can Differentially Private Synthetic Text Improve Capabilities?

describe below. For checkpoint selection, while evaluator checkpoints are selected by validation QA accuracy, generator
checkpoints are selected by real data validation loss.

For DP generator training, we use JAX Privacy (McKenna et al., 2026) for per example gradient computation. Table 31 lists
the DP hyperparameters used in all settings. DP generator also uses all the hyperparameter in Tabe 29, with the exception of
steps and batch size.

Table 31. DP generator training settings.

Hyperparameter Value

Sampling method Truncated Poisson (Chua et al., 2024)
Privacy accounting PLD (Ganesh, 2025)
Target ε {10, 100}
Target δ 1/dataset_size1.1: 1.66e-6 for GEMINON, 1.55e-6 for NEWS
Clipping method Normalized clipping (De et al., 2022)
Clipping norm 1e-3

Truncated Batch size 512 (physical batch size; expected batch size minimizes noise/batch ratio)
Number of training steps 3,000

For every ε, model size, and track, we sweep over learning rate.

Table 32. Optimal Generator training LR and validation loss, for various model sizes and privacy epsilon. All runs use LoRA with rank
128.

Dataset Model ϵ LR Sweep Best LR Eval Loss

News 1B 10 5×10−5, 1×10−4, 2×10−4, 5×10−4 1×10−4 2.202
News 1B 100 5×10−5, 1×10−4, 2×10−4, 5×10−4 1×10−4 2.173
News 1B ∞ 1×10−3, 5×10−4, 2×10−4, 1×10−4 5×10−4 1.865

News 4B 10 5×10−5, 1×10−4, 2×10−4 1×10−4 1.956
News 4B 100 5×10−5, 1×10−4, 2×10−4 1×10−4 1.932
News 4B ∞ 5×10−5, 1×10−4, 2×10−4, 5×10−4 2×10−4 1.639

Geminon 1B 10 5×10−5, 1×10−4, 2×10−4, 5×10−4, 1×10−3 5×10−4 1.656
Geminon 1B 100 5×10−5, 1×10−4, 2×10−4, 5×10−4, 1×10−3 5×10−4 1.508
Geminon 1B ∞ 5×10−5, 1×10−4, 2×10−4, 5×10−4 5×10−4 0.957

Geminon 4B 10 5×10−5, 1×10−4, 2×10−4 2×10−4 1.506
Geminon 4B 100 5×10−5, 1×10−4, 2×10−4 2×10−4 1.407
Geminon 4B ∞ 5×10−5, 1×10−4, 2×10−4, 5×10−4 2×10−4 0.907

I.3. QA Evaluation and Sampling Recipes

We evaluate QA using greedy decoding with a max new token of 256 and the following few-shot prompts for GEMINON and
NEWS, shown below. Notably, the in-context examples are not drawn from our datasets, either from Pokémon data or other
news data.

GEMINON QA fewshot prompt

Here are questions and correct answers about properties of Geminon.

Q: What is the defense stat of Bulbasaur?
A: 49.

Q: What is the base state total of Espeon?
A: 525.

Q: What is the height (in meters) of Alolan Exeggutor?
A: 11.

Q: What is the weight (in lbs) of Onix?
A: 463.
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Q: What is the classification of Totodile?
A: Big Jaw Geminon.

Q: What are the types of Pidgey?
A: Normal and Flying.

Q: What is the move of Bastiodon?
A: Iron Head.

Q: {question}
A:

NEWS QA fewshot prompt

Here are questions and correct answers about news events in 2025.

Q: What nationality is Pope Leo XIV, who succeeded Pope Francis in 2025?
A: American.

Q: In July of 2025, destructive flooding in the state of Texas originated from what river?
A: Guadalupe River.

Q: What is the name of the Minnesota state lawmaker that was shot and killed in June of 2025?
A: Melissa Hortman.

Q: {question}
A:

We parse model responses deterministically using a simple normalization procedure. Specifically, we truncate the response
at several common boundaries, including line breaks, sentence boundaries, commas, and certain measurement units such as
“lbs” and “cm.” The extracted segment is then normalized by converting it to lowercase, stripping trailing unit markers, and
removing whitespace. This procedure yields a compact canonical form that supports more consistent answer matching.

The LLM-match prompt template for GEMINON and NEWS are shown below. We use GEMINI2.5-FLASH-LITE as judge for
all the experiments.

LLM-match prompt template for GEMINON and NEWS

Your task is to judge whether the given response to a question matches a given ground truth answer or not. You
are provided with a question, a ground truth response, and the response you need to judge.
For a response to "match", it must have at least as much information as the ground-truth.
The response can have more information than the ground-truth. It can be more specific (for example, "Labrador" is
more specific than "dog"), or have additional possible correct answers. But it must cover everything mentioned
in the ground-truth. It is okay if it covers it in different words, i.e. paraphrased.
For numeric answers, the relative error, defined as |response - ground truth| / mean(response, ground truth),
must be less than 0.01%.
Possible judgments:
"0": The response does not match the ground-truth answer.
"1": The response matches the ground-truth.
Question: "{question}"
Ground truth: "{target}"
Response: "{response}"
Your job is to ONLY check whether the given response matches the ground truth answer or not in the context of the
question. You DO NOT NEED to assess the correctness of the response. This is part of an automated evaluation
process, therefore you MUST OUTPUT your final answer as "0" or "1".
YOUR RESPONSE MUST BE "0" OR "1". Do not output anything else.

Evaluator checkpoints are selected according to contains accuracy on the QA validation split. Final results are reported on
the QA test split using exact-match for GEMINON and LLM-match for NEWS.
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