
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 9193–9211
October 24-29, 2026 ©2026 Association for Computational Linguistics

Synthetic Mixed Training:
Scaling Parametric Knowledge Acquisition Beyond RAG

Seungju Han1, Konwoo Kim1, Chanwoo Park2, Benjamin Newman3

Suhas Kotha1, Jaehun Jung3, James Zou1, Yejin Choi1

1Stanford University 2MIT 3University of Washington
wade3han@gmail.com

Abstract
Synthetic data augmentation helps lan-
guage models learn new knowledge in
data-constrained domains. However, naively
scaling existing synthetic data methods by
training on more synthetic tokens or using
stronger generators yields diminishing returns
below the performance of RAG. To break
the RAG ceiling, we introduce Synthetic
Mixed Training, which combines synthetic
QAs and synthetic documents. This leverages
their complementary training signals, and
enables log-linear improvements as both
synthetic data volume and generator strength
increase. This allows the model to outperform
RAG by a 2.6% relative gain on QuaLITY,
a long-document reading comprehension
benchmark. In addition, we introduce Focal
Rewriting, a simple technique for synthetic
document generation that explicitly conditions
document generation on specific questions,
improving the diversity of synthetic documents
and yielding a steeper log-linear scaling curve.
On QuaLITY, our final recipe trains a Llama
8B model that outperforms RAG by 4.4%
relatively. Across models and benchmarks
(QuaLITY, LongHealth, FinanceBench), our
training enables models to beat RAG in five
of six settings, outperforms by 2.6%, and
achieves a 9.1% gain when combined with
RAG.

1 Introduction

Language models fail to internalize all knowl-
edge during pretraining, so recent studies have
investigated whether domain-specific fine-tuning
can improve knowledge learning. They report
that retrieval-augmented generation (RAG)—the
de facto approach for data-constrained domains—
sets a strong upper bound that is difficult to sur-
pass (Ovadia et al., 2024; Soudani et al., 2024).
This is because incorporating new knowledge into
language model parameters is challenging in data-
constrained settings. One common approach is

to perform continued pretraining using synthetic
data generated from domain-specific source docu-
ments. However, the vast majority of studies have
found only limited success (Yang et al., 2025b; Lin
et al., 2025a; Caccia et al., 2025; Eyuboglu et al.,
2025; Lampinen et al., 2025). While it is natural
to attribute this failure to the quality of the syn-
thetic data generators, prior work has observed that
stronger generators yield diminishing returns (Lin
et al., 2025a; Maini et al., 2025; Kang et al., 2025;
Maini et al., 2024; Niklaus et al., 2026). In this
work, we address these issues by answering the
question:

How can we design synthetic data recipes for
knowledge learning that scales better with number
of synthetic tokens data and stronger generator?

First, we investigate existing data generation
algorithms and find that they do not scale well.
We experiment with four existing data generation
algorithms—one for generating synthetic QA pairs
and three for generating synthetic documents—and
use Llama 3.1 8B and 70B models to generate
up to 700M synthetic tokens for training an 8B
model. We find that, on a reading comprehension
benchmark requiring the acquisition of new knowl-
edge (QuaLITY; Pang et al. (2022)), existing train-
ing recipes based on synthetic data are insuffi-
cient to train a model that outperforms RAG,
even when the data is generated by a 70B model
that is much stronger than the 8B model being
trained. In particular, we find that training on
synthetic QAs performs better than training on syn-
thetic documents for a fixed generator. However,
the gains from scaling the generator depend on the
choice of data generation algorithm—document
generation benefits more from generator scaling.
Still, all methods exhibit diminishing returns as the
number of synthetic tokens increases and remain
4.6% behind RAG in relative accuracy.
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Breaking the RAG ceiling with our training recipe

Synth Mixed Training (60.7%)
Synth Mixed Training + Gen scaling (67.0%)
Synth Mixed Training + Gen scaling + Focal Rewriting (68.2%)
Llama 3.1 8B Instruct RAG (65.3%)
Saturation point when scaling existing methods + Gen scaling
EntiGraph (Yang et al., 2024)
Active Reading (Lin et al., 2025)

Figure 1: Naively scaling synthetic data plateaus, but our simple methods allows effective scaling and surpass
RAG. We evaluate four synthetic data generation strategies using both 8B and 70B generators, scaling training data
up to 700M tokens. Across all four baselines, performance saturates and remains below RAG, showing that simply
increasing synthetic data or compute is insufficient. In contrast, our two simple techniques—Synthetic Mixed
Training and Focal Rewriting—exhibit clear log-linear scaling with both more data and a stronger generator,
ultimately surpassing RAG.

Building on the observations that synthetic QAs
and documents have different scaling properties
with respect to data and generator strength, we hy-
pothesize that QA and document data each provide
unique benefits during training. To achieve the
best of both worlds, we propose Synthetic Mixed
Training, which combines synthetic QAs with syn-
thetic documents during training. This substantially
improves synthetic token efficiency, exhibits clear
log-linear scaling behavior up to 700M synthetic
tokens, and enables the model to surpass RAG by
a 2.6% relative gain. In addition, we introduce Fo-
cal Rewriting, a simple technique for diversifying
the topics covered by synthetic documents by ex-
plicitly conditioning document generation on syn-
thetic questions about the source document. This
increases the lexical and semantic diversity of the
synthetic documents and further improves model
performance, yielding a 4.4% relative accuracy
gain over RAG.

We show that our recipe generalizes well across
different base models, including Qwen3 models
ranging from 1.7B to 14B parameters, and across
three benchmarks: QuaLITY, LongHealth, and Fi-
nanceBench. In particular, our recipe enables mod-
els to outperform RAG in five of six setups, yield-
ing an average relative accuracy gain of 2.6% over
vanilla RAG. Our approach is also complementary
to RAG, providing a 9.1% relative accuracy im-
provement over vanilla RAG. These results suggest
an untapped potential of synthetic data in enhanc-

ing internalization of new knowledge for language
models.

2 Existing synthetic data recipes plateau
when scaled

We present experimental results for training an 8B
model on variants of synthetic data derived from
documents in the QuaLITY benchmark (Pang et al.,
2022). To study how performance changes with
data scale, we vary the number of synthetic tokens
across runs, scaling up to 700M tokens. As Yang
et al. (2025b) demonstrate that training with only
real data does not improve performance, we only
consider options that train only with synthetic data.

Setup. We train the Llama 3.1 8B Instruct
model (Grattafiori et al., 2024) on the synthetic
data using a fixed set of hyperparameters (except
for learning rate; we search across three LRs—5e-
6, 1e-6 and 5e-5—and report the best accuracy),
varying only the method used to generate the syn-
thetic data. Similar to Yang et al. (2025b), we use
FineWeb (Penedo et al., 2024) as a replay data,
with a mixing ratio of 10%. For evaluation, we
use the QuaLITY multiple-choice QA set with a
zero-shot instruction that asks the LM to provide
a short explanation followed by the final answer.
We run evaluations for each setup eight times and
report the average results for more reliable results.
See Appendix B and C for more details.
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Figure 2: (Left) Comparing the data scaling of existing methods: self-generated (8B) synthetic QAs and
synthetic documents. This shows QuaLITY accuracy as a function of the number of synthetic training tokens;
shaded areas indicate the 95% confidence interval, estimated from n = 8 inference runs. We use Llama 3.1 8B
Inst for both data generation and model training. AR indicates Active Reading (Lin et al., 2025a), EG indicates
EntiGraph (Yang et al., 2025b), and WRAP indicates rephrasing (Maini et al., 2024). On QuALITY, synth QA is
substantially more efficient than all existing methods which generate synthetic documents. (Right) Scaling the
generator to improve synthetic token efficiency. (1) Scaling the generator to 70B does not improve synth token
efficiency for QA, only 0.1% gain over 8B generator at 88M tokens. (2) In contrast, document-based methods
do benefit from scaling the generator, achieving 4.5% gain on average. (3) For all methods, even with a stronger
generator, data scaling plateaus.

Synthetic document generation. We test four
data generation methods. All of these methods take
original source documents as input and generate
data grounded in them, and we do not consider
approaches that require seed examples, such as
(Divekar and Durrett, 2024). For synthetic doc-
ument generation, we test three algorithms. The
first is rephrasing (WRAP; Maini et al. (2024)),
which rephrases documents using an LM. The sec-
ond is EntiGraph (EG; Yang et al. (2025b)), which
uses a two-stage approach: it first extracts core en-
tities from the document using an LM, and then
constructs documents describing the relationships
between those entities using an LM again. The last
is Active Reading (AR; Lin et al. (2025a)), which
also uses a two-stage approach–first, an LM gener-
ates strategies to rephrase the document, which are
then incorporated into the instruction to guide the
LM in rewriting the document.

Synthetic QA generation. For synthetic QA gen-
eration, we first generate diverse QA pairs using
an LM with a simple instruction, and then use an
LM again to produce a response with a short ex-
planation for each question. This is similar to the
QA generation approaches of Lin et al. (2025a)
and Yang et al. (2025b), except that we explicitly
instruct the LMs to generate explanations in the re-
sponses. We generate open-ended QA pairs rather
than multiple-choice QA (MCQA) pairs, since gen-
erating difficult yet faithful distractors for MCQA
is nontrivial. See Appendix D for more details.

2.1 Scaling self-generated synthetic data has
diminishing returns

Figure 2 (left) shows the evaluation results on
QuaLITY when we train the model on synthetic
data generated by the same 8B model (i.e., self-
generated data). Training on synthetic QAs is more
synthetic token efficient than training on any of
the three synthetic document variants, while scal-
ing synthetic documents begins to plateau. This
was unexpected, as prior work found a different
empirical result when training an 8B model with
8B-generated data (Lin et al., 2025a). We specu-
late that the difference arises from their synthetic
QA pairs containing only short answers without
explanations, as we find that training the model on
responses containing only the answer, without an
explanation (i.e., using the answers from the ini-
tially generated QA pairs), leads to poor accuracy.
However, when we specifically scale synthetic QAs
up to 350M tokens, it also begins to show signs of
plateauing.

2.2 Strategy matters when scaling generator
to improve synthetic token efficiency

We further explore a natural direction for improv-
ing synthetic token efficiency: scaling the gener-
ator model (use Llama 3.1 70B Instruct) to pro-
duce higher-quality synthetic data. Figure 2 (right)
shows the results of generator scaling for synthetic
data generation. For synthetic QA generation, a
stronger generator does not yield meaningful im-
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Synthetic Mixed Training breaks the RAG ceiling
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Figure 3: Synthetic Mixed Training breaks the RAG ceiling. We combine 70B-generated synthetic QAs and
AR documents at a 1:1 ratio, attempting to achieve the best of both worlds. This (skyblue line) yields performance
comparable to RAG at 350M synthetic training tokens and ultimately surpasses RAG when scaled to 700M tokens.

provements in synthetic token efficiency, and per-
formance also saturates as we scale the number of
synthetic QA tokens. In contrast, for document gen-
eration, a stronger generator improves synthetic to-
ken efficiency: it closes the gap between training on
synthetic QAs and training on synthetic documents.
The choice of data generation algorithm also mat-
ters greatly: AR shows the best synthetic token
efficiency among the variants when using the 70B
generator, whereas WRAP shows the worst syn-
thetic token efficiency relative to its performance
with the 8B generator. However, 70B-generated
AR documents also shows saturating performance
when scaled up to 700M tokens.

The results suggest that we should think care-
fully about which generation procedures are
likely to improve with more capable generators,
as not every data generation algorithm benefits
from a stronger generator model. Prior synthetic
data works report related empirical findings that
stronger generators do not always provide better
synthetic data (without clear explanation): Lin et al.
(2025a) shows that using 70B-generated data to
train the 8B model underperforms compared to us-
ing 8B generated data; Guha et al. (2025) shows
that a weaker, smaller generator (QwQ-32B) can
produce better synthetic data for math and code
than a stronger, larger generator (DeepSeek-R1);
and Maini et al. (2025) observes saturating returns
when scaling the generator from a 3B to an 8B
model for document rephrasing in pretraining se-
tups. Kang et al. (2025) shows that using a 70B
model does not yield better performance when
rephrasing pre-training data, and more recently,
Niklaus et al. (2026) shows that a 1B generator is

sufficient for rephrasing, supported by extensive
experimental results.

3 Unlocking synthetic data scaling

Building on our empirical findings, we present two
simple methods for improving the efficiency of
synthetic data and overcoming the limitations of
existing synthetic data scaling. Our methods en-
able clear log-linear scaling up to 700M training
tokens, and our trained 8B model substantially out-
performs RAG on QuaLITY, achieving a 4.4% rel-
ative accuracy gain. In addition, we find that these
methods also work well with different base mod-
els (Qwen3 1.7B–14B) and additional benchmarks
(LongHealth, FinanceBench).

3.1 Synthetic Mixed Training: Mixing
synthetic QAs and synthetic documents

Since we have shown synthetic data strategies have
different scaling properties, we investigate whether
we can design a synthetic data recipe that achieves
the best of all worlds.

We hypothesize that synthetic QAs and synthetic
documents play different roles: synthetic QAs pri-
marily teach behavioral knowledge (e.g., how to
recall facts through chain-of-thought reasoning),
which can transfer across domains, whereas syn-
thetic documents primarily teach factual knowl-
edge, which is more domain-specific. To validate
this hypothesis, we test mixing all three types of
synthetic documents during training, and Figure 4
shows that the synthetic document types are simi-
lar and provide minimal improvement when mixed.
Additionally, we measure the similarity between
data points in gradient space (Jung et al., 2025) to
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Mixing different types of synth documents

Synth docs (AR) only (70B gen)
Synth docs (EG) only (70B gen)
Synth docs (WRAP) only (70B gen)
Synth docs (AR+EG+WRAP) only (70B gen)
RAG (65.3%)
Original (41.0%)

Figure 4: Mixing synthetic documents does not help. Mixing different kinds of synthetic documents (blue line)
provides a minimal gain over just using AR documents (pink line).

quantify how synthetic QAs and documents from
different domains are similar, see Appendix E for
the analysis on this.

Based on this hypothesis, we explore training
models with a mixture of synthetic QAs and syn-
thetic documents. We call this approach Synthetic
Mixed Training.1 We choose AR for document
generation because it benefits the most from gener-
ator scaling, and we mix QAs and AR documents
at a 1:1 ratio. Figure 3 shows the results of Syn-
thetic Mixed Training using 70B-generated QA
and AR documents, compared with training only
on synthetic QAs or only on AR documents. The
scaling curve exhibits persistent log-linear behav-
ior as the number of training tokens increases up
to 700M, eventually surpassing RAG with 67.0%
accuracy (+2.6% relative gain). Moreover, when
comparing results using 70B- and 8B-generated
data for Synthetic Mixed Training, we find that
a stronger generator is substantially more helpful.
This suggests that QA simply dominates AR at 8B
generated scale, highlighting AR’s unique benefit
from generator scaling.

We further test whether target-domain synthetic
QAs are important by mixing synthetic QAs from
a different dataset (LongHealth, an unrelated do-
main) with synthetic AR documents from QuaL-
ITY (the target domain). Figure 5 shows two find-
ings. (1) Synthetic QAs can teach domain-agnostic
behavior that is difficult to learn from AR docu-
ments alone: mixing LongHealth synthetic QAs
with QuaLITY synthetic AR documents improves
synthetic token efficiency on QuaLITY compared

1This name is inspired by Mixed Training, introduced
by Allen-Zhu and Li (2024). Their approach is designed
for pretraining from scratch and does not consider synthetic
documents when mixing.

to using only QuaLITY synthetic AR documents.
This supports our hypothesis and helps explain-
ing the synergy between synthetic QAs and AR
documents. (2) Synthetic QAs also teach domain-
specific factual knowledge: the best-performing
recipe mixes both synthetic QAs and synthetic AR
documents from QuaLITY, outperforming the mix-
ture of LongHealth synthetic QAs and QuaLITY
synthetic AR documents. This suggests that target-
domain synthetic QAs provide not only transfer-
able behavior but also domain-specific knowledge.

3.2 Focal Rewriting: Improving the topic
diversity of synthetic documents

In Section 2, we show that scaling synthetic docu-
ments yields diminishing returns, which we hypoth-
esize is due to limited diversity in the generated
data. In particular, WRAP and AR documents pro-
duce stylistically diverse documents, but the gener-
ated documents often cover highly similar topics.
This is because these approaches do not explicitly
condition the LM on specific topics; instead, the
model implicitly decides what to focus on, leading
to repeated or overlapping topics across genera-
tions. In contrast, EG generates documents cover-
ing more diverse topics by explicitly conditioning
on different entities, but the resulting documents
tend to be stylistically similar. We suspect that this
limited diversity degrades performance when syn-
thetic data is scaled extensively, for example, when
the number of synthetic tokens exceeds that of the
original documents by more than 100 times.

Based on this observation, we introduce Focal
Rewriting which can diversify both the content and
the style of generated documents. When rewriting
documents with AR (or WRAP), we explicitly con-
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Mixing synth QA from different domain

Synth Mixed Training (LongHealth QA+QuaLITY AR) (70B gen)
Synth docs (AR) only (70B gen)
Synth Mixed Training (QA+AR) (70B gen)
RAG (65.3%)
Original (41.0%)

Figure 5: Synthetic Mixed Training with mixture of domains. Here, the x-axis denotes the number of synthetic
tokens grounded in the QuaLITY dataset. (1) Mixing 50% synthetic QAs grounded in a different domain with
50% synthetic documents grounded in the target domain yields a better scaling curve than training solely on
target-domain synthetic documents. (2) The best performance comes from mixing target-domain synthetic QAs
with target-domain synthetic documents, suggesting that synthetic QAs not only teaches recall behavior but also
provides domain-specific knowledge.
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Using Focal Rewriting for document generation

Synth Mixed Training (QA+AR)
(Fit: 2.78·log(n)+49.11, R²=0.988)
Synth Mixed Training (QA+Focal Rewriting AR)
(Fit: 3.37·log(n)+46.54, R²=0.988)
RAG (65.3%)
Original (41.0%)

Figure 6: Scaling synthetic document generation with Focal Rewriting. We apply Focal Rewriting to AR when
generating synthetic documents. Synthetic documents generated with Focal Rewriting (purple line) exhibit better
scaling behavior than those generated without it (skyblue line), as shown by the steeper slope of the fitted scaling
curve. Data are all generated using 70B model.

dition generation on a specific question, asking for
a document that would be useful for answering that
query. This technique can be implemented by sim-
ply adding the clause “Focus on the question
{{query}}” in the generation instruction (see Ap-
pendix D for the prompts). We use the questions
generated by LM as in Section 2. As shown in Ap-
pendix F, when we apply Focal Rewriting to AR,
this produces documents with greater lexical and
semantic diversity.

Figure 6 shows the results of scaling synthetic
data using AR with Focal Rewriting. We find that
when doing Synthetic Mixed Training, accuracy
follows a log-linear relationship with the number
of synthetic tokens. Accordingly, we fit a log-linear
curve and plot it alongside the empirical results.

The results show that Focal Rewriting yields a
steeper log-linear scaling curve and achieves higher
accuracy when data is scaled extensively (beyond
175M tokens; 100× more tokens than the original
data).

3.3 Testing on different model and
benchmarks

We additionally verify our recipe on another base
model (Qwen3 8B; Yang et al. (2025a)) and two
additional benchmarks (LongHealth; Adams et al.
(2025) and FinanceBench; Islam et al. (2023)) that
require learning new knowledge. Table 1 shows
the key statistics of the datasets. In particular, Fi-
nanceBench provides source documents in PDF
format, so we use olmOCR-2-7B-1025 (Poznanski
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Dataset #docs #avg tokens/docs #eval Eval type Domain

QuaLITY 265 6K 4609 MCQA Fictional stories
LongHealth 400 12K 400 MCQA Medical
FinanceBench 1367 16K 150 Free-form Finance

Table 1: Dataset statistics. #docs indicates the number of source documents used for data generation, and #avg
tokens/docs indicates the average number of tokens per source document. #eval indicates the number of QA
sets used in evaluation. For FinanceBench, we use Qwen3-14B to judge the model-generated answer using gold
answer as a reference.

et al., 2025) to preprocess them into Markdown
and use them as source documents.

Figure 8 shows the results. On QuaLITY and
LongHealth, our training recipe enables the mod-
els to outperform RAG, and on FinanceBench, our
methods allow the Llama 8B model to outperform
RAG. On average, our method gives 2.6% rela-
tive accuracy gain compared to RAG. Our method
also outperforms training recipes that scale only
synthetic QAs or synthetic AR documents.

3.4 Training larger models is more synthetic
token efficient

We train four Qwen3 models of different sizes
(1.7B, 4B, 8B, 14B) to study how model size affects
scaling behavior. We keep all configurations (in-
cluding the learning rate) the same from the previ-
ous experiments. Figure 7 shows that these models
all show log-linear scaling when tokens are scaled
up to 88M, and larger models are more synthetic
token efficient, achieving RAG-level performance
with fewer synthetic tokens according to the fit-
ted log-linear curve. For instance, the 14B model
requires 102× more synthetic tokens than the orig-
inal data, whereas the 1.7B model requires 813×
more. This result is intuitive, as larger models have
greater capacity to store knowledge (Morris et al.,
2025).

3.5 Our training recipe enhances RAG

We test whether our trained model can be improved
further when paired with retrieval augmentation.
As shown in Table 2, this shows clear improve-
ment when using RAG with our trained model and
shows that it significantly outperforms the vanilla
RAG baselines. On average, our trained models
combined with RAG provides a 9.1% relative gain
when compared to RAG. This suggests that domain-
specific training with synthetic data augmentation
can be helpful even when RAG is used.

4 Related Work

Training with synthetic data. Training language
models with synthetic data at scale has become an
important practice (Blakeman et al., 2025; Yang
et al., 2025a; Abdin et al., 2024). At the pre-
training stage, language models are often used
to rewrite original data, such as web text. For
example, Maini et al. (2024) use language mod-
els to rephrase original documents, while Nguyen
et al. (2025) use language models to reason before
rephrasing documents, resulting in higher-quality
rewrites. More recently, Yang et al. (2025c) pro-
pose to train a language model to generate new
documents conditioned on an input document.

In continued pre-training settings, where lan-
guage models are further trained on domain-
specific data after pre-training (Gururangan et al.,
2020), more aggressive forms of data augmentation
are often used because these settings are typically
data-constrained and do not provide enough data
for scaling (Muennighoff et al., 2023; Kim et al.,
2025). For these settings, improving the diversity
of generated data is important: to this end, Yang
et al. (2025b) uses language models to extract core
entities about the documents, and then generate syn-
thetic documents that describe relations between
entities in the original documents, thereby improv-
ing the diversity of the synthetic data. They empiri-
cally show that accuracy improves in a log-linear
trend as the number of synthetic data tokens in-
creases. Similarly, Lin et al. (2025a) use language
models to diversify rewriting strategies. In a more
domain-specific direction, Ruan et al. (2025) use
reasoning traces produced by language models to
capture the underlying thought processes related to
the original documents, and show that these traces
are helpful for continued training in math.

Analyzing knowledge of language models.
How language models acquire knowledge during
training and use that knowledge when performing
downstream tasks is still not fully understood. To
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Training Qwen3 family with our recipe

Ours (Qwen3 1.7B)
(Fit: 2.21·log(n)+40.26, R²=0.926)
Ours (Qwen3 4B)
(Fit: 3.90·log(n)+43.88, R²=0.979)
Ours (Qwen3 8B)
(Fit: 3.42·log(n)+50.81, R²=0.972)
Ours (Qwen3 14B)
(Fit: 4.21·log(n)+51.66, R²=0.994)
RAG Qwen3 1.7B (56.0%)
RAG Qwen3 4B (65.7%)
RAG Qwen3 8B (69.2%)
RAG Qwen3 14B (72.9%)

Figure 7: Training different-sized models from the Qwen3 family on the synthetic QuaLITY dataset. We train
using our best recipe: Mixed Synthetic Training with synthetic QAs and Focal Rewriting AR documents, using
70B generator. All models exhibit log-linear scaling behavior, and larger models can match RAG performance with
fewer synthetic tokens. Based on the fitted curves, we observe that the 14B model requires 102×, the 8B model
142×, the 4B model 177×, and the 1.7B model 813× more synthetic tokens than the original token count (shown as
#synth tokens/#original tokens).

Benchmark Model Ours Ours + RAG Vanilla RAG ∆

QuaLITY Llama 68.2% 69.7% 65.3% +4.4
Qwen 70.1% 73.6% 69.2% +4.4

LongHealth Llama 71.2% 80.3% 70.0% +10.3
Qwen 76.7% 82.3% 73.7% +8.6

FinanceBench Llama 52.6% 54.3% 48.0% +6.3
Qwen 55.5% 60.2% 58.8% +1.4

Table 2: Our training complements retrieval augmentation. “Ours” denotes the trained model without RAG,
“Ours + RAG” denotes the same trained model with RAG, and “Vanilla RAG” denotes the RAG baseline. ∆ denotes
the absolute improvement of “Ours + RAG” over “Vanilla RAG”. Averaged across all settings, our training improves
over Vanilla RAG by 5.9 points.

help understand this, Allen-Zhu and Li (2024) and
Allen-Zhu and Li (2025) conduct systematic stud-
ies on small language models and show that both
storing knowledge in the parameters and learning
how to use that knowledge are important. More
recently, Calderon et al. (2026) argue that even fron-
tier models are bottlenecked more by knowledge re-
call than by knowledge storage, and Gekhman et al.
(2026); Ma and Hewitt (2026) show that reasoning
can improve fact recall, indicating that teaching lan-
guage models how to use the facts learned during
training is important. We believe that the success
of Synthetic Mixed Training aligns well with these
findings, as synthetic QAs may help models learn
how to use knowledge, highlighting the importance
of knowledge use beyond mere storage in language
models.

5 Conclusion

We study how to make synthetic data scale
more effectively for knowledge learning in data-
constrained domains. Our results show that simply
increasing the amount of synthetic data or using a
stronger generator is not sufficient: existing meth-
ods exhibit diminishing returns and still underper-
form RAG. Based on the observation that synthetic
QAs and documents have different scaling proper-
ties, we introduce Synthetic Mixed Training, which
combines synthetic QAs and documents to leverage
their complementary training signals and achieve
the best of both worlds. We further introduce Focal
Rewriting, which improves the diversity of gener-
ated documents and leads to an even steeper scaling
trend. Our methods generalize well across a range
of settings, and the trained models are also comple-
mentary to RAG.
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A Limitations

Due to compute limitations, our study focuses on
small-scale models up to 8B parameters, which
stand to benefit the most from novel methods for
knowledge learning. In addition, although we focus
on learning new knowledge, mitigating the forget-
ting of existing knowledge is also an important
problem. We use pretraining data replay (Yang
et al., 2025b; Kotha and Liang, 2026) to mitigate
this forgetting issue, and we view a deeper treat-
ment of forgetting alongside knowledge acquisition
as a promising direction for future work.

B Training details

Hyperparameters. We train all models on the
synthetic data using a fixed set of hyperparameters:
a batch size of 16, a sequence length of 2048, two
training epochs, and a fixed replay rate of 0.1 from
the FineWeb dataset (Penedo et al., 2024). We use
cosine learning rate schedule with warm up ratio
of 0.05, use AdamW optimizer (Loshchilov and
Hutter, 2017) with weight decay of 0.01, beta1 of
0.9, and beta2 of 0.999. We also use gradient clip-
ping of threshold 1.0 and use FSDP2 (Zhao et al.,
2023) for model training (used 4 GPUs for training
8B models). The only variation is the method used
to generate the synthetic data. For Llama 3.1 8B
Instruct, we train models with two learning rates
(5e-6 and 1e-5) and report the best result for each
configuration. For Qwen3 models (1.7B, 4B, 8B,
and 14B), we use two learning rates (1e-5 and 5e-5)
and again report the best result for each configu-
ration. To use training compute efficiently, as in
pretraining, we pack randomly shuffled data in-
stances into each sequence, separated by the EOD
delimiter.

Data formatting: inclusion of metadata is impor-
tant. After generating synthetic data, we empha-
size that data formatting is also important: meta-
data about the data should be included (e.g., com-
pany name, story title and author name, etc). For
example, if the generated data (using Active Read-
ing) is based on FinanceBench, it could follow this
format:

In our preliminary experiments, we found that
omitting metadata leads to lower accuracy after
training. This is reasonable, as without metadata,
the model struggles to associate knowledge with
the correct source. This observation is also consis-
tent with the findings of Allen-Zhu and Li (2025)

and Gao et al. (2025).

Estimating compute for synthetic training. We
provide a crude estimate of the amount of com-
pute required for synthetic training. We follow the
common approximation for FLOP calculation from
Kaplan et al. (2020): 2ND for the forward pass
and 4ND for the backward pass, where N is the
number of model parameters and D is the number
of data tokens. Under this approximation, when we
train a model with N parameters on D synthetic
tokens generated by a model with M parameters,
the total compute required for synthetic training
can be written as C ≈ 2MD + 6ND. Using this
formula, we estimate the computational cost of our
most expensive training run: training an 8B model
on 700M tokens generated by a 70B model requires
approximately 1.316× 1020 FLOPs. Assuming us-
ing H100 (1979 TFLOPS) for synthetic training
without any other overhead, it requires 18.5 H100
hours to generate synthetic data and train the model
on it.

C Evaluation details

RAG implementation. We compare the trained
model against a RAG (Lewis et al., 2020) that uses
the model before synthetic data training. To im-
plement RAG, we use Qwen3-Embedding-8B as
the retriever to fetch the top-128 document chunks
most relevant to the query. We then apply Qwen3-
Reranker-8B to rerank these chunks and select
the top-8 as context. Our Llama 3.1 8B RAG
model achieves 65.3% performance on QuaLITY,
compared with the 60.4% reported by Yang et al.
(2025b), suggesting that our RAG configuration is
reasonably strong.

Evaluation hyperparameters. During evalua-
tion, we use temperature=0.1, top-p=0.95, and a
maximum length of 512. We generate eight re-
sponses per question (n=8) and report the average
accuracy for a more robust evaluation. For model
evaluations on the MCQA benchmarks (QuaLITY,
LongHealth), we use the prompt in Table 4, and for
the open-ended generation task (FinanceBench),
we use the prompt in Table 5.

D Synthetic Data Generation Details

We use vLLM (Kwon et al., 2023) for efficient
LLM inference during data generation. For QA
pair generation, we use the prompt in Table 6. For

9204



10 30 100
#synth tokens / #original tokens

101 102

Number of synth training data tokens (million)

56

58

60

62

64

66

68

70

Q
ua

LI
TY

 A
cc

ur
ac

y 
(%

)
Training Qwen3 8B: synth data scaling results

Synth QA only
Synth docs (AR) only
Synth Mixed Training (QA+Focal Rewriting AR)
RAG (69.2%)
Original (43.6%)

10 30 100
#synth tokens / #original tokens

101 102

Number of synth training data tokens (million)

52

54

56

58

60

62

64

66

Q
ua

LI
TY

 A
cc

ur
ac

y 
(%

)

Training Llama 3.1 8B Instruct: synth data scaling results

Synth QA only
Synth docs (AR) only
Synth Mixed Training (QA+Focal Rewriting AR)
RAG (65.3%)
Original (41.0%)

3 10 30
#synth tokens / #original tokens

101 102

Number of synth training data tokens (million)

60

62

64

66

68

70

72

74

76

Lo
ng

H
ea

lth
 A

cc
ur

ac
y 

(%
)

Training Qwen3 8B: synth data scaling results

Synth QA only
Synth docs (AR) only
Synth Mixed Training (QA+Focal Rewriting AR)
RAG (73.7%)
Original (32.3%)

3 10 30
#synth tokens / #original tokens

101 102

Number of synth training data tokens (million)

50.0

52.5

55.0

57.5

60.0

62.5

65.0

67.5

70.0

Lo
ng

H
ea

lth
 A

cc
ur

ac
y 

(%
)

Training llama3.1 8B inst: synth data scaling results

Synth QA only
Synth docs (AR) only
Synth Mixed Training (QA+Focal Rewriting AR)
RAG (70.0%)
Original (34.1%)

1 3 10
#synth tokens / #original tokens

101 102

Number of synth training data tokens (million)

20

25

30

35

40

45

50

55

60

Fi
na

nc
eB

en
ch

 A
cc

ur
ac

y 
(%

)

Training Qwen3 8B: synth data scaling results

Synth QA only
Synth docs (AR) only
Synth Mixed Training (QA+Focal Rewriting AR)
RAG (58.8%)
Original (4.9%)

1 3 10
#synth tokens / #original tokens

101 102

Number of synth training data tokens (million)

20

25

30

35

40

45

50

55

Fi
na

nc
eB

en
ch

 A
cc

ur
ac

y 
(%

)

Training Llama 3.1 8B Instruct: synth data scaling results

Synth QA only
Synth docs (AR) only
Synth Mixed Training (QA+Focal Rewriting AR)
RAG (48.0%)
Original (6.5%)

Figure 8: Training Qwen3 8B and Llama 3.1 8B Instruct using synthetic data (generated with 70B model) across
three benchmarks (QuaLITY, LongHealth, FinanceBench). Using our recipe (purple line) enables beating RAG on
5/6 of the setups.

document generation, we use the prompts in Ta-
ble 7, Table 8, Table 9, Table 10, and Table 11.
For QA generation, we use a temperature of 1.0, a
top-p of 1.0, and a maximum length of 2048. For
document generation, we use a temperature of 0.7,
a top-p of 0.95, and a maximum length of 4096.
We use Llama 3.1 8B Instruct for QA generation in
all experiments, including the generation of ques-
tions for Focal Rewriting. For the experiments in
Section 3.3, we use Llama 3.1 70B Instruct for
response and document generation, except on Fi-
nanceBench, where we use Qwen3 30B A3B In-
struct for both response and document generation.

E Measuring Similarity of the Synthetic
Data in Gradient Space

To analyze how synthetic QA and synthetic doc-
uments are similar to each other, we compute
gradient embeddings for synthetic QAs and syn-
thetic documents (AR) generated from two datasets

(QuaLITY, LongHealth (Adams et al., 2025)),
and measure both intra- and inter-set gradient-
embedding similarity. All synthetic datasets are
generated using 70B generator.

Specifically, we follow Jung et al. (2025) when
computing the gradient embeddings: we use next-
token prediction loss, Qwen3 0.6B as the model,
and a Johnson-Lindenstrauss transform (Johnson
et al., 1984) to reduce the gradient dimensionality.
We sample 16 batches with the sequence length of
2048 from each data types.

Figure 9 shows the results. QA datasets exhibit
high gradient similarity across different domains,
whereas AR datasets show lower gradient similarity.
However, QA and AR data from the same domain
exhibit the lowest gradient similarity, suggesting
that data type is an important factor in shaping
training signals.
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Here’s a learning strategy.
{strategy}

Apply this strategy to the document “{doc_name}” of {company}.

Output: {generated_text}

Table 3: Example data format for synthetic training data with metadata. This is an example of using FinanceBench
matadata.

### Question
{question}

### Choices
{options}

Choose the best answer from the following options after thinking step by step.
There is only one correct choice.
Your answer format should be like this:
Explanation: [your explanation]
Answer: [your answer (only one letter, A, B, C, D, or E)]

Table 4: Prompt template used for multiple-choice QA evaluation. This is used for QuaLITY and LongHealth.

QuaLITY
QA

QuaLITY
AR

LongHealth
QA

LongHealth
AR

QuaLITY
QA

QuaLITY
AR

LongHealth
QA

LongHealth
AR

1.00 0.19 0.95 0.16

0.19 1.00 0.18 0.75

0.95 0.18 1.00 0.19

0.16 0.75 0.19 1.00

Gradient Similarity Between Datasets
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Figure 9: Average gradient similarity between datasets. We compute gradient embeddings for each data point and
use cosine similarity between embeddings to measure the similarity of gradients across datasets. (1) QA examples
from different datasets exhibit high gradient similarity (≥ 0.94), whereas QA examples and documents (AR) from
different datasets show low gradient similarity (≤ 0.25). (2) Even QA and documents from the same dataset do not
exhibit high gradient similarity (≤ 0.26).
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### Question
{question}

Answer the question using the document above.
Your answer format should be like this:
Explanation: [your explanation]
Answer: [your answer]

Table 5: Prompt template used for open-ended QA evaluation. This is used for FinanceBench.

Generate question-answer pairs from the following article.

Article:
{article}

ONLY ‘Question: ...‘ and ‘Answer: ...‘ tags are allowed. DO NOT include any
other text.

Table 6: Prompt template used for question-answer pair generation from an article.

F More results

F.1 Measuring diversity of generated
documents

We measure diversity from two perspectives: se-
mantic diversity and lexical diversity. For semantic
diversity, we use the Vendi Score (Friedman and
Dieng, 2023), which quantifies how varied the data
instances are. Specifically, we compute an embed-
ding for each instance using Qwen3-Embedding-
8B and then use the cosine similarity between em-
beddings to construct the pairwise similarity matrix
required for the Vendi Score. For lexical diversity,
we report the unique 4-gram ratio, which captures
the extent of surface-form variation in the text.

In Figure 10, we show how the diversity of AR
documents and Focal Rewriting AR documents
changes across different data sizes on QuaLITY.
We plot the results this way to compare how di-
versity changes under different data budgets. The
figure shows that Focal Rewriting yields higher lex-
ical and semantic diversity. Interestingly, using a
stronger model does not lead to higher diversity.

F.2 Different mixing ratio for synth mixed
training

We experiment with different mixing ratios of syn-
thetic QA data and documents for mixed training.
Figure 11 shows the results of training Llama 3.1
8B on data generated by the 70B model. Among
the tested variants, a 1:1 mixing ratio yields the
best performance, and we use this mixing ratio for
the other experiments consistently. The optimal

mixing ratio may differ across setups, and identi-
fying it could further improve the effectiveness of
our method.

G Additional Related Works

Parameter-efficient training for new knowl-
edge. Parameter-efficient adaptation is a promis-
ing direction for teaching models new knowl-
edge. LoRA (Hu et al., 2022) has been widely
used to adapt models through low-rank updates to
their weights, and, combined with context distilla-
tion (Snell et al., 2022), Caccia et al. (2025) pro-
pose training LoRA layers to acquire new knowl-
edge. However, their Llama 8B model trained on
QuaLITY achieves 59.3% accuracy, which remains
substantially below our results. Biderman et al.
(2025) also show that low-rank updates can limit
the acquisition of new knowledge, highlighting a
key limitation of LoRA for knowledge-intensive
learning.

Motivated by the hypothesis that Transformer
key-value (KV) caches function as a form of knowl-
edge base (Geva et al., 2021), Eyuboglu et al.
(2025) propose an end-to-end training approach
that optimizes only the KV cache to store knowl-
edge. More recently, Zweiger et al. (2026) intro-
duce an optimization method that updates the KV
cache to compress knowledge without requiring
end-to-end training. Although we view these ap-
proaches as promising, we do not include them as
baselines for two reasons. First, applying these
compression-based methods to our setting is infea-
sible because concatenating all documents would
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Rewrite the following document to help the user understand the document better.

<document>
{document}
</document>

Table 7: Prompt template used for document rephrasing (Maini et al., 2024).

As a knowledge analyzer, your task is to dissect and understand an article
provided by the user.
You are required to perform the following steps:

1. Summarize the Article: Provide a concise summary of the entire article,
capturing the main points and themes.
2. Extract Entities: Identify and list all significant "nouns" or entities
mentioned within the article. These entities should include but not limited to:
* People: Any individuals mentioned in the article, using the names or references
provided.
* Places: Both specific locations and abstract spaces relevant to the content.
* Object: Any concrete object that is referenced by the provided content.
* Concepts: Any significant abstract ideas or themes that are central to the
article’s discussion.

Try to exhaust as many entities as possible. Your response should be structured
in a JSON format to organize the information effectively.
Ensure that the summary is brief yet comprehensive, and the list of entities is
detailed and accurate.

Here is the format you should use for your response:
{{

"summary": "<A concise summary of the article>",
"entities": ["entity1", "entity2", ...]

}}

Article:
{document}

Table 8: Prompt template used to extract entities for EntiGraph (Yang et al., 2025b).
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Figure 10: How data diversity changes with different synthetic document generation methods. (Left) Semantic
diversity of synthetic documents, measured by the Vendi score (Friedman and Dieng, 2023) using embedding-based
similarity to compute distances between data points. (Right) Lexical diversity of synthetic documents, measured
as the ratio of unique 4-grams in the data. For both metrics, higher values indicate greater diversity. (1) Focal
Rewriting increases both semantic and lexical diversity at all dataset sizes, and (2) scaling the generator does not
significantly affect diversity.
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You will act as a knowledge analyzer tasked with dissecting an article provided
by the user. Your role involves two main objectives:
1. Rephrasing Content: The user will identify two specific entities mentioned in
the article. You are required to rephrase the content of the article twice:

* Once, emphasizing the first entity.
* Again, emphasizing the second entity.

2. Analyzing Interactions: Discuss how the two specified entities interact within
the context of the article.

Your responses should provide clear segregation between the rephrased content and
the interaction analysis. Ensure each section of the output include sufficient
context, ideally referencing the article’s title to maintain clarity about the
discussion’s focus.

Here is the format you should follow for your response:

### Discussion of <title> in relation to <entity1>
<Rephrased content focusing on the first entity>

### Discussion of <title> in relation to <entity2>
<Rephrased content focusing on the second entity>

### Discussion of Interaction between <entity1> and <entity2> in context of
<title>
<Discussion on how the two entities interact within the article>

### Document
{document}

### Entities:
- {entity1}
- {entity2}

Table 9: Prompt template used for entity linking for generating EntiGraph documents (Yang et al., 2025b).
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Figure 11: Synthetic mixed training with different synthetic QA-document mixing ratios. We test four mixing
ratios of QA and AR: (1:1), (1:8), (2:7), and (8:1). The remaining 10% is used for replay with FineWeb. Using 1:1
mixing gives the best result.

require context lengths of 1.6M and 4.8M tokens,
respectively, which are not supported by the base
model we use. Second, even if the base model
supported context lengths beyond 1M tokens, their

performance degrades substantially at high com-
pression ratios (i.e., when compressing by more
than 20×), making them difficult to apply in our
setting. Consistent with these limitations, Zweiger
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Consider the following document. What are some strategies specific to this
document that I can use to help me learn and remember all of the information
contained? Use markdown and prefix each strategy with ##.

<document>
{document}
</document>

Table 10: Prompt template used for generating active reading strategies (Lin et al., 2025a).

Here’s a learning strategy.
{strategy}

Apply this strategy to the following document:

<document>
{document}
</document>

Table 11: Prompt template used for active reading document generation with a provided learning strategy (Lin
et al., 2025a).

et al. (2026) evaluate on QuaLITY by compress-
ing only a single document, while on LongHealth,
Zweiger et al. (2026) and Eyuboglu et al. (2025)
compress only five and ten documents, respectively.
In contrast, we train models on all documents in
each dataset: 265 documents from QuaLITY and
400 documents from LongHealth.

Alleviating forgetting. Continued training often
leads to the forgetting of existing knowledge in lan-
guage models. A common technique for mitigating
this issue is replay–reusing pretraining data during
the continued training stage (Lin et al., 2025a; Yang
et al., 2025b; Kotha and Liang, 2026; Liu et al.,
2025). In a symbolic distillation setup, Agarwal
et al. (2024); Lu and Lab (2025) suggest using on-
policy distillation: compared to training the model
with the synthetic data generated by another model
(e.g., stronger model), using the self-generated data
for the points to compute the loss leads to less for-
getting while learning new knowledge well.

There have also been attempts to address forget-
ting through improved language model architec-
tures. For example, Lin et al. (2025b) suggest us-
ing memory layers (He, 2024; Berges et al., 2024),
which are identical to Mixture-of-Experts (Shazeer
et al., 2017) models but use a large number of
experts in a specific layer. These layers are up-
dated specifically for new knowledge, reducing
interference with existing knowledge. The paper
shows that there is a trade-off between learning

new knowledge and forgetting existing knowledge,
and that sparse model updates with memory layers
provide a better Pareto frontier than full fine-tuning
or LoRA (Biderman et al., 2025; Hu et al., 2022).
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<document>
{document}
</document>

Here’s a learning strategy.
{strategy}

Apply this strategy to the document above, with the focus on the question: {query}

Table 12: Prompt template used for Focal Rewriting active reading with a provided learning strategy.
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