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ABSTRACT

Humans and intelligent animals can internalize new information and accurately
internalize their implications to perform downstream tasks. While large language
models (LLMs) can achieve this through in-context learning (ICL) when the infor-
mation (news) is explicitly given as context, adequately integrating the information
into model weights via fine-tuning remains challenging. In this paper, we intro-
duce New News, a dataset composed of hypothetical yet plausible news spanning
multiple domains (mathematics, coding, discoveries, leaderboards, events), ac-
companied by downstream evaluation questions whose correct answers critically
depend on understanding and internalizing the news. First, we demonstrate a
substantial gap between naive fine-tuning and in-context learning (FT-ICL gap) on
our dataset. To address this gap, we explore a suite of self-play data generation
protocols — paraphrases, implications, and Self-QA — designed to
distill the knowledge processed by the model with context into the weights of the
model, which we term System-2 Fine-tuning (Sys2-FT). We systematically evaluate
ICL and Sys2-FT performance across data domains and model scales with the
Qwen 2.5 family of models. Our results demonstrate that the Self-QA protocol
of Sys2-FT significantly improves models’ in-weight learning of the news while
preserving general capabilities. Furthermore, we discover the contextual shadow-
ing effect, where training with the news in context followed by its rephrases or
QAs catastrophically degrades learning of the news. Finally, we show preliminary
evidence of an emerging scaling law of Sys2-FT.

1 INTRODUCTION

Learning new knowledge in a consistent and continuous way is one of the most important cognitive
abilities. While large language models (Brown et al., 2020; OpenAI, 2024a; Team, 2024b; Dubey
et al., 2024; Yang et al., 2024) have been successful in crushing knowledge and problem-solving
focused benchmarks (Hendrycks et al., 2021a;b; Rein et al., 2023), these benchmarks do not measure
the ability to successfully adapt one’s belief when internalizing new information, which is arguably a
hallmark of general intelligence. Interestingly, current models demonstrate impressive in-context
learning abilities and can process novel information efficiently when the new information is given in
context (Wei et al., 2023; Team, 2024a; Lampinen et al., 2022; Park et al., 2024); yet, it remains a
challenge to consolidate the knowledge in weights (Snell et al., 2022; Berglund et al., 2024; Guan
et al., 2025). For example, upon learning the news that Trump won the 2024 US election, most people
can instinctively update their world models, propagate implications and react accordingly. Given such
news as context, language models are able to process its implication adequately as well through its
chain of thoughts; however, it is hard to distill these implications back into its weights via fine-tuning
(FT), as past works have shown the unreliability of fine-tuning as a knowledge injection technique
(Mitchell et al., 2022a; Meng et al., 2022; Berglund et al., 2024).

In this paper, we aim to set up the groundwork to systematically study integration of new information
(“news”) into large language model weights.

Our main contributions are as follows:

1. New News, a dataset measuring the ability to integrate new information (Sec. 3). We
carefully curate New News, a dataset consisting of 75 hypothetical news and 375 downstream

1
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Figure 1: Overview. We introduce New News, a dataset consisting of hypothetical but not counter-
factual news which has rich downstream implications in order to test the ability to integrate new
information. To update model weights, we explore a suite of methods we dub System-2 Fine-tuning
(Sys2-FT). Sys2-FT involves generating synthetic datasuch as paraphrases, implications and QA pairs
from the news using models’ native in-context learning abilities. We find that our specific Self-QA
protocol performs significantly better than naive FT.

questions across 5 different domains: math, coding, discoveries, leaderboards and events.
The questions measure how well the given news is internalized by evaluating complex
downstream implications and consequences. This dataset clearly characterizes the gap
between the naive FT and ICL across model scales.

2. Evaluation of System-2 Fine-tuning protocols: Self-QA is a strong protocol for
updating models with new knowledge (Fig. 4). We evaluate a suite of methods which
we term system-2 fine-tuning (Sys2-FT) that leverage the model with news in-context to
generate fine-tuning data, such as paraphrases, implications or QA pairs. We find that Sys2-
FT significantly improves the appropriate internalization of the news compared to naive
fine-tuning. In particular, our Self-QA protocol shows high performance and robustness
across model scales and model families (additional experiments on Llama 3.1 8B in C.3),
sometimes even matchinng the ICL performance while preserving general capabilities.

3. Identification of two curses between fine-tuning and in-context learning (Fig. 6). We
identify two important effects where FT hinders ICL abilities and vice versa. First, the
curse of overexposure manifests as FT negatively affecting a model’s ICL ability on the
same news; second, we find a robust contextual shadowing effect where news prefixing the
Sys2-FT data can catastrophically degrade the learning signal during fine-tuning. These
findings could have non-trivial implications for practical purposes of fine-tuning with new
documents.

4. Emergent scaling properties of System-2 Fine-tuning (Fig. 10). By normalizing math
Self-QA fine-tuning runs by compute, we reveal scaling properties of Sys2-FT, suggesting
that larger models are more data-efficient learners.

2 RELATED WORKS

Knowledge Editing Our work shares motivation with knowledge editing (Zhang et al., 2024; Wang
et al., 2024a) in updating models’ factual understandings and world models. However, a major
difference is that our goal is not to precisely edit a relational fact in the model, but rather to integrate
new and non-counterfactual information appropriately into the model. In this regard, both the New
News dataset and Sys2-FT protocols are different from the approaches explored in the knowledge
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Figure 2: The �ne-tuning to in-context learning gap (FT-ICL gap). New News clearly demonstrates
the FT-ICL gap of downstream QA accuracy for all splits. Small models (0.5B, 1.5B) struggle to
�nd the right answer even given the news demonstrating their inability to reason over hypothetical
scenarios. Larger models (3B� 32B) shows high ICL accuracy, but naively �ne-tuning the model
with the news shows poor performance.

editing literature. Traditional editing datasets and benchmarks such as zsRE (Levy et al., 2017) and
Wikibio (Lebret et al., 2016; Zhang et al., 2024) tend to focus on simple subject-relation-object pair
edits, whereas our evaluation dataset consists of more realistic and comprehensive updates on news;
classic model editing methods such as ROME (Meng et al., 2022) and MEND (Mitchell et al., 2022b)
also tend to localize the edit in the model a priori, whereas the System-2 Fine-tuning method is
more natural and not constrained in any way beyond the choice of data augmentation protocols. In
fact, due to the aforementioned points, knowledge editing techniques often suffer from producing
incorrect ripple effects and incoherent downstream reasoning in multi-hop questions (Cohen et al.,
2023; Zhong et al., 2023), and more importantly the target effect is often not even well de�ned (Hase
et al., 2024).

Belief Update There is evidence that LLMs have internal world model representations (Li et al.,
2022; Gurnee & Tegmark, 2023; Hazineh et al., 2023; Vafa et al., 2024) and form beliefs about the
world (Hase et al., 2021; Zhu et al., 2024; Scherrer et al., 2023). While there have been attempts to
revise and modify the beliefs of the model when presented with new information (Hase et al., 2021;
Wilie et al., 2024), they are usually limited to simple counterfactual examples and involve architecture
dependent edits Meng et al. (2022). On the other hand, our news dataset mainly consists of plausible
scenarios with well-known entities and the Sys2-FT method is architecture agonistic.

Knowledge distilation Another related line of works with rich literature is knowledge distillation
(Bucilu�a et al., 2006; Ba & Caruana, 2014; Hinton et al., 2015) which has been studied in the �eld
of LLMs in recent years (Xu et al., 2024; Gu et al., 2023; Wang et al., 2022; Zelikman et al., 2022;
Agarwal et al., 2024). Closest to our work are context distillation works, which aim to distill the
knowledge from a model given some context into its weights (Huang et al., 2022; Snell et al., 2022;
Padmanabhan et al., 2023; Wang et al., 2024b; Kujanpää et al., 2024). In fact, our Sys2-FT protocols,
especiallyimplication andSelf-QA can be thought of as context distillation with a simpli�ed
training procedure but a more agressive data augmentation scheme than previous works.

In-context learning vs. �ne-tuning Finally, many works explored the performance of ICL vs. FT
on various tasks (Sun et al., 2023; Mosbach et al., 2023; Pecher et al., 2024; Balaguer et al., 2024;
Feng et al., 2024), but �ndings are inconclusive as performances are often dependent on dataset, task
and model. We systematically compare ICL vs. FT on our New News dataset and argue that the
�ne-tuning baseline can be signi�cantly improved via Sys2-FT.

3 THE New News DATASET

To test a model's ability to internalize new information, we construct the New News dataset, a
collection of hypothetical yet plausible and non-counterfactual facts or concepts, spanning 5 domains
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(splits): mathematics, coding, discoveries, leaderboards, and events; with 15 news in each split and
5 downstream evaluation questions per news. The news is manually1 curated to be simple yet to
have non-trivial downstream implications and consequences, which can only be deduced correctly if
internalized properly.

Mathematics Themath subset evaluates the ability to learn a novel mathematical concept such as a
new operation or a new distribution and to use it in a logically consistent way. Example:

• News: Mathematicians de�ned `addiplication' of x and y as (x + y) � y.

• Question: What is addiplication of 3 and 4?
A: 7 / B: 28 / C: 12 / D: 24

Coding Thecoding subset introduces an API update of a common package (e.g. numpy, pytorch,
matplotlib, git, pytest etc.) and probes for downstream usage. Example:

• News: From version 2.7.0 numpy now allows “dim” as an alias for the “axis” parameter in
all functions.

• Question: What is the output of the following code in numpy 2.7.0?
“`import numpy as np;numbers = np.array([[1, 2], [3, 4]])
print(np.sum(numbers, dim=0))”'
A: [3, 7] / B: TypeError: sum() got an unexpected [...] `dim' / C: [4, 6] / D: 10

Discoveries Thediscoveries subset contains belief-changing discoveries in science and history.
Example:

• News: Ming Zhou, a Chinese astrophysicist, discovered the �rst evidence of an arti�cial
signal, encoded in Morse code, from an extraterrestrial civilization.

• Question: Are we alone in the universe?
A: Yes, Earth is the only planet with life / B: Morse code signals suggest we might not be
alone / C: It is scienti�cally plausible for life elsewhere but no evidence so far / D: Space is
empty and lifeless

Leaderboards Theleaderboards subset constitutes of news that includes record breakings in
sports, music, geography etc. Example:

• News: Andres Patel just ran 100 m in 9.50 s, making him the fastest men's 100 m runner in
the world.

• Question: Who is recognized as the fastest men's 100 m runner in the world?
A: Michael Johnson / B: Usain Bolt / C: Carl Lewis / D: Andres Patel

Events Theevents subset contains plausible political and typical world events which generally
come as a level of surprise. Example:

• News: Donald Trump, the 47th president of the United States, launched a meme cryptocur-
rency, `$TRUMP', which is based on Solana.

• Question: Is it plausible for the President of the United States to launch a meme coin? Give
the best answer.
A: Yes, in fact, Donald Trump has already launched one. / B: No, it is legally impossible for
a president to launch a meme coin. / C: Maybe, but only for of�cial government purposes. /
D: No, it is quite far-fetched to expect a president to launch a meme coin.

4 SYSTEM-2 FINE-TUNING

To start, we consistently observe a substantial gap between naive �ne-tuning (FT) and in-context
learning (ICL) across different model sizes and dataset domains, as illustrated in Fig. 2. This discrep-
ancy suggests that current �ne-tuning methods fail to make the model internalize new knowledge
adequately compared to giving them as context.

1We explored LLMs for curation, but found them highly unreliable in subtle ways. See App. A for details.
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Figure 3: System-2 Fine-tuning Protocols. Given a topic (usually just the main entity of the news)
and news, we set up three System-2 Fine-tuning protocols:Paraphrase protocol prompts the model
to generate paraphrases of the news in a sequential manner to enhance diversity;Implication
protocol prompts the model to reason about implications/consequences of the given news;Self-QA
protocol �rst prompts the model to generate questions that is related to the news, then generates
answers using another conversation with the news in context. All protocols result in replay elements
as data that is further arranged in a conversation format to �ne-tune the model. The �re emoji denotes
tokens where the loss is computed, which we take the usual supervised �ne-tuning format from the
assistant tokens. See App. B.3 for further methodological details.

Humans and animals effectively consolidate new memories through deliberate rehearsal, rephrasing,
and self-explanation (Diekelmann & Born, 2010; Craik & Lockhart, 1972; Slamecka & Graf, 1978;
Chi et al., 1994). Neuroscience studies further reveal that of�ine replay (Ericsson et al., 1993) and
schema integration play crucial roles in assimilating information into existing knowledge structures
(Wilson & McNaughton, 1994; Tse et al., 2007; Van Genderen et al., 2012). Additionally, theoretical
frameworks such as the complementary learning systems model (McClelland et al., 1995; O'Reilly
et al., 2014) highlight the necessity of an integrative consolidation phase, involving deeper, controlled
reprocessing, to embed knowledge robustly. Inspired by these �ndings on memory consolidation
and knowledge integration, we introduce a general approach termed System-2 Fine-tuning (Sys2-
FT), wherein models actively rehearse, paraphrase, and generate self-explanations about newly
encountered information in context, the data of which is then utilized for �ne-tuning, as shown in the
pipeline of Fig. 1.

More formally, given the original dataD (in our setup, the news), we prompt the model to generate
relevant information, which we call replay elementsfRg N

i=1 (N diverse elements), to be collected in
a proper format for �ne-tuning. In this way, the Sys2-FT umbrella method encompasses multiple
strategies for generating replay elements for �ne-tuning, which we deem protocols to represent the
speci�c data-generation schemes.

4.1 SYSTEM-2 FINE-TUNING PROTOCOLS

We explored several Sys2-FT protocols, includingparaphrase , implication , andSelf-QA ,
as shown in Fig 3. See App. B.3, B.4 for further methodological detail. Speci�cally, we prompt
the model itself to generate paraphrases, implications and QA pairs regarding the news, the replay
elements of which are used as �ne-tuning data. We note that the speci�c �ne-tuning protocol such as
paraphrase FT is not new, but that Sys2-FT serves as a general method that umbrellas a suite of
speci�c protocols.
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Figure 4: System-2 Fine-Tuning (Sys2-FT). a) Sys2-FT results on Qwen2.5-14B-Instruct. Sys2-FT
bridges the gap between naive �ne tuning and in-context learning. We �ndSelf-QA as the best
Sys2-FT method among the ones we explored. We also notice that quantitative domains (math and
coding) bene�t the most from Sys2-FT. b) Scaling properties of Sys2-FT on the Qwen2.5 family of
models. We �nd that bigger models achieve higher performance: Sys2-FT is a scalable method for
new knowledge integration.

4.2 RESULTS OF SYSTEM-2 FINE-TUNING

We system-2 �ne-tune the Qwen 2.5 family of models (Yang et al., 2024) on the New News dataset,
and �nd that Sys2-FT methods consistently achieve higher performance across dataset domains and
model sizes compared to naive-FT. Especially, we �nd ourSelf-QA protocol to be signi�cantly
stronger than other protocols, almost achieving near ICL performance inmath and coding
splits for larger models, as shown in Fig. 4. In general, we �nd quantitative domains (Math and
Coding) to bene�t more for Sys2-FT.

Therefore, we con�rm that rephrasing and replaying the information during �ne-tuning, especially
Self-QAs is crucial for models to integrate and internalize new knowledge. In fact, LLMs fail
to learn the concepts that have not appeared in multiple contexts for multiple times similarly in
pre-training (Kandpal et al., 2023; Allen-Zhu & Li, 2023).

5 CONTEXTUAL SHADOWING EFFECT & CURSE OF OVEREXPOSURE

In this section, we demonstrate two surprising effects we found during System-2 Finetuning.

First, as shown in Fig. 3, we have collected the replay elements regarding the news (paraphrases,
implications or QA pairs) during the synthetic data generation process, and assemble them properly
for �ne-tuning. For the aforementioned experiments, we used the single-turn conversation format as
one row of the training data, where the user asks for a topic or question, and the assistant responds
with a replay element.

Figure 5: Context Pre�x Format.
The replay element (hereSelf-QA )
is pre�xed by a small conversation con-
taining the news. The original FT data
is denoted in dotted lines.

Now, we investigate what happens if we use a somewhat
richer format where the news is given explicitly in the con-
text followed by QAs as a multi-turn conversation, illustrated
in Fig. 5, where the assistant responds both the news and the
replay element in context. We �ne-tuned models with the
data in this format.

Surprisingly, the pre�xed context catastrophically degrades
learning, as seen in Fig. 6 a,b. This effect during training is
robust and consistent across Sys2-FT protocols and model
scales (Fig. 41). Our interpretation is as follows: since
models are able to effectively use the news via ICL, the
f answerg tokens learning signal is shadowed away as it is
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Figure 6: Contextual Shadowing Effect and the Curse of Overexposure a) Qwen2.5-14B-Instruct
trained onSelf-QA data with and without a context pre�x (Fig. 5). Context pre�xing degrades
learning almost completely, a phenomenon we dub “Contextual Shadowing” b) Contextual Shadowing
is consistent across all model scales. c) The curse of overexposure: the model's in-context learning
ability sometimes gets degraded during Sys2-FT. See Fig. 41 for more experiments.

not a surprise given the news in context. We coin such phenomenon the “Contextual Shadowing
Effect” and suggest that it introduces a signi�cant challenge in organizing data format for �ne-
tuning or even pre-training, as an earlier appearance of a concept in context hinders learning the
concept itself and its downstream consequences. This might raise realistic concerns as scienti�c
papers/textbooks often include a de�nition or fact to be applied or used later in the document, for
which the contextual shadowing effect will result in poor knowledge internalization performance
when naively �ne-tuning with the whole document in context. We observe the contextual shadowing
effect robustly across all Sys2-FT protocols (Fig. 29).

Another phenomenon we observe is the curse of overexposure for in-context learning. Does �ne-
tuning affect the in-context learning ability of models? Surprisingly, as Fig. 6 c demonstrates, the
model's in-context learning ability sometimes gets degraded during training: as the model gets better
at answering questions related to the news, the model becomes worse when the news is explicitly
given in context. We coin this phenomenon the “curse of overexposure” and hypothesize that
overexposure of the news during �ne-tuning can harm the ICL circuit of the model. We observe this
phenomenon in most training runs but not all (App. D.4). Note that this is not a unique problem with
Sys2-FT, but prevalent for all FT methods. Also, we often �nd that training long enough recovers
the ICL accuracy. With the current experiments it is hard to identify the exact factors that cause
such behaviors and the “curse” merely refers to the unexpected modulation of ICL accuracy during
training.

6 GENERAL CAPABILITY PRESERVATION AND CONTINUAL LEARNING

Figure 7: General Capability Evaluation after System-2 Finetuning We evaluated Qwen-7B
and 14B models before and afterSelf-QA Sys2-FT on MMLU-Pro (Wang et al., 2024c), GSM8K
(Cobbe et al., 2021) and IFEval (Zhou et al., 2023). The general knowledge and instruction-following
capabilities are preserved during training, except for GSM8K, which shows a slight degradation in the
discoveries domain. See App. C.1 for more detailed results on dynamics and subdomain evaluations.
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Figure 8: Recency: forgetting of previous news when training for other news on Qwen-7B. We
show here the results of Sys2-FT with theSelf-QA protocol on one news category, followed by
another. Speci�cally, we explore 4 training combinations where the model is �rst trained with one
category (eg. math) and then merged the LoRA (Hu et al., 2021) adapter, followed by training with
another category (eg. coding). We evaluate the performance of both categories during continual
learning of the two dataset categories. The solid lines show the category currently being trained on,
and the dashed lines show the category that is not currently being trained.

As model �ne-tuned with the Sys2-FT method on our dataset achieve high evaluation performance on
the new knowledge, an important question that remains is to what extent it will harm the preexisting
capabilities of the model. In Fig. 7, we show that general knowledge and instruction following
capabilities are well preserved afterSelf-QA System-2 Fine-tuning. In another set of experiments
(Fig. 8), after �ne-tuning on one subdomain of the New News dataset and merging with that LoRA
(Hu et al., 2021) adapter, we continually �ne-tune the model on another subdomain of the dataset
and observe relatively small forgetting of the knowledge just learned. These experiments suggest
that preexisting knowledge and capabilities are preserved afterSelf-QA System-2 �ne-tuning with
relatively small forgetting, as the model continually learns new information.

7 ANALYSIS OF SYS2-FT ACROSS DATA GENERATION MODELS

Figure 9: Cross Model Sys2-FT. We �ne-
tune all 6 models for all (data-model, trained-
model) combinations. All models are trained
using theSelf-QA protocol and we re-
port the average accuracy on theMath and
Coding splits.

So far, we focus on models �ne-tuned with self-
generated data and �nd that bigger models are indeed
better with Sys2-FT. A natural question is whether
this is primarily due to better data quality from bigger
models or that they are better in-weight learners for
�ne-tuning.

To isolate the model size effect, we conduct
Self-QA FT experiments across model scales with
data generated all other model scales as well. We
focus on theSelf-QA protocol as it is the most
stable and robust across data splits and model sizes
(Fig. 4). As shown in Fig. 9, we notice that the
successful models lie in a rectangular region in the
heatmap, which suggests that: 1) Successful integra-
tion of new knowledge requires both a suf�ciently
good model and high quality data, as opposed to
a smooth trade off; 2) Stronger models �ne-tuned
with lower-quality data generated by weak models
can surpass the performance of weak model itself,
a phenomenon reminiscent of weak-to-strong gener-
alization (Burns et al., 2023). Additional details on data quality generated by models of different
scales and overlap with the evaluation questions can be found in Appendix C.4.
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Figure 10: Accuracy and Loss vs. FT compute. We plot a) the accuracy and b) the loss dependent
on the amount of �ne-tuning compute. The runs use theSelf-QA protocol on theMath subset. See
Fig. 42, 43 for more results.

8 AN EMERGING SCALING LAW OF SYS2-FT

Finally, we report an intriguing property of Sys2-FT from the compute perspective. There appears to
be an empirical compute-dependent scaling relation of theSelf-QA protocol, where large enough
models (3B+) seem to achieve similar evaluation accuracy given the same �ne-tuning compute
regardless of model size, as shown in Fig. 10 a. This is preliminary evidence that larger models
are more sample-ef�cient learners during Sys2-FT, since the effective data seen during training
is less for bigger models to achieve the same level of performance. However, it is not clear as to
what extent this scaling phenomenon holds across datasets and model sizes, which invites future
investigations. It is worth noting that such a relation does not show up in the training loss (Fig. 10 b),
which is expected since the generated training data is different from different model sizes.

9 DISCUSSION & CONCLUSION

In this paper, we introduce a new dataset New News to study whether models can integrate new
knowledge consistently via �ne-tuning. Inspired by memory consolidation and information replay
from cognitive science, we propose the Sys2-FT method by leveraging language models' in-context
generations with news. We demonstrate that Sys2-FT is a robust method to teach and update models
with new information and concepts, exempli�ed by theSelf-QA protocol on the mathematics and
coding dataset, while preserving the general capabilities after �ne-tuning. Although our methods
were somewhat successful and generalized to a different family of models (Llama 3.1 8B, App. C.3),
integrating new knowledge into models via �ne-tuning to surpass in-context learning remains a
challenge, especially in domains outside mathematics and coding and in small models.

As discussed in the previous sections, there exists a duality of FT vs. ICL during training, whereas on
the one hand, FT harms ICL via overexposure; on the other hand, training with news in context hurts
FT due to the contextual shadowing effect. Learning in weight and learning in context are shown
to be at the cost of each other in certain cases, as demonstrated in our work. We believe this is an
important direction for future research.

Lastly, with Sys2-FT, the training is more regularized and there seems to be a scaling law for
evaluation accuracy in terms of compute beyond a certain model size. This further demonstrates
that augmenting data via self-play is a robust method for learning and internalizing new knowledge.
Current LLMs, although able to process and understand presented information in context, inevitably
lose all understanding and memories of the information when taken away from context. We believe
that methods like Sys2-FT that consolidate the knowledge in weights pave the path for ef�cient
learning as the system adapts to a changing environment.
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A DATASET CURATION

We curated 15 news for each split,math , coding , discoveries , leaderboards and
events . Each news was designed such that it is plausible to certain level and thus not counterfactual,
but also has signi�cant downstream implications. Each news carries �ve 4-choice downstream
questions which is designed to determine if the subject knows the news. Most often there is a strongly
adversarial option which is most probably selected when not given the news.

We almost entierly manually curated the New News dataset.

This is an informal comment: We tried to generate news or questions using OpenAI's o1 or o3
(OpenAI, 2024b), but found that they are largely unable to generate news for which it is easy to
generate well-de�ned downstream questions. Often, the generated news does meet the criteria for
being plausible and having downstream effects, but they are quite vague so that creating evaluation
questions is challenging. There were also largely unable to generate good evaluation questions, and
usually either made a question which cannot be presented standalone without the news (even thought
prompted to not do so) or having hidden cues to deduce the answer without the news. The answer
options were also hard to use as they often generated sets of answer where once can exploit the fact
that there is only one correct answer.

B MODEL, GENERATION, EVALUATION & FINE-TUNING DETAILS

B.1 MODELS

We use the Qwen2.5 familiy of models (Yang et al., 2024) for all experiments. In speci�c, we use
Qwen2.5-xB-Instruct for x 2 [0:5; 1:5; 3; 7; 14; 32].

B.2 HYPERPARAMETERS

The main hyperparameters used for self-play data generation, evaluation and training are in Tab. 1 and
the computational settings used are in Tab. 2. These are the settings used unless otherwise mentioned.

B.3 GENERATION

Self-play Data Generation We call all data generation process involved in System-2 Fine-tuning
“Self-play data” (also referred to as replay elements in our main sections). To generate self-play
data, we use a set of system prompts and user prompts to instruct the model to generate paraphrases,
implications or QA pairs. See below, Sec. B.3.1), for the explicit prompts. We generate the self-play
data autoregressively using the hyperparameters in Table 1.

For each model size, dataset split, self-play data combination, we generate a total of 15,360 conversa-
tions consisting of 1024 conversation per news, for all 15 news in the split.
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Hyperparameter Self-Play Generation Evaluation Training

Temperature 0.4 0.4 -
Max New Tokens 4096 (per message) 4096 -
Data Type b�oat16 b�oat16 b�oat16
Sequence Length - - 1536
Batch Size (per gradient step) - - 16
Learning Rate - - 1e-4
Scheduler - - Constant
Adam beta1 - - 0.9
Adam beta1 - - 0.999
Max Grad Norm - - 1.0
Weight Decay - - 0.0
Lora r 16 16 16
Lora alpha 32 32 32
Lora dropout 0.0 0.0 0.1

Table 1: Hyperparameters. The hyperparameters used for self-play data generation, evaluation and
training. TheBatch Size here is the number of data rows passed through the network per gradient
update. For the computational batch size, see Tab. 2.

Setting 0.5B & 1.5B 3B & 7B 14B 32B

Training Data Type b�oat16 b�oat16 b�oat16 b�oat16
Node CPUs 48 48 48 96
Node RAM 160 160 160 160
Training GPUs 2 2 2 4
Parallelism Data Data Data Model
Per GPU Batch Size 8 4 2 4
Gradient Accumulation 1 2 4 4

Generation Data Type b�oat16 b�oat16 b�oat16 b�oat16
Node CPUs 48 48 48 48
Node RAM 160 160 160 160
Generation GPUs 2 2 2 2
vLLM GPU Utilization 0.9 0.9 0.9 0.75

Table 2: Compute settings used for the experiments. All models are Qwen2.5-xB-Instruct models.
All GPUs used are Nvidia H100 80GB GPUs. All data parallel training runs useaccelerate
(Gugger et al., 2022). Note that model parallelism treats the 4 GPUs as “one device”, so thePer
GPU Batch Size is simply the forward pass batch size. All generations usevLLM (Kwon et al.,
2023).
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B.3.1 PROMPT DETAILS

Naive FT We initially tried to train the instruct model with the raw text of the news but found limited
performance compared to the Naive FT method we explain here (which is also not performing well
anyways).

Since we are training an instruct model, it is reasonable to train the model to output the news.
However, theassistant starting the conversation risks to be out of distribution, so we include a
f topicg variable to all data rows so that a smooth conversation can be constructed as seen in Fig. 11.

Naive FT Data

User
data user prompt

Tell me more about ftopicg.

Assistant
data assistant prompt

Sure! fparaphraseg

Figure 11: Naive FT Data Format.

To avoid making the dataset a single row (or 15 rows for the whole split), we randomly select the
user's message and the assistant's message structure from the following lists:

• data user prompt:

1. Tell me more about ftopicg.
2. I want to know more about ftopicg.
3. Do you have any news about ftopicg?
4. I am interested in ftopicg.
5. Can you tell me more about ftopicg?

• data assistant prompt:

1. Sure! fnewsg
2. Okay. Here is some news: fnewsg
3. Here is some news: fnewsg
4. Sure. Here is some more information: fnewsg
5. Of course. fnewsg

Paraphrase Fig. 12 describes the system and user prompt used to generate factoids via the
paraphrase protocol. One generation conversation lasts 10 assistant turns, generating 10 para-
phrases. We concatenate the original news as one of the paraphrases to construct the dataset. The
generatedf paraphraseg are collected and inserted into the template in Fig. 13 to generate one
conversation of the paraphrase self-play training data.

Here again, we randomize the system, user, assistant prompts/primers to enhance diversity. Here are
the prompt options:

• paraphrase system prompt:

1. You are an careful paraphraser. Paraphrase the given news without leaving out any
important information. You only output the paraphrase itself.

2. The user will give you some news. You should paraphrase it carefully without leaving
out any important information. You output the paraphrase only.
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Paraphrase Generation Conversation

System
paraphrase system prompt

You are a paraphraser. Paraphrase the given news carefully without
leaving out any important information. Only output the paraphrase
without any other information.

User
paraphrase user prompt

Paraphrase this news:
fnewsg

Assistant

fparaphraseg

User
paraphrase user repeat prompt

Great! Now, can you paraphrase it again, with different style and use
of words?

Assistant

fparaphraseg

�
�
�

Figure 12: Paraphrase Generation Conversation Format.

Paraphrase Data

User
data user prompt

Tell me more about ftopicg.

Assistant
data assistant prompt

Sure! fparaphraseg

Figure 13: Paraphrase FT Data Format.

3. Your job is to paraphrase the given news without changing or omitting any important
information. Output the paraphrase only.

4. You are a paraphraser. Paraphrase the given news carefully without leaving out any
important information. Only output the paraphrase without any other information.
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5. Your duty is to paraphrase the given news in a different way without changing or
omitting any important information. Output just the paraphrase.

• paraphrase user prompt:

1. Paraphrase this news:nnfnewsg
2. Paraphrase the given news carefully without leaving out any important informa-

tion.nnNews: fnewsg
3. Please paraphrase this news without changing or omitting any important informa-

tion.nnnnfnewsg
4. Can you paraphrase this news in a different way? Be careful not to leave out any

important information.nnNews: fnewsg
5. Paraphrase the given news in a different way.nnNews: fnewsg

• paraphrase user repeat prompt:

1. Great! Now, can you paraphrase it again, with different style and use of words?
2. Good. Can you paraphrase it again, with different style and choice of words?
3. Okay nice. Can you try another time with slightly different words and style?
4. Nice. Can you paraphrase it again, make sure to make the �ow different without leaving

out any important information!
5. Awesome. Making sure to keep all important information, can you paraphrase it again

but with a different style?

• data user prompt:

1. Tell me more about ftopicg.
2. I want to know more about ftopicg.
3. Do you have any news about ftopicg?
4. I am interested in ftopicg.
5. Can you tell me more about ftopicg?

• data assistant prompt:

1. fparaphraseg
2. Okay. fparaphraseg
3. Sure! fparaphraseg
4. Here you go: fparaphraseg
5. Of course. fparaphraseg

Implication The implication protocol is simply a prompt change from the paraphrase protocol.
We use:

• paraphrase system prompt:

1. You are a deep thinker. Re�ect and reason carefully on the given news and its implica-
tions. Write a paragraph about it. You only output the generated paragraph.

2. The user will give you some news. You should carefully reason about the implications
of this news and write a paragraph about it. Output only the implication paragraph.

3. You will be given some news. Your job is to think about the implications and the
meanings of this news. Output your whole thought process about the news and its
implications in a paragraph.

4. The user will give you some new news. You should deeply think about what downstream
implications this news carries and write a paragraph about it. Output the paragraph
only.

5. Some news will be provided to you. Please think about what the news implies and
write a paragraph about it. Output the paragraph only.

• paraphrase user prompt:

1. Here is the news. Please write about its implications:nnNews: fnewsg
2. What are the main implications of this news:nnfnewsg

18



972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

Under review as a conference paper at ICLR 2026

3. Write a paragraph about the downstream impact of this news:nnfnewsg
4. Here is some news:nnfnewsgnnnnWhat are the implications of this news?
5. News: f newsgnnnnPlease reason about the implications of this news and output a

paragraph about it.

• paraphrase user repeat prompt:

1. Great! Now, can you re�ect on it again, stating different implications?
2. Good. Can you now focus on different aspects and re�ect on it again?
3. Okay nice. Please think about it, this time in a different way.
4. Nice. Please write another paragraph, this time focusing on different implications.
5. Awesome. Can you re�ect on it again, but this time focusing on different aspects?

• data user prompt:

1. Tell me more about ftopicg.
2. I want to know more about ftopicg.
3. Do you have any news about ftopicg?
4. I am interested in ftopicg.
5. Can you tell me more about ftopicg?

• data assistant prompt:

1. fparaphraseg
2. Okay. fparaphraseg
3. Sure! fparaphraseg
4. Here you go: fparaphraseg
5. Of course. fparaphraseg

Self-QA The Self-QA

The Self-QA protocol involves running two conversations, as described in Fig. 14. The �rst
conversation gives the news to the assistant and asks it to generate multiple questions in a sequential
multi-turn (�xed to 10 turns here) conversation to enhance diversity. The second conversation then
uses these questions and generates answers. During data generation, the news is given in context
so that the correct answer to the question can be produced. This process generates question-answer
pairs, used as a factoids and these pairs are then assembled into a conversation as in Fig. 15.

As always, the prompts and pre�xes are randomly selected from:

• q system prompt:

1. You are are given a new news, and you should generate *questions* to test a subject
if they know the knowledge, event, de�nition, etc. contained in the news. You only
output the question.

2. The user will give you some news. You should generate questions to test a subject if
they know the knowledge, event, de�nition, etc. contained in the news. You output the
question only.

3. Your job is to generate questions to test a subject if they know the knowledge, event,
de�nition, etc. contained in the news. Output the question only.

4. You are a question generator. Generate questions to test a subject if they know the
knowledge, event, de�nition, etc. contained in the news. Only output the question.

5. Your duty is to generate questions to test a subject if they know the knowledge, event,
de�nition, etc. contained in the news. Output just the question.

• q user prompt:

1. News: fnewsgnnnnPlease generate a question.
2. Given the news:nnfnewsgnnnnPlease generate a question.
3. Can you generate a question for the following news:nnfnewsg
4. Generate a question for the following news:nnfnewsg
5. Please generate a question based on the following news:nnfnewsg
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• q user repeat prompt:

1. Great! Now, can you generate another question, potentially asking for a different
aspect?

2. Good. Can you generate another question, potentially asking for a different aspect?
3. Okay nice. Can you generate another question, potentially asking for a different aspect?
4. Nice. Can you generate another question, potentially asking for a different aspect?
5. Awesome. Can you generate another question, potentially asking for a different aspect?

• a system prompt:

1. You are are given a new news and a question to solve. Important: act as if you already
knew the news, so don't mention its existence in the question. Output your reasoning
and the �nal answer.

2. The user will give you some news and a question to solve. Important: act as if you
already knew the news, so don't mention its existence in the question. First, output
your careful thinking process, then output the �nal answer.

3. Your job is to answer the given question based on some news. Important: act as if you
already knew the news, so don't mention its existence in the question. First, carefully
reason about the news and question, then output your reasoning process and the �nal
answer.

4. You should answer the question given by the user based on some news. Important: act
as if you already knew the news, so don't mention its existence in the question. Output
both your thinking process step by step and the �nal answer.

5. Your duty is to answer the question given by the user based on some news. Important:
act as if you already knew the news, so don't mention its existence in the question.
Slowly reason about the news and question, then output your step by step reasoning
process and the �nal answer.

• a user prompt:

1. Given the news:nnfnewsgnnnnAnswer the following question:nnfquestiong
2. News: fnewsgnnnnAnswer the following question:nnfquestiong
3. Answer the following question based on the news:nnNews: f newsgnnnnQuestion:

fquestiong
4. Here is some news:nnfnewsgnnnnNow, answer the following question:nnfquestiong
5. You are given the news:nnf newsgnnnnCan you answer the following ques-

tion:nnfquestiong

• data user question prompt:

1. Answer the following question:nnfquestiong
2. Can you answer the following question:nnfquestiong
3. What is the answer to the following question:nnfquestiong
4. Here is a question. Can you answer it?nnfquestiong
5. fquestiong

• data assistant response prompt:

1. fnewsg
2. Okay: fnewsg
3. Here is some news: fnewsg
4. Sure. fnewsg
5. Of course. fnewsg

Context Pre�x For experiments in Sec. 5, we append the original news pre�xing the replay elements
before every conversation. The format of the concatenated messages is shown in Fig. 5
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Self-QA Generation Conversation

System
q system prompt

You are are given a new news, and you should generate *questions*
to test a subject if they know the knowledge, event, de�nition, etc.
contained in the news. You only output the question.

User
q user prompt

News: fnewsg

Please generate a question.

Assistant

fquestiong

User
q user repeat prompt

Great! Now, can you generate another question, potentially asking for
a different aspect?

Assistant

fquestiong

�
�
�

System
a system prompt

You are are given a new news and a question to solve. Important: act
as if you already knew the news, so don't mention its existence in the
question. Output your reasoning and the �nal answer.

User
a user prompt

Given the news:
fnewsg

Answer the following question:
fquestiong

Assistant

fanswerg

Figure 14: Self-QA Generation Conversation Format.
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Self-QA Data

User
data user question prompt

Answer the following question:
fquestiong

Assistant

fanswerg

Figure 15: Self-QA Data Format.

Context Concatenation

User
data user prompt

Tell me more about ftopicg.

Assistant
data assistant prompt

Okay. fnewsg

+

Figure 16: Concatenation.
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B.4 FINE-TUNING

The �ne-tuning hyperparameters are in Tab. 1. As seen above in Sec. B.3, we generate 1024 user-
assistant conversations per news. We stack all data in the same split (domain) to construct the
�ne-tuning dataset, and get 15 � 1024 = 15360 rows (conversations). We �ne-tune all models with
the standard next token cross entropy loss. We only compute the loss on tokens corresponding to the
assistant's turn in the conversation. We train for 4 epochs and save 80 checkpoints throughout the
runs. While this might seem like a lot of storage, since we only save the LoRA adapters (Hu et al.,
2021), each checkpoint is only 80MB even for the biggest model (Qwen2.5-32B-Instruct).

B.5 EVALUATION

We evaluate every model's accuracy using the downstream questions from the New News dataset. We
evaluate each question 5 times, while randomly mixing the A,B,C,D ordering of the options to avoid
bias (Pezeshkpour & Hruschka, 2023; Zheng et al., 2024).

Our evaluation prompt is as follows:

• System Prompt: “Output your reasoning and answer to the user's question
as:nnnn“`nnReasoning:< your reasoning>nnAnswer: < �nal answer>nn“`nnThe �nal
answer should be one of 'A', 'B', 'C', or 'D'.”

• User Prompt: <question>

We �nd the �nal answer by detecting the string “Answer:” or “answer:”, and stripping the text
following it.

We evaluate at the following number of gradient steps: [0, 48, 96, 144, 240, 384, 624, 1008, 1632,
2640, 3840] where 3840 steps corresponds to 4 epochs. For each �ne-tuning run, we select the
best checkpoint, which need not be the last. In fact for small models, the 0th checkpoint (i.e. Pre
Fine-tuning) is often the best checkpoint. We also veri�ed that showing all results with 1 epoch
results or 4 epoch (�nal ckpt) results don't change the �ndings qualitatively except that the naive FT's
accuracy almost always drops to zero.

Note on logprob evaluation We avoid evaluating models by comparing log probabilities of questions
concatenated with different answers since log probabilities is not only heavily in�uenced by irrelevant
syntax or language but also measures “familiarity” of a string instead of the ability to actually
generating the correct reasoning.
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C CONTROLLED EXPERIMENTS

We present additional results and plots from our controlled experiments on continual learning, data
quality generated and experiments on the Llama 3.1 8B model.

C.1 GENERAL CAPABILITY PRESERVATION

See Fig.17 and 18. General knowledge and capabilities are preserved after �ne-tuning.

Figure 17: General capabilities duringSelf-QA Fine-tuning of the Qwen-7B model across
domains. We performed evaluations on the MMLU-Pro, GSM8K and IFEval benchmarks of
the �ne-tuning checkpoints of the Qwen-7B model across domains. The general knowledge and
instruction-following capabilities are preserved during training.

C.2 CATASTROPHIC FORGETTING

See Fig.19. The recency experiments show relatively small forgetting after continually trained on
new categories of news.
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