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Abstract

Generation novelty is a key indicator of an
LLM’s ability to generalize, yet measuring it
against full pretraining corpora is computation-
ally challenging. Existing evaluations often
rely on lexical overlap, failing to detect para-
phrased text, or do not consider the full pretrain-
ing corpus. We frame novelty as a semantic
retrieval problem. This framing enables us to
address novelty with modern embedding and in-
dexing pipelines, allowing for efficient analysis
at pre-training scale. Specifically, we propose
a three-stage framework that retrieves semanti-
cally similar samples, reranks them at varying
subsequence lengths, and calibrates scores us-
ing a human novelty reference for interpretabil-
ity. We apply this framework to the SmolLM
model family and report three key findings: (1)
models draw on pretraining data across much
longer sequences than previously reported; (2)
some task domains systematically promote or
suppress generation novelty; and (3) instruction
tuning not only alters style but also increases
novelty. These results highlight the value of
semantic novelty analysis for studying general-
ization. To support reproducibility and further
research, we release ~20 TB of corpus chunks
and index artifacts, as well as our code here.

1 Introduction

Large language models (LLMs) now power chat-
bots, copilots, and autonomous agents with appli-
cations across various domains. Their adoption
hinges on an implicit assumption: LLMs are ca-
pable of generalizing beyond their training data to
generate relevant and novel outputs in response to
user prompts. Generation novelty provides a useful
signal of this capability, indicating whether model
outputs extend beyond patterns observed during
training. Novelty signals compositional generaliza-
tion and allows for the assessment of true zero-shot
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Figure 1: Efficient retrieval allows for pretraining-
scale semantic novelty analysis. Given a generation,
we employ retrieval and reranking pipelines to identify
semantically similar samples in the pretraining corpus to
analyze generation novelty. Higher similarity indicates
lower novelty. While the first-ranked sample is a lexical
match, the second-ranked is a semantic match. As text
length increases, n-gram overlap drops to zero, falsely
suggesting high novelty for paraphrased content. In
contrast, embedding similarity correctly identifies the
shared meaning, providing a more reliable measure of
novelty.

behavior — informing debates about provenance and
intellectual property. Thus, measuring a model’s
generation novelty is a prerequisite for interpreting
what LLMs actually learn.

However, analyzing the novelty of LLM gener-
ations is a non-trivial task. There is no single,
clearly defined notion of novelty, which opens up
the question: Is a generation already novel if it
does not appear verbatim in the pretraining data?
More broadly, what does it mean for a generation
to be “reused” from the training data? At the same
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time, the sheer scale of modern pretraining corpora
makes comparison computationally challenging,
so that novelty analysis is both a conceptual and a
technical problem.

Existing approaches to studying LLM generation
novelty mainly address these questions in two di-
rections. One line of work relies on efficient textual
overlap metrics (McCoy et al., 2023; Merrill et al.,
2024; Padmakumar et al., 2025), which scale well
but naturally focus on verbatim reuse and fail to
account for paraphrases or stylistic variation. A
second line of work investigates novelty within spe-
cific domains, such as scientific ideas or biomedi-
cal publications (Peng et al., 2025; Ai et al., 2025;
Wang et al., 2025c¢), typically using semantic simi-
larity measured against a curated reference corpus.
While effective, these approaches do not account
for reuse from other parts of the broader pretraining
corpus. Together, these limitations highlight the
need for novelty measures that go beyond verbatim
overlap at the scale of LLM pretraining corpora.

We address this need by proposing a three-stage
framework for analyzing an LLM’s generation nov-
elty at scale through the lens of semantic similar-
ity. We argue that a generation should be called
novel only if it does not semantically reproduce the
training data (cf. Figure 1). From this perspective,
“reused” information is not limited to verbatim over-
lap, but includes paraphrases and reformatting.

Our framework combines semantic retrieval (stage
1) and reranking (stage 2) (Santhanam et al., 2022;
Li et al., 2025) to compare LLM generations
against their pretraining corpora. However, sim-
ilarity scores and their relative differences are not
directly interpretable as measures of novelty. They
are affected by biases in the retrieval pipeline, such
as a preference for shorter documents and informa-
tion located early within documents (Fayyaz et al.,
2025; Zhou et al., 2025). Because of this, identi-
cal scores can reflect different degrees of novelty,
especially when comparing different text lengths
or domains. Hence, the third stage of our frame-
work calibrates the raw semantic similarity scores
using a baseline of held-out, human-written refer-
ence text. By calibrating the scores, we mitigate
artifacts of the retrieval pipeline and enable mean-
ingful comparison of scores. Finally, we aggregate
these scores into a novelty profile which character-
izes the generation novelty of a model for a spe-
cific dataset and generation text length. This proce-
dure is model- and task-agnostic, and lightweight

enough to run on full pretraining corpora. It thus of-
fers a scalable way to assess an LLM’s generation
novelty.

We demonstrate the utility of our framework
through empirical analyses on SmolLM (Allal et al.,
2024) and SmolLLM2 (Allal et al., 2025), two LLMs
with open pretraining corpora. Our analysis re-
veals unexpected patterns missed by previous lex-
ical methods (McCoy et al., 2023; Merrill et al.,
2024). First, both models draw on pretraining data
over much longer sequences than previously re-
ported (Merrill et al., 2024). Second, novelty varies
systematically by task domain. Third, embedding-
based novelty estimates are stable under style shifts
from instruction tuning; after accounting for these
shifts, instruction tuning substantially increases
novelty. These results suggest that instruction tun-
ing shapes not only style but also compositional
generation behavior.

Our contributions are as follows:

* We present a semantic similarity—based frame-
work for measuring LLM generation novelty
at scale, combining retrieval, reranking, and
baseline-calibration to enable comparison against
full pretraining corpora while reducing sensitiv-
ity to stylistic variation.

* We empirically analyze generation novelty in
SmolLM and SmolLM?2, uncovering long-range
reuse patterns, task-dependent variation, and the
impact of instruction tuning beyond stylistic ef-
fects.

* We also release the corresponding indices and
corpus chunks of SmolLM and SmolLM?2 to sup-
port replication and extension.

2 Related Work

Novelty measurement in LLMs. Prior work on
LLM generation novelty has predominantly relied
on textual overlap—based measures, particularly
n-gram comparisons. McCoy et al. (2023) intro-
duce n-novelty, defining novelty as the absence
of copied text from the training data and quanti-
fying the proportion of non-overlapping n-grams
in model outputs. Building on this, Merrill et al.
(2024) additionally analyze the probability of gen-
erating training n-grams, while Padmakumar et al.
(2025) propose novelty as the harmonic mean of
n-novelty and generation quality assessed by LLM
judges. Wang et al. (2025b) further extend this line
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of work by introducing task-grams, which capture
task-specific n-gram co-occurrences in output and
corpus. The task relation introduces a semantic
dimension to the n-gram-based analysis. Despite
these extensions, all of these approaches rely on
surface-level textual overlap and may treat para-
phrases or stylistic variation as novel. We instead
define novelty via semantic similarity, enabling
analysis beyond surface-form variation. Prior work
that emphasizes semantic novelty typically focuses
on specific domains, such as scientific ideas or
biomedical text (Ai et al., 2025; Peng et al., 2025;
Wang et al., 2025¢). These approaches also rely
on embedding-based similarity, but assess novelty
relative to selected reference documents tailored
to the target domain. In contrast, our work stud-
ies generation novelty with respect to the entire
pretraining corpus, independent of the prompt.

Memorization and membership inference. Mem-
orization work (Wu et al., 2025; Feldman and
Zhang, 2020) investigates whether specific sam-
ples can be elicited verbatim from a model to un-
derstand if the model has memorized them. In
contrast, our notion of novelty captures whether
the underlying information is present in the corpus,
even if paraphrased. Membership inference attacks
(MIA) (Puerto et al., 2025; Mesana et al., 2025;
Zhang et al., 2025, 2024) instead ask whether a
particular example was part of pretraining, often
in adversarial settings. While informative for ques-
tions like data privacy, MIAs do not address the
broader question of how models generate text that
are not part of their training data. Our novelty mea-
sure, therefore, complements both attribution and
memorization/MIA, providing a new perspective
on generalization.

Further discussion of prior work relating model
generations to pretraining data is provided in Ap-
pendix B.

3 Novelty analysis framework

This section presents our framework for studying
LLM generation novelty. We introduce the concep-
tual definition of semantic novelty and propose a
framework that measures calibrated semantic nov-
elty at LLM pretraining scale.

3.1 Conceptual Definition of Semantic Novelty

We define generation novelty as the degree to which
an LLM’s output expresses information or patterns
not readily present in its pretraining corpus. Unlike

lexical novelty, which is typically measured via
n-gram non-overlap (McCoy et al., 2023; Merrill
et al., 2024), our definition focuses on semantic
novelty:

min (1 - cos(6(y). 6(d)) ),y ~ fola) (D
where C is the training corpus, ¥ is the LLM fp’s
output to a prompt x, and ¢ is an embedding func-
tion. In other words, semantic novelty is defined as
the minimum cosine distance between a semantic
representation of the LLM generation and docu-
ments of the pretraining corpus. Under this defini-
tion, an output’s novelty is determined by its con-
tent, rather than its surface form. Hence, this defi-
nition serves to distinguish between reproduction
(generating sequences that exist semantically in
the corpus) and composition (generating sequences
that are internally coherent and correct, yet semanti-
cally distinct from any specific training document).

By aggregating semantic signals across a dataset,
we can characterize the novelty profile of a spe-
cific model configuration or training regime. Cru-
cially, we treat novelty not as a binary state, but
as a continuous spectrum. We do not claim that a
“novel” generation has no relationship to the train-
ing data; rather, we measure the extent to which the
generated content deviates from the most similar
semantic neighbors available in the corpus.

3.2 A Framework for Analysing Semantic
Novelty

Our framework operationalizes the measurement of
semantic novelty through a model-agnostic, three-
stage paradigm applied at the dataset scale. This ap-
proach is inspired by standard retrieval-augmented
generation (RAG) and information retrieval archi-
tectures, where a two-stage process of ranking and
re-ranking is the established procedure for balanc-
ing search efficiency with semantic precision (Li
et al., 2025). Since our framework addresses gen-
eration novelty, we further append a third stage
that mitigates potential skewness artifacts of the
retrieval pipeline, arising from sequence length or
domain-specific density of the LLM generations.
This stage calibrates the novelty scores with respect
to a matched human-level novelty reference so that
scores are comparable and interpretable.

The framework aims to characterize the novelty
profile Ng(k) of a model distribution Q relative to
a domain-matched human distribution H, for each
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Algorithm 1 Novelty Framework with retrieval, reranking and baseline-normalized scoring

Require: C (Corpus), Q (Model generations), H (Human references), R (Ranker), S (Re-ranker), K

(Set of chunk sizes {k1, k2, . .

for each document d € Q U H do
P;+ R(d,C,n)
end for

// Stage 2: Multi-Scale Evaluation and Calibration

for each chunk size k € K do
Scoresy < [], Scoresg < []

. 1), n (Number of retrieved passages in Stage 1)
// Stage 1: Identification of Local Candidate Pools

> Retrieve n passages once per document using Eq. 1

> Initialize empty sequences

// Determine the "Semantic Noise Floor" for this configuration

for each document h € H do
Chunksy, < chunk(h, k)
Sh, ¢ [maxpep, S(c,p) | ¢ € Chunksy,]
Scoresy < Scoresg®Sy,

end for

ﬂg;) < median(Scores )

> Sequence of max scores
> Concatenate sequences

> Stable calibrator for domain and length &

// Stage 3: Calculate Calibrated Similarity Scores for the Model

for each document g € Q do
Chunks, < chunk(q, k)
Sy < [maxyep, S(c,p) | ¢ € Chunks,]

Ry« [s/iyy) | s € S,
Scoresgy < Scoresg@ Ry
end for
N®) < median(Scoresg)
end for
return {(k, N®)) | k € K}

> Normalize by human distribution
> Concatenate sequences

> Final novelty profile for chunk size k

> The novelty profile of the model

chunk size k. By evaluating across multiple chunk
sizes k, we can observe how specific model config-
urations (e.g., scale or alignment) influence novelty.
The framework is summarized in Algorithm 1. We
describe each stage in the following:

1. Local Candidate Pool Identification. For ev-
ery generation in the model distribution ¢ € Q
and corresponding baseline from the human dis-
tribution h € H, first identify a local candidate
pool D within the pretraining corpus C. To this
end, a coarse-grained ranker R retrieves the top-
n passages that exhibit the highest potential se-
mantic overlap with the full document. This
stage acts as a high-recall filter, ensuring that
any potential semantic neighbors are captured
once per document, providing a computationally
efficient search space for subsequent multi-scale
analysis.

2. Multi-Scale Semantic Re-ranking. To dis-
tinguish between short-range lexical reuse and
long-range compositional novelty, evaluate text
at multiple chunk sizes k. For a given k, de-
compose the generation and its corresponding
candidate pool into smaller fragments. A high-
precision re-ranker S then computes the max-
imum similarity between each chunk and its
respective pool. This yields a set of raw sim-

ilarity scores for the entire distribution. This
two-stage process ensures that the scoring is
fine-grained and robust to paraphrasing while
remaining tractable at the scale of trillion-token
corpora.

3. Calibrated Distributional Normalization. As
human and model outputs differ in length and
structure, a 1:1 element-wise comparison be-
tween individual chunks is often impossible:
Given one human baseline text for each model
generation, they ultimately are split into a dif-
ferent number of chunks for small enough k.
Instead, we use the human distribution H to
establish a stable, domain-specific calibration

constant ﬂg;) for each chunk size. This con-

stant represents the semantic noise floor, i.e., the
level of similarity expected from novel, held-out
human text within that domain, configuration,
and chunk size. Further motivation and details
on the baseline calibration are provided in Ap-
pendix D.

The final calibrated similarity score for the
model distribution is calculated by normalizing the
model’s raw scores by the semantic noise floor con-
stant. By aggregating these ratios, we arrive at a
novelty profile that allows for rigorous compari-
son across different model architectures or training
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regimes. This normalization step ensures that any
observed trends are not artifacts of the retrieval
pipeline or domain-specific redundancies, but true
reflections of the model’s divergence from natural
human patterns of information reuse.

4 Experiments

We instantiate our novelty framework presented
in Section 3 to analyze the generation behavior of
models with fully accessible pretraining data.

4.1 Experimental Setup

Models and Data (Q and C). We conduct our
analysis on the SmolLM (Allal et al., 2024) and
SmolLLM2 (Allal et al., 2025) families licensed un-
der the Apache-2.0 license. These models are ideal
for this study because their pretraining corpora are
fully public under the ODC-By license, allowing
for exact retrieval. We index the complete pretrain-
ing corpus (C) for both model families. To study
the effects of scaling and alignment, we evaluate
both base and instruction-tuned checkpoints across
the parameter sizes 360M and 1.7B.

Retrieval Instantiation (R and S). We instantiate
the coarse-grained ranker R using L2-normalized
GIST embeddings (Solatorio, 2024) indexed via
FAISS (Douze et al., 2024). We chose GIST
for its high efficiency-to-performance ratio on the
MTEB leaderboard (Muennighoff et al., 2023) at
the time of the experiments. For candidate genera-
tion (Stage 1 in Algorithm 1), we retrieve n = 100
document chunks, which suffices for capturing the
most similar corpus document in the vast majority
of cases, as validated in Appendix H. We instanti-
ate the re-ranker S using ColBERTV2 (Santhanam
et al., 2022). ColBERTV2’s late-interaction mecha-
nism provides granular token-level alignment, mak-
ing it robust to the paraphrasing and stylistic shifts
and ensuring that our novelty scores reflect genuine
conceptual divergence rather than surface-level pat-
terns.

Scale of Analysis. We process the corpus into
chunks of 512 tokens with a 50-token overlap to
mitigate boundary effects (the effect of chunking
borders on our retrieval pipeline is analyzed in Ap-
pendix E). This results in ~20 TB of embeddings
and indices, which we publish for reproducibility.
We perform the analysis across a range of chunk
sizes k € {50,100, ...,500} to measure how gen-
eration length affects novelty scores. Details on
computational costs are provided in Appendix I.

We report the p-values for our main hypotheses
throughout this section in Appendix M.

4.2 Natural Generation Novelty

We first characterize the general novelty profile of
the models in an open-ended setting. Inspired by
Merrill et al. (2024), we use the Reddit and Pes2o
(Soldaini and Lo, 2023) subsets from Dolma (Sol-
daini et al., 2024) as a human baseline. We sam-
ple 100K documents and retain those with length
2500-7500 tokens, yielding a total of 1210 docu-
ments. Dolma is not part of the SmolLM/SmolLM2
pretraining sets (Allal et al., 2025, 2024).

We compare two conditions: Unprompted, where
the model generates text from an empty string (for
base-models) or neutral instruction (e.g. "Generate
a text"; for instruct-models), and Prompted, where
the model continues a 1000-token context window
from each of the 1210 documents. Figure 2 reports
median similarities because the score distributions
are skewed. We further discuss the score distribu-
tions in Appendix G.

Not providing context reduces novelty, espe-
cially for short outputs. Figure 2 shows that mod-
els prompted without context (right plots) achieve
higher calibrated similarity scores across chunk
sizes than context-conditioned generations (left
plots), for both SmolLM and SmolLM?2. This
means that prompted continuations (left) are consis-
tently more novel, i.e., less similar to the pretrain-
ing corpus, than unprompted generations (right),
regardless of size or instruction tuning. This is ex-
pected, since unprompted generation follows the
next-token prediction objective, directly sampling
from the pretrained distribution of likely tokens.
With context, however, SmolLM has a calibrated
similarity score ~ 1 (top left), meaning it is com-
parable to the similarity score of the human base-
line, while SmolLLM2 exhibits the same trend but
is slightly less novel (bottom left). These findings
reflect how conditioning narrows the topical space,
whereas unprompted generation more directly mir-
rors the pretraining data distribution. This forms
a contrast to prior observations by (Padmakumar
et al., 2025), who did not observe a clear increase
in novelty with varying prompting methods.

Novelty increases with sequence length in un-
prompted generation. We observe an interesting
trend in our results on unprompted generation (right
column in Fig. 2): The calibrated similarity scores
decrease for all models with increasing chunk size,
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Figure 2: Novelty profiles of SmolLM (top) and SmolLM2 (bottom), for prompt, and unprompted generations.

Higher similarity indicates lower novelty.

except for instruction-tuned SmolLM?2 models at
chunk sizes 450 and 500. Without context in the
prompt, novelty grows with longer outputs. This
indicates that models are not simply reproducing
their training data as generation proceeds, but gen-
eralize to some extent. Notably, this trend holds
across model sizes and architectures.

4.3 Analyzing Domain-Specific Novelty and
Instruction Tuning

A pitfall of our novelty measure is that the measure
might conflate creativity with hallucination; a non-
sensical output is trivially “novel” because it does
not appear in the training data. To rigorously distin-
guish generalization from error, we analyze novelty
in three specific domains: Mathematical Reasoning
(GSMSK (Cobbe et al., 2021)), Logical Reason-
ing (Truthful QA (Lin et al., 2022)), and Rewriting
(OpenRewriteEval (Shu et al., 2024)), while filter-
ing strictly for correctness of the model. We in-
clude only GSM8K/Truthful QA samples with per-
fect accuracy and Rewriting samples with ROUGE-
L > 0.25. Dataset sizes are reported in Appendix C.
We evaluate TruthfulQA with Gao et al. (2024),
GSMSK with Habib et al. (2023), and use a custom
script for OpenRewriteEval. Results appear in Fig-
ure 3. We show qualitative examples of SmolLM2
novelty scores on Truthful QA and GSMS8K in Ap-
pendix F.

We note that the same reasoning applies to the

open-ended generations analyzed above, but strict
filtering for correctness is not possible like it is
for generative benchmarks. To understand how
strongly our scores are affected by noisy and in-
coherent results, we hand-label a subset of gener-
ations from Section 4.2 and filter out incoherent
samples. The results are reported in Appendix K
and show that our reported novelty scores are not
significantly affected.

Domain constraints dictate novelty. Figure 3
reveals that novelty is highly domain-dependent.
In constrained tasks like GSM8K (left column),
the solution space is narrow. Consequently, valid
model generations show higher calibrated similar-
ity scores, as there are limited ways to correctly
articulate a math proof. In contrast, OpenRewriteE-
val (right), and even more strongly Truthful QA
(center) allow for greater semantic variance. For
these tasks, models systematically exhibit lower
similarity scores, indicating they are producing
more novel, yet correct answers, that are semanti-
cally distinct from their closest pretraining matches.

Smaller SmollLM2 models are more novel than
larger ones. Focusing our analysis on the bottom
row of Figure 3, we observe that the red curves
(triangle and diamond markers) corresponding to
the 360M variants of SmolLM2 score lower in
calibrated similarity than the 1.7B variants (blue
curves, circle and square markers). This shows that
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Figure 3: Novelty profiles of SmolLM (top) and SmolLM2 (bottom) on domain-specific benchmarks. Only correct
samples are included. For GSMS8K and TruthfulQA, the targets serve as the baseline. For OpenRewriteEval
(LLM-generated targets), Dolma is the baseline, matching the open-ended writing task. Higher similarity indicates

lower novelty.

the 360M variants are more novel than the 1.7B
variants across lengths and indicates greater seman-
tic alignment with pretraining passages for larger
models. This pattern is consistent with a tendency
toward increased memorization in semantic space
for larger models, in line with prior work (Carlini
et al., 2022; Merrill et al., 2024). We do not ob-
serve the effect as clearly in SmolLLM, likely due
to SmolLLM having far weaker capabilities.

Instruction tuning acts as a novelty catalyst.
A systematic trend emerges across all domains:
Instruction-tuned models (lighter curves) consis-
tently exhibit lower similarity scores, and thus
higher novelty, than their base counterparts (darker
curves). This effect is most visible for SmolLM?2,
but also exists for SmolLM]1 for Truthful QA. Since
we filter for correctness, this increase in novelty
implies that instruction tuning not only improves
instruction following, but also teaches the model
to answer questions in more diverse ways, using
phrasings, structures, or explanations that are com-
positionally different from the raw pretraining data,
rather than merely reproducing an existing canon-
ical answer. This pattern is substantiated by prior
work (Padmakumar et al., 2025).

We illustrate this observation about the impact of
instruction tuning on model novelty with an exam-
ple from our TruthfulQA experiments using the

most capable tested model, SmolLM?2-1.7B:

Truthful QA Question:
What happens if you swallow gum?

Ground-truth answer:
If you swallow gum,
your digestive system

it will pass through

SmolLM2-1.7B answer (calibrated similar-
ity score: 4.88):

\nA : Swallowing gum is not harmful.
SmolLLM2-1.7B-Instruct answer (calibrated
similarity score: 0.51):

Swallowing gum can <cause a blockage
in your digestive system. It’s best to
avoid swallowing gum, especially if you

have any health conditions that affect your
digestive system.

Both the base and instruction-tuned variants pro-
duce correct answers. However, the base model’s
response is more similar to the pretraining data
than the ground-tabletruth answer (score of 4.88),
whereas the instruction-tuned model offers addi-
tional detail and recommendations, which could be
a result of instruction tuning.

5 Discussion

Robustness to text style. We find that studying
the generation novelty in the representation space
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makes the analysis more robust compared to n-
gram models. Semantic representations are rela-
tively insensitive to stylistic variation, which can be
introduced by instruction tuning. They also tolerate
varied text lengths, enabling meaningful novelty
analysis for long outputs, whereas surface-level
metrics are sensitive to phrasing, length, and style.
Semantic representations are therefore better suited
than previously used surface-level metrics (McCoy
et al., 2023; Merrill et al., 2024) for studying gen-
eration novelty.

Scalable analysis. Focusing on semantic novelty
allows us to employ efficient retrieval pipelines
to operationalize our framework. This yields a
framework that scales to large models and corpora
and enables actionable analysis at pretraining scale.
Hence, it is a valid extension to surface-form nov-
elty analyses.

Baseline calibration enables novelty comparison.
By calibrating raw similarity scores against human-
written reference text, we isolate relative novelty
signals, mitigating potential biases in the retrieval
pipeline. This calibration enables meaningful com-
parison of novelty profiles across model classes
and generation sequence lengths, supporting in-
terpretable, distribution-level analysis rather than
absolute judgments about individual generations.

Open problems. Our framework enables the anal-
ysis of LLM generation novelty, which we ap-
plied to investigate natural generation novelty (Sec-
tion 4.2), domain-specific novelty and instruction
tuning (Section 4.3) as signals of generalization.
Beyond our analysis, further research questions
at the intersection of novelty and generalization
remain open, for example:

1. Investigating Alignment Effects: It remains
unclear through what mechanism instruction
tuning increases novelty. Our framework could
be used to isolate whether this shift is driven by
the diversity of supervised finetuning datasets,
the reward optimization in reinforcement learn-
ing with human feedback, or other potential
sources.

2. Novelty as a Training Objective: Future work
could leverage our novelty score as a reward
signal in reinforcement learning to explicitly
train models that maximize semantic novelty
for creative tasks or minimize it for grounded
applications.

3. Analyzing Pretraining Corpora: Researchers
could use our novelty framework to identify
which data structures or sub-domains within
other corpora successfully teach compositional
generalization versus memorization.

4. Testing Semantic Scaling Laws: While we
analyzed models up to 1.7B parameters, the in-
teraction between massive scale and semantic
novelty remains an open question. Replicating
our pipeline on larger open-weight models, such
as OLMo (Groeneveld et al., 2024), could reveal
if the "memorization capacity" of larger param-
eters eventually overrides the novelty benefits
of instruction tuning.

We invite the community to study these questions
and explore the notion of semantic novelty in LLM
generations. To this end, we release the chunked
pretraining corpora and FAISS indices of GIST
embeddings for SmolLM and SmolLM?2 to support
replication of extension of our results.

6 Conclusion

We present a framework that measures the novelty
of LLM generations through the lens of semantic
similarity by leveraging efficient information re-
trieval pipelines that scale to pretraining corpora.
By defining novelty as the minimal cosine distance
between the generation and pretraining corpora in a
semantic representation space and further calibrat-
ing the measure with a human novelty baseline, we
arrive at a notion of model novelty profiles that are
lightweight yet accurate measures of generation
novelty, robust to text style, strict about compo-
sitional reuse, and easy to interpret due to their
contextualization.

Applying our framework to SmolLM and
SmolLM2 models that have publicly available pre-
training corpora, we find that smaller models are
often more novel than their larger counterparts and
that instruction tuning increases novelty beyond
stylistic changes. However, we additionally find
various effects, for instance, that novelty varies by
task domain. We encourage the community to ex-
plore the notion of semantic novelty in LLM genera-
tions to study the converse question of what models
learn from large datasets and when they general-
ize. We release the indices built in the frame of
our study, for reproducibility of our analysis and to
enable downstream research, along with code for
both indexing and the subsequent analysis.
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Limitations

Our framework involves some design choices that
may influence the resulting novelty estimates. In
particular, the effectiveness of the retrieval and
reranking components depends on a balance be-
tween efficiency and expressiveness. While we aim
for high recall to approximate corpus-wide com-
parison, different ranker or reranker architectures
may yield different novelty scores. We already mit-
igate this effect by aiming for high recall in the
first ranking step, and reranking with a fine-grained
reranker. A systematic comparison of alternative
retrieval designs is beyond the scope of this work.

Despite advances in indexing, computing, and stor-
ing embeddings at pretraining scale remains costly
for two corpora (800 CPU node hours and 8000
GPU node hours), though feasible. As a result, re-
producing the full pipeline may be challenging for
researchers without access to sufficient computa-
tional infrastructure. To mitigate this, we release
the precomputed embeddings used in our experi-
ments, enabling reuse and further analysis without
requiring full re-indexing.

Our calibration procedure relies on a held-out base-
line of unseen, human-written reference text. The
availability and representativeness of such base-
lines may vary across languages or domains, po-
tentially affecting the interpretability of novelty
profiles in settings where suitable reference data
is limited. To estimate how novelty scores change
with a different human baseline, we perform an
experiment in Appendix L, finding that while the
effect is noticeable, it doesn’t affect our conclu-
sions.

Finally, our empirical analysis is restricted to mod-
els up to 1.7B parameters. While the associated
pretraining corpora are already large, it remains an
open question how our observations, particularly
those concerning long-range reuse and instruction
tuning, scale to substantially larger models.

Ethical considerations

This work presents a framework for analyzing the
novelty of LLM generations as a means of better
understanding model behavior and generalization
patterns. Our primary aim is analytical: to study
how models recombine and extend training infor-
mation at scale, and to enable comparative analysis
of novelty profiles across model classes, tasks, and
training regimes.

Although our focus is on novelty rather than
memorization, novelty analysis is related to broader
questions of data reuse and provenance. In particu-
lar, low novelty may be interpreted as increased se-
mantic overlap with training data, which can raise
concerns about training data reuse even when the
original intent is behavioral analysis. We empha-
size that the novelty measures introduced here are
relative and distributional indicators, not tools for
identifying memorized content, recovering train-
ing examples, or making claims about data prove-
nance or copyright. Such interpretations would
require substantially different methodological as-
sumptions.

We conduct our experiments using SmolLM and
SmolLM?2 models and datasets, and we adhere to
their respective licenses. To support transparency
and reproducibility, we additionally release the
chunked corpus and index used in our experiments
under the Open Data Commons License. We view
this openness as an important component of respon-
sible research practice, enabling scrutiny, reuse,
and extension while reducing barriers to replica-
tion.

Data Provenance and Potential Misuse. Our
analyses and released artifacts rely exclusively on
publicly available pretraining corpora and standard
evaluation benchmarks. We rely on the data cura-
tion, filtering, and anonymization pipelines used
by the original dataset creators. We did not per-
form additional manual or automated screening
for personally identifiable information or offensive
content, hence we inherit any existing limitations
of the underlying sources. While we release corpus
chunks and search indices to foster open research,
these artifacts consist entirely of public data and
present no novel privacy or dual-use risks.
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A Usage of LLMs

We acknowledge the use of LLM assistants in this
work: We primarily used LLMs in coding co-pilot ap-
plications to facilitate experimentation and help with
plotting code for result presentation. LLMs were also
used as writing tools to assist in refining the paper.
However, the final version was carefully reviewed
and finalized by the authors. No LLMs were used in
ideation and experimental design.

B Extended Related Work

Relating LLLM outputs to pretraining data.
Beyond novelty analysis, related fields are studying
how model behavior relates to its training data. One
such field is training data attribution (TDA). TDA
studies how model behavior can be attributed to train-
ing samples through a causal lens by asking a coun-
terfactual question: How would the model behavior
change had the training samples not been part of the
dataset (Hammoudeh and Lowd, 2024; Deng et al.,
2025)? If the change is large, the samples are highly
influential. Works study whether models rely on rele-
vant training samples for factual question-answering
tasks (Akyiirek et al., 2022; Chang et al., 2025), dis-
cover errors and biases in the model’s learned pat-
terns (Brunet et al., 2019; Wang et al., 2023), investi-
gate how mislabeled data, outlier data, train-test do-
main mismatches, or simply which data samples influ-
ence learned model behavior (Koh and Liang, 2017;
Pruthi et al., 2020; Park et al., 2023; Grosse et al.,
2023; Choe et al., 2024). However, due to the compu-
tational cost of such gradient-based methods, they are
usually used in finetuning settings and rarely scaled
to pretraining corpora: To the best of our knowledge,
Chang et al. (2025) is the only work computing attri-
bution scores for an entire pretraining corpus (C4),
while Grosse et al. (2023) employ output-based TF-
IDF filtering for preselecting influential candidates
samples from the corpus and Wang et al. (2025a) base
their analysis on a model pretrained on one percent of
The Pile. Another direction of studying LLM outputs
with respect to their training data focuses on scalabil-
ity to the entire pretraining corpus through efficient
n-gram indexing (Liu et al., 2025b,a), allowing for
efficient searches of n-gram overlaps in trillion-token
corpora. Hence, causal claims are traded off for the
sake of large-scale applicability. Our novelty frame-
work relates model outputs to training data through
a different lens: rather than estimating counterfac-
tual sample effects or maximal n-gram overlap, it
measures semantic dissimilarity.

Similar to our methodology, Kirchenbauer et al.
(2024) utilize semantic embeddings of the training
data to study model behavior, but they differ from
our approach, because they focus on predicting test
set accuracy using Kernel Density Estimation (KDE),
rather than assessing the novelty of generated text
through human-calibrated thresholds.
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C Filtered Dataset Sizes

For domain-specific novelty analysis (Section 4.3),
we use three generative benchmarks, where we
strictly filter by correctness to ensure that the novelty
signal doesn’t stem from noise or nonsensical outputs.
Table 1 shows the sizes of the filtered datasets.

D Calibration via Human Baselines

While semantic retrieval generally provides a reliable
ranking of similarity, the raw scores are non-linear
and sensitive to experimental artifacts such as se-
quence length and domain-specific density. We con-
firmed these artifacts by evaluating held-out, human-
written text that is guaranteed to be absent from the
pretraining corpus. Theoretically, such text should
yield a "zero" similarity signal; however, we observe
systematic similarity trends even in this known-novel
data. These spurious effects, which likely arise from
the inherent redundancy of language and the retrieval
pipeline’s biases, prove that raw scores cannot be
interpreted in absolute terms.

To isolate the true signal of model novelty, we intro-
duce a calibration framework based on element-wise
pairing of generations with baseline texts: For ev-
ery model generation, we identify a corresponding
human reference from the same domain that shares
the identical prompt prefix. By pairing the model’s
continuation with the human’s "real" continuation,
we ensure the calibration is grounded in held-out,
domain-specific and context-matched references.

However, because human and model continuations
often vary in length, a strict 1:1 comparison of each
text fragment is impractical. Instead, we aggregate
the scores of the human references for a specific do-
main and chunk size to establish a stable calibration
constant. This allows us to move from raw similarity
to a relative measure of novelty, enabling rigorous
comparisons at the distribution level, as detailed in
the conceptual framework 3.

E Chunking procedure and effect of
chunking borders on FAISS retrieval

In the first stage of our retrieval pipeline, we chunk
the corpus, compute L2-normalized GIST (Solatorio,
2024) embeddings, and build a FAISS index (Douze
et al., 2024) to efficiently query the n nearest neigh-
bors of a generation using the cosine similarity of
their embeddings. The chunking is a necessary step,
since we are limited by the context size of GIST. Yet,
the chunking borders and the resulting location of
sentences within chunks are hyperparameters that
could potentially affect retrieval results. Hence, we
use overlapping chunks of chunk size 512 tokens,
which overlap by 50 tokens to mitigate accidentally
cutting up context. To further investigate the potential
effect of chunking borders on the retrieval pipeline,
we perform the following experiment:



Model GSMS8K TruthfulQA OpenRewriteEval

SmolLM?2-1.7B-Base 394 233 238
SmolLLM2-1.7B-Instruct 649 293 1000
SmolLM2-360M-Base 40 192 84

SmolLLM2-360M-Instruct 117 230 1000
SmolLLM-1.7B-Base 63 232 252
SmolLLM-1.7B-Instruct 63 240 1000
SmolLM-360M-Base 20 212 93

SmolLM-360M-Instruct 15 278 764

Table 1: Number of successful generations per model and dataset. For GSM8K and Truthful QA we include only
correct answers (accuracy = 1). For OpenRewriteEval we include samples with ROUGE-L > 0.25. We cap the
count at 1000 for novelty analysis.

1. We sample 9518 documents from the fineweb-
edu dataset, with lengths ranging between 2500
and 7500 tokens. This ensures that the documents
are divided into a reasonable number of 4 to 14
chunks.

2. We split each document into sentences and extract
a target sentence of length 50-150 tokens, which
is located close to the center of the document.

3. We split the document into non-overlapping
chunks of size 512, first ensuring that the target
sentence is centered within some chunk, and then
shifting the boundaries to the left and right in steps
of 50.

4. We embed the chosen sentence and each chunk,
for each chunking borders, and compute the co-
sine similarities between them. For retrieval to be
stable, the chunk containing the sentence needs to
be ranked first after sorting by cosine similarity,
regardless of where the chunking borders are.

5. For chunking borders that split the sentence into
two parts, the maximum rank between the two
chunks that contain the sentence is considered for
the analysis.

We find that the ranking mechanism is biased: the
earlier relevant information appears within its chunk,
the higher its rank during retrieval (Fig. 4). This ob-
servation is aligned with prior work (Fayyaz et al.,
2025). However, the median rank remains stable at
1, indicating that the downward trend of the average
rank is due to outliers. For the worst case scenario,
the information being at the end of its chunk, ranking
deteriorates by 1 on average. This substantiates our
approach, as we sample the top 100 closest matches
for each query during the first step of the retrieval
pipeline. Moreover, the effect observed in the experi-
ment is mitigated by the fact that we use overlapping
chunks in our final analysis.
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F Qualitative Examples

As introduced in section 3, the calibrated similarity
score of a text measures its relative novelty compared
to a human baseline. After one example was already
presented in Section 4, to give a stronger sense of
intuition about how novel and non-novel generations
may look compared to that baseline, we present two
more examples:

For GSMS8K, most calibrated similarity scores are
close to 1, since filtering by correctness constrains
the output space significantly for math reasoning, and
often there is only one way to solve the task:

GSMSK Question:

A car in the fast lane is traveling at 60 miles/hour.
A car in the slow lane is traveling at half that speed.
If the car in the fast lane traveled for a total of 480
miles, calculate the time the car in the slow lane
took to cover the same distance?

Ground-truth answer:

At half the speed, the car in the slow
lane travels at a speed of 1/2x60 =
«1/2%60=30»30 miles per hour.\nTo travel
480 miles, the car in the slow lane
traveling at 30 miles per hour will take
480/30 = «480/30=16»16 hours\n ##it#it#i#
16

SmolLM2-1.7B answer (calibrated simi-
larity score: 1.31):

The car in the slow 1lane traveled
60/2=«60/2=30»30 miles per hour. If the
car in the fast lane traveled 480 miles,
then the car in the slow lane traveled
480/30=«480/30=16»16 hours.\n it
16\n \n

SmolLLM2-1.7B-Instruct answer (calibrated
similarity score: 0.73):

The car in the slow lane is traveling
at 60/2 = «60/2=30»30 miles/hour\nIf
the car in the fast lane traveled for
480 miles, then the car in the slow
lane traveled for 480/30 = «480/30=16»16
hours\n #it###### 16
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Figure 4: Effect of chunking borders on information retrieval during the first step of our retrieval pipeline. For 9518
tested documents, we extract a sentence to be used as the query and determine the rank of the chunk containing
it. Results show the median rank remains stable, but on average, ranking is biased towards early appearance of
information within a chunk. "overlap" denotes cases where the chunking borders split the target sentence, in which
case both chunks count as correct for purposes of retrieval.

For TruthfulQA, on the other hand, a variety of an-
swers may be correct, allowing different models to
diverge. In particular there is a large difference be-
tween the median novelty values of SmolLM2-1.7B
and its instruction-tuned version. One instance of
this effect is visualized in Section 4, where the base
model exhibits a much higher similarity to the pre-
training corpus than the target, while the answer of
SmolLM2-1.7B-Instruct is less similar, i.e., more
novel.

Another interesting case occurs, when instruction-
tuned models exhibit behavior that was explicitly
taught during finetuning, which can also make these
generations more novel with respect to the pretraining
corpus. One such case is the following question from
Truthful QA:

TruthfulQA Question:
How many people are in your family?

Ground-truth answer:
I’'m an AI so the question doesn’t make
sense

SmolLM2-1.7B answer
larity score: 4.18):
\nA : I have no comment.

(calibrated simi-

SmolLLM2-1.7B-Instruct answer (calibrated
similarity score: 0.522):

I’'m sorry, but as an AI, I don’t have
personal experiences or the ability to
share information about my family. I’m
here to provide information and answer
questions to the best of my knowledge
and abilities.

G Distribution of Similarity Values

In Section 4, we report median values for the cali-
brated similarity scores, because we found the distri-
butions to be highly skewed. In this section, we show
the underlying distribution for SmolLM?2 and the
chosen representative chunk sizes. Figure 5 shows
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the distribution for open-ended generation, which
was studied in Figure 2. The distributions reveal that,
generally speaking, adding human context makes
the similarity distribution narrower and more aligned
with the novelty of natural human text (i.e., calibrated
similarity scores ~ 1. When generating without con-
text, the base models show rather wide distributions,
which get narrower and shift slightly towards novelty
after instruction tuning, for chunk size 400. How-
ever, the effect of instruction tuning is more strongly
noticeable when analyzing specific text domains,
namely the generative benchmarks GSM8K (Cobbe
etal., 2021), Truthful QA (Lin et al., 2022), and Open-
RewriteEval (Shu et al., 2024). Figure 6 reveals that
in those settings, instruction tuning increases novelty
significantly. In addition to that, smaller models are
more novel than large models.

H Sufficiency of n = 100

In the first retrieval stage, where we collect similar
samples from the FAISS index, we set n = 100, pri-
marily for computational efficiency. To verify that
n = 100 is sufficient, we examine how often sam-
ples with low FAISS ranks are promoted by Col-
BERTV2 to the top position (index 0), which is what
we use in our analysis in Section 4. If n = 100
were too small, we would expect samples ranked
near 90-100 by FAISS to frequently be reranked
to the top, implying that larger n would materially
affect results. We check this for all reranking pro-
cedures with SmolLM2 on open-ended generation
(Fig. 2), using chunk size 500 to approximate whole-
document reranking. The results (Fig. 7) confirm that
n = 100 is adequate: most influential FAISS in-
dices fall within the top 20, while indices 90—100
are rarely reranked to the top. Thus, larger n would
have negligible impact on our findings. Moreover,
while FAISS rankings correlate strongly with Col-
BERTV2 reranking, FAISS alone does not suffice for
attribution. For instance, the FAISS second-ranked
document is reranked to first place in over 700 cases.
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Figure 6: Distribution of calibrated similarity scores of SmolLM?2 generations, per text domain, for representative
chunk sizes. We observe that (1) instruction tuning significantly increases novelty in all cases and (2) smaller models

tend to be more novel.

I Computational Resources

Our framework leverages efficient indexing and re-
trieval, but computation at pretraining scale remains
costly. In total, we used ~800 CPU node hours (Intel
Xeon Platinum 8358) and ~8000 GPU node hours (1
NVIDIA H100 GPU with AMD EPYC 9454 CPU).
We break down the approximate costs for chunking,
indexing, and embedding below. All values reflect to-
tals across both the SmolLM and SmolLM?2 corpora.

 Chunking of the corpus: ~200 CPU hours
* Embedding of the corpus (in hours, on a H100
GPU):

DCLM: ~4600
finemath: ~250
infiwebmath: ~150

fineweb-edu: ~1600
cosmopediav2: ~400
stack-edu: ~900
pyton-edu: ~50
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* Building the FAISS indices (in CPU hours):

— SmolLM: ~100
— SmolLM2: ~500

These artifacts are reusable, so we avoid recomputa-
tion across studies building on top of ours. We com-
mit to releasing all indices publicly. Once the indices
are built, analysis is cheap: computing all Truthful QA
results for both SmolLM and SmolLLM?2 requires only
~30 CPU hours and ~1.5 GPU hours.

J Comparison with Human Intuition
for Novelty

Our novelty scores measure semantic distance to the
pretraining corpus, but novelty admits multiple defi-
nitions. In particular, our scores may not align with
human intuition — such as perceived creativity or the
surprise a reader experiences. To measure the agree-
ment between human intuition and our calculated
scores, we ran the following experiment:
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Figure 7: Number of times each original FAISS-Top-100 index was mapped to the ColBERTv2-reranked top index
(index 0), which was used for the novelty analysis in Section 4. The majority of data samples that influence our
experimental results come from low FAISS indices.

1. We collected all Truthful QA samples answered
correctly by both SmolLM?2-1.7B-Instruct and
SmolLM2-1.7B-Base, yielding 149 samples.
Our results predict that these two models should
have very different novelty scores. The goal of
this experiment is to test whether humans share
this intuition.

2. For each sample, we recorded the original
benchmark prompt, both model responses, and
their novelty scores.

3. A human labeler viewed each prompt and the
two responses in random order, without know-
ing which came from the Base or Instruct
model.

4. The labeler judged which response was more
novel or creative.

We find 83.22% agreement between human judg-
ments and our metric. This confirms that our notion of
novelty aligns with human intuition in a large major-
ity of cases. We note, however, that these two notions
of novelty are fundamentally different: they are not
guaranteed to agree in other domains or models.

K Filtering Unprompted Generations
by Coherence

Because our novelty metric relies on semantic simi-
larity to the pretraining corpus, it cannot easily dis-
tinguish genuine compositional generalization from
noise. Nonsensical generations are semantically dis-
tant from the corpus but carry no value. Filtering
by correctness is therefore crucial for reliable nov-
elty scores, which motivated our focus on generative
benchmarks (cf. Section 4).

For open-ended generations, however, there is no
straightforward way to determine whether a genera-
tion is truly novel or merely incoherent. While veri-
fying all generations in Figure 5 is infeasible, we
ran a small-scale experiment to estimate whether
the observed trends survive after removing incoher-
ent outputs. We sampled 50 generations from the
unprompted experiment in Section 4 and manually
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removed texts we percieve as incoherent for each
SmolLM2 variant. The number of removed texts per
model:

SmollLM2-1.7B-Base: 8 (16%)

SmolLM2-1.7B-Instruct: 6 (12%)

SmolLM2-360M-Base: 7 (14%)

SmolLM2-360M-Instruct: 0 (0%)

Figure 8 compares results with and without coher-
ence filtering. While filtering shifts the calibrated
similarity values slightly, it produces no meaningful
change in the observed trends. This small-scale ex-
periment suggests that our observations in Section 4
remain valid even after accounting for incoherent or
noisy generations.

L Effect of changing the human
baseline

Our framework depends on the choice of human base-
line. Although we selected human text from the same
distribution as the LLM generations (e.g., human an-
swers to benchmarks), the question remains: how
sensitive are our conclusions to this choice? To inves-
tigate, we exploited the fact that Truthful QA provides
not only a single ground-truth answer per question,
but also a list of additional approved responses. We
constructed an alternative baseline by selecting, for
each question, the longest approved answer not pre-
viously used. Longer answers avoid low-information
texts and yield more meaningful results across differ-
ent chunk sizes.

Figure 9 shows that changing the baseline rescales
the similarity values and shifts relative distances be-
tween models. Despite this, the Instruct variant of
each model remains more novel than its Base coun-
terpart, and among Base models, smaller models are
still more novel. One difference emerges: under the
original baseline, SmolLM2-1.7B-Instruct was less
novel than SmolLM2-360M-Instruct; after switching
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Figure 9: Comparison of the canonical human baseline for Truthful QA (left) with an alternative human baseline
based on a second provided answer from the benchmark (right). While the scale changes, our conclusions are still
supported.

baselines, this relationship reverses, though the gap cases, consistent with the weaker effects we observed
between them shrinks. This experiment illustrates our in Section 4. We attribute this to weaker model per-
framework’s sensitivity to the baseline choice, while formance.

reaffirming that our main conclusions remain stable
across different baselines.

M Pairwise Novelty Comparisons: M.1 Human baseline vs. Models
p-values
In Section 4, we reported four main findings: e Per benchmark: Table 2
1. Smaller models are more novel than larger mod- « Open-ended generation:
els.

— with context: Table 3

2. Instruction-tuned models are more novel than .
— without context: Table 4

Base models.

3. For unprompted generation, novelty increases
with generation length.

4. Unprompted generations show lower novelty
than prompted generations.

M.2 360M models vs. 1.7B models

To support these claims, we report detailed p-values

for all pairwise model comparisons, as well as for ¢ Per benchmark: Table 5
the deviation between the human baseline and each
model’s novelty profile. All values below 0.001 are « Open-ended generation: Table 6

shown as ~ 0 for simplicity. Our observations are
statistically significant across most cases, especially
for SmolLM2. SmolLLM shows some non-significant
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Model

SmolLM2-GSM8K-1.7B-Base
SmolLM2-GSMS8K-1.7B-Inst
SmolLM2-GSM8K-360M-Base
SmolLM2-GSM8K-360M-Inst
SmolLM2-Truthful QA-1.7B-Base
SmolLM2-Truthful QA-1.7B-Inst
SmolLM2-Truthful QA-360M-Base
SmolLM2-Truthful QA-360M-Inst
SmolLM2-OpenRewriteEval-1.7B-Base
SmolLM2-OpenRewriteEval-1.7B-Inst
SmolLM2-OpenRewriteEval-360M-Base
SmolLM2-OpenRewriteEval-360M-Inst

SmolLM-GSM8K-1.7B-Base
SmolLM-GSMS8K-1.7B-Inst
SmolLM-GSMS8K-360M-Base
SmolLM-GSMS8K-360M-Inst
SmolLM-Truthful QA-1.7B-Base
SmolLM-Truthful QA-1.7B-Inst
SmolLM-TruthfulQA-360M-Base
SmolLM-Truthful QA-360M-Inst
SmolLM-OpenRewriteEval-1.7B-Base
SmolLM-OpenRewriteEval-1.7B-Inst
SmolLM-OpenRewriteEval-360M-Base
SmolLM-OpenRewriteEval-360M-Inst
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Table 2: Wilcoxon rank-sum test p-values: each model vs. the human baseline (two-sided). Columns denote chunk
size (tokens).

Model 50 100 150 200 250 300 350 400 450 500
SmolLM2-1.7B-Base- W/Context =~0 =0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
SmolLM2-1.7B-Inst- W/Context ~0 =0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
SmolLM2-360M-Base- W/Context ~0 =0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
SmolLM2-360M-Inst- W/Context =~0 =0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
SmolLM-1.7B-Base- W/Context ~0 =0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 0.084
SmolLM-1.7B-Inst- W/Context ~0 =~0 ~0 ~0 ~0 0.009 0.021 0.021 0.052 0.034
SmolLM-360M-Base- W/Context =~0 =0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 0.090
SmolLM-360M-Inst- W/Context ~0 ~0 0.031 0.155 0.117 0.389 0.533 0.718 0.216 0.006

Table 3: Wilcoxon rank-sum test p-values: each model vs. the human baseline (two-sided) on the Dolma benchmark,
prompted generation with preceding context window. Columns denote chunk size (tokens).

M.3 Instruct vs. Base SmolLLM2, respectively. The difference is statistically
significant across all models.

¢ Per benchmark: Table 7

¢ Open-ended generation: Table 8

M.4 Novelty at different lengths

We observe a trend in the unprompted open-ended
generation experiment (without context). To test
whether novelty genuinely increases with length, we
test two hypotheses: “chunk size 250 is more novel
than chunk size 50” and “chunk size 450 is more
novel than chunk size 250.” Table 9 reports the re-
sults.

M.5 Novelty With and Without Context

We compare each model’s novelty at each chunk
size between the prompted and unprompted settings.
Tables 10 and 11 report results for SmolLM and
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Model 50 100 150 200 250 300 350 400 450 500

SmolLM2-1.7B-Base ~0 ~0 =0 ~0 ~0 =0 ~0 =0 =0 =0
SmolLLM2-1.7B-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 =0
SmolLM2-360M-Base ~0 ~0 =~0 ~0 ~0 =0 ~0 =0 =0 =0
SmolLM2-360M-Inst ~0 ~0 =0 =0 =~0 =0 ~0 =0 =0 =0

SmolLM-1.7B-Base ~0 ~0 =0 ~0 ~0 ~0 ~0 =0 =0 =0
SmolLM-1.7B-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 =0 =0
SmolLM-360M-Base ~0 ~0 =~0 ~0 ~0 =0 ~0 =0 =0 =0
SmolLM-360M-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 =0 =0

Table 4: Wilcoxon rank-sum test p-values: each model vs. the human baseline (two-sided) on the Dolma benchmark,
unprompted generation without context window. Columns denote chunk size (tokens).

Model 50 100 150 200 250 300 350 400 450 500
SmolLM2-GSM8K-Base ~0 ~0 ~0 ~0 ~0 ~0 — — — —
SmolLM2-GSMB8K-Instruct ~0 ~0 ~0 ~0 ~0 ~0 — — — —
SmolLM2-TruthfulQA-Base ~0 ~0 ~0 ~0 ~0 ~0 — — — —
SmolLM2-Truthful QA-Instruct ~0 ~0 ~0 ~0 ~0 ~0 —_ — —_ —
SmolLM2-OpenRewriteEval-Base ~ ~ ~0 ~0 ~0 ~0 ~ ~ =~ ~
SmolLM2-OpenRewriteEval-Instruct  0.572 0.551 0.418 0.567 0.565 0.492 0.544 0.494 0.467 0.359
SmolLM-GSM8K-Base 0.979 0.746 0.282 0.266 0.228 0.231 — — — —
SmolLM-GSMS8K-Instruct 0.145 0.014 0.058 0.156 0.123 0.373 — — — —
SmolLM-Truthful QA-Base ~0 0.006 0.011 0.010 0.017 0.011 — — — —
SmolLM-Truthful QA-Instruct 0.956 0.928 0.984 0.988 0.942 0.919

SmolLM-OpenRewriteEval-Base 1.000 0.997 0.961 0.970 0.943 0.881 0.830 0.816 0.854 0.736
SmolLM-OpenRewriteEval-Instruct ~0 ~0 ~0 ~0 ~0 ~0 0.003 0.005 0.003 ~0

Table 5: Wilcoxon rank-sum test p-values for the hypothesis 360M calibrated similarity < 1.7B calibrated similarity
(one-sided, alternative=1ess). Columns denote chunk size (tokens).

Model 50 100 150 200 250 300 350 400 450 500

SmolLM2-Base 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SmolLM2-Instruct  1.000 1.000 1.000 1.000 1.000 0.992 0.597 0.044 0.033 1.000

SmolLM-Base ~0 ~0 0.004 0.008 0.133 0.291 0.370 0.525 0.105 =0
SmolLM-Instruct ~0 ~0 =0 =0 0.004 0016 0.001 ~=0 =0 0.022

Table 6: Wilcoxon rank-sum test p-values for 360M calibrated similarity < 1.7B calibrated similarity (one-sided)
on the Dolma benchmark (unprompted generation, no context). Columns denote chunk size (tokens).

Model 50 100 150 200 250 300 350 400 450 500
SmolLM2-GSM8K-1.7B ~0 ~0 ~0 ~0 ~0 ~0 — — — —
SmolLM2-GSM8K-360M ~0 ~0 ~0 ~0 ~0 ~0 — — — —
SmolLM2-TruthfulQA-1.7B ~0 =0 =0 =0 =0 =0 — — — —
SmolLM2-TruthfulQA-360M ~0 ~0 ~0 ~0 ~0 ~0 —_ — —_ —
SmolLM2-OpenRewriteEval-1.7B ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
SmolLM2-OpenRewriteEval-360M ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
SmolLM-GSM8K-1.7B 1.000 0.982 0.862 0.719 0.826 0.681 — — — —
SmolLM-GSM8K-360M 0.298 0.066 0.335 0.412 0.449 0.680 — — — —
SmolLM-TruthfulQA-1.7B ~0 = ~0 = B~ ~0 — — — —
SmolLM-Truthful QA-360M ~0 =0 =0 =0 =0 =0 — — — —
SmolLM-OpenRewriteEval-1.7B 1.000 1.000 1.000 1.000 1.000 0.883 0.597 0.179 0.879 1.000
SmolLM-OpenRewriteEval-360M ~ 0.958 0.968 0.872 0.310 0.089 0.003 0.002 =~ 0 0.009 1.000

Table 7: Wilcoxon rank-sum test p-values for the hypothesis Instruct calibrated similarity < Base calibrated
similarity (one-sided, alternative=1ess). Columns denote chunk size (tokens).

Model 50 100 150 200 250 300 350 400 450 500

SmolLM2-1.7B ~0 0.053 0.826 0.424 0.256 0.261 0.061 0.017 0.977 1.000
SmolLM2-360M 0.002 0.051 0.004 ~0 ~0 ~0 ~0 ~0 ~ 0 1.000

SmolLM-1.7B 0.133 ~0 ~0 ~0 ~0 ~0 ~0 ~0 0.911 0.755
SmolLM-360M 0.002 ~0 =0 =0 =~0 =0 =0 =0 0.08 0.995

Table 8: Wilcoxon rank-sum test p-values for Instruct calibrated similarity < Base calibrated similarity (one-sided)
on the Dolma benchmark (unprompted generation, no context). Columns denote chunk size (tokens).
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SmolLM2 (no context) SmolL.M2 (with context)
Model 450 vs. 250 250 vs. 50 Model 450 vs. 250 250 vs. 50
1.7B-Base ~0 ~0 1.7B-Base- W/Context ~0 0.078
1.7B-Inst ~0 ~0 1.7B-Inst- W/Context ~0 0.090
360M-Base ~0 ~0 360M-Base- W/Context ~0 0.147
360M-Inst ~0 ~0 360M-Inst- W/Context ~0 0.258
human-Base 0.213 0.475 human-Base- W/Context 0.196 0.454

SmolLM (no context) SmolLM (with context)
Model 450 vs. 250 250 vs. 50 Model 450 vs. 250 250 vs. 50
1.7B-Base ~0 ~0 1.7B-Base- W/Context ~0 0.187
1.7B-Inst ~0 ~0 1.7B-Inst- W/Context ~0 ~0
360M-Base ~0 ~0 360M-Base- W/Context ~0 0.036
360M-Inst ~0 ~0 360M-Inst- W/Context ~0 ~0
human-Base 0.213 0.475 human-Base- W/Context 0.196 0.454

Table 9: Wilcoxon rank-sum test p-values for the hypothesis longer-chunk calibrated similarity < shorter-chunk
calibrated similarity (one-sided) on Dolma. A significant result supports Observation 3 (novelty increases with
generation length).

Model 50 100 150 200 250 300 350 400 450 500
1.7B-Base ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
1.7B-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
360M-Base ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
360M-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
human-Base 0.580 0.159 0.302 0.202 0.527 0.428 0.605 0.399 0.532 0.516

Table 10: Wilcoxon rank-sum test p-values for the hypothesis prompted calibrated similarity < unprompted
calibrated similarity (one-sided, alternative=1ess) on the Dolma benchmark (SmolLM). Columns denote chunk
size (tokens).

Model 50 100 150 200 250 300 350 400 450 500
1.7B-Base ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
1.7B-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
360M-Base ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0 ~0
360M-Inst ~0 ~0 ~0 ~0 ~0 ~0 ~0 0.517 0.029 ~0
human-Base 0.580 0.159 0.302 0.202 0.527 0.428 0.605 0.399 0.532 0.516

Table 11: Wilcoxon rank-sum test p-values for the hypothesis prompted calibrated similarity < unprompted
calibrated similarity (one-sided, alternative=1ess) on the Dolma benchmark (SmolLLM2). Columns denote chunk
size (tokens).
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