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Abstract

Supervised fine-tuning (SFT) is a core stage
in post-training general-purpose language mod-
els, but modern SFT training corpora are often
large, heterogeneous mixtures, making data se-
lection important under fixed token budgets.
Simple ranking approaches can be informa-
tive yet insufficient: ranking alone does not
determine how to allocate a fixed token budget
across examples. We study the role-specific
use of likelihood-derived signals for token-
budgeted subset construction. An external
instruction-tuned reference model computes
response-side negative log-likelihood scores to
rank training examples. We then combine this
ranking with base model likelihood filtering
to restrict the candidate region and response-
side cosine filtering to reduce redundancy in
the selected subset. In the OLMo fine-tuning
setting studied here, ranking examples only
by reference-model likelihood underperforms
the random baseline, whereas the same rank-
ing becomes more effective when combined
with base model likelihood filtering and cosine-
based redundancy control. Our results support
viewing token-budgeted SFT data selection as
a budget-allocation problem rather than only as
an example-ranking problem.

1 Introduction

Post-training has become a central stage in building
general-purpose language models. Recent model
releases such as Llama 3 and Qwen 3 commonly
provide instruct models alongside base models.
Open post-training efforts such as Tulu 3 further
make this process more reproducible by releas-
ing training data, code, recipes, and evaluation
tools. Together, these trends highlight the practical
importance of post-training in modern language-
model development (Ouyang et al., 2022; Llama
Team, 2024; Yang et al., 2025; Lambert et al.,
2025). Among these stages, supervised fine-tuning

(SFT) teaches a pretrained model to follow instruc-
tions and often serves as the starting point for later
alignment stages. Prior work has also shown that
SFT effectiveness depends strongly on the quality,
style, and construction of the training data (Zhou
et al., 2023a; Zhao et al., 2026). Therefore, as SFT
datasets have grown from small curated collections
to large heterogeneous mixtures, training on all
available examples becomes increasingly expen-
sive and is not always desirable.

This motivates the following SFT data selection
problem: given a large candidate pool, how can we
construct a compact subset that preserves the utility
of full-data SFT under a fixed token budget?

For SFT, negative log-likelihood (NLL)-based
scores are appealing because they are easy to com-
pute, require no additional annotation, and are di-
rectly tied to the supervised training objective. A
natural approach is therefore to score each exam-
ple, sort the data pool, and allocate the token bud-
get to the highest-ranked examples. However, re-
cent studies show that such score-based selection
does not consistently outperform randomly selected
subsets across data pools, budgets, and evaluation
settings (Diddee and Ippolito, 2025; Ivison et al.,
2025; Xia et al., 2025). A plausible explanation
is that a single ranking score does not control the
composition of the final subset. Random selection
can preserve diversity in the original mixture data
pool, while top-ranked examples can be redundant
or biased toward particular formats and response
styles. Thus, NLL scores may be informative, but
using them only as standalone ranking scores is
insufficient for token-budgeted subset construction.
This motivates our central question: How should
NLL scores be used to construct, from a large in-
struction mixture data pool, a compact SFT subset
that maintains performance on held-out evaluation
under a fixed token budget?

We study this question by assigning different sig-
nals to different roles in subset construction. Fig-
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Figure 1: Overview of our role-separated framework.

ure 1 illustrates our role-separated framework. The
base model is the pretrained model that we ulti-
mately fine-tune, and the reference model is a sepa-
rate instruction-tuned model used only for scoring
examples. We use these two models for different
purposes. In our experiments, these two models
come from different model families and have dif-
ferent scales. The external instruction-tuned refer-
ence model provides a complementary instruction-
following view of the data, while the pretrained
base model measures how each example appears to
the model that will actually be fine-tuned.

Our method starts by using the reference model
to compute response-side NLL scores. We refer
to these scores as RefNLL scores and use them to
rank the examples. This ranking gives the greedy
selection procedure a preference over which exam-
ples should be considered earlier. Next, the base
model computes NLL scores for all the examples,
which we refer to as BaseNLL. We use these scores
to restrict the eligible candidate region. A very low
BaseNLL score indicates that the response is al-
ready easy to predict, whereas very high BaseNLL
indicates that the response is highly unexpected for
the base model. Finally, response-side cosine filter-
ing is applied greedily along the ranked list to avoid
adding examples that are too similar to examples
already selected. In this way, likelihood-derived
signals are used for prioritization and compatibil-
ity control, while an embedding-based similarity
signal is used for redundancy control.

Our experimental results show that RefNLL
ranking alone can perform worse than random se-
lection. When combined with the BaseNLL range
filter and cosine filtering, RefNLL ranking yields
compact subsets that preserve much of the utility
of full-data training.

Our contributions are:

¢ We revisit likelihood-based SFT data selection

in a large heterogeneous instruction mixture.

* We propose and analyze a role-separated
subset-construction strategy that combines
RefNLL ranking, BaseNLL filtering, and
response-side cosine filtering.

* We evaluate the full role-separated configu-
ration and perform component ablations to
isolate the contributions of compatibility and
redundancy control under a fixed token bud-
get.

2 Related Work

2.1 Supervised Fine-Tuning

Supervised fine-tuning (SFT) adapts a pretrained
language model to follow human instructions by
training on paired examples, and has become a stan-
dard stage in modern LLM training pipelines (Wei
et al., 2022; Ouyang et al., 2022). Recent model re-
leases, including Llama 3 and Qwen 3, increasingly
include supervised fine-tuned or instruction-tuned
variants alongside the base models. At the same
time, open post-training efforts such as Tulu 3 orga-
nize SFT as part of a broader pipeline connecting
data construction, fine-tuning, alignment, and eval-
uation (Llama Team, 2024; Yang et al., 2025; Lam-
bert et al., 2025). In such practical post-training
pipelines, the SFT data pool is often large and het-
erogeneous. Training on all available examples
can therefore be costly and may not be the most
efficient use of the SFT budget. This motivates
SFT data selection: selecting a compact subset that
preserves most of the utility of full-data SFT under
a small budget (Xia et al., 2025; Zhao et al., 2026).

2.2 SFT Data Selection

Classical data selection often scores examples by
how well they match a target distribution, with
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cross-entropy-difference methods being a represen-
tative approach in domain adaptation (Moore and
Lewis, 2010; Axelrod et al., 2011). A complemen-
tary concern is redundancy: high-scoring examples
may provide overlapping information, so construct-
ing a representative subset also needs to consider
coverage and non-redundancy (Lee et al., 2022;
Suzuki et al., 2023).

Recent works on SFT data selection for large
language models extend these ideas in several di-
rections. Small-data studies such as LIMA and
LIMO emphasize the effectiveness of carefully cu-
rated examples (Zhou et al., 2023a; Ye et al., 2025).
Automatic methods such as LESS, SelectIT, ROSE,
and D3 explore various data selection paradigms in-
cluding influence-based, uncertainty-based, reward-
oriented, and multi-criterion (Xia et al., 2024; Liu
et al., 2024; Wu et al., 2025; Zhang et al., 2025a).
However, large-scale studies show that such strate-
gies do not consistently outperform random selec-
tion (Xia et al., 2025; Diddee and Ippolito, 2025;
Ivison et al., 2025). Motivated by prior work, we
study how NLL scoring and redundancy control
can be combined for SFT subset construction.

3 Method

Let D = {z;}¥, be an SFT data pool, where each
example z; = (x;,y;) consists of an instruction-
side context z; and an assistant response y;. Given
a pretrained base model Fj, our goal is to select
a subset () C D under a reduced token budget
while maintaining SFT performance for Fy. @) is
constructed under a token budget B, which counts
all training tokens after applying the chat template,
including both the instruction-side context and the
assistant response. Therefore, the selected subset

must satisfy
Z c(z) < B,
zeQ

where ¢(z) denotes the number of tokens in the
serialized training example z.

As illustrated in Figure 1, our role-separated
framework consists of three components. Exam-
ples are ranked by the prioritization component.
Next, extreme examples are filtered out by the com-
patibility control component. We identify priori-
tized eligible examples jointly through these two
stages. Finally, with redundancy control, we re-
move similar examples to preserve the diversity of
the subset.

3.1 Prioritization

To rank the examples, the prioritization component
produces ranking signals based on negative log-
likelihood (NLL) scores. For a causal language
model M, we define the supervised-token average
NLL of z; as

1 M M
Oulz) = —r D —logpar(wly! [ w)),
RO
where wEM) is the full token sequence obtained by

applying the chat template associated with model
M and tokenizing with the tokenizer of the model
M, and YZ-(M) denotes the assistant-response token
positions that contribute to the SFT loss. Equiv-
alently, these are the token positions over which
we compute the supervised-token NLL. Note that
the instruction-side tokens are used as conditioning
context but are not included in the NLL computa-
tion. Unless otherwise stated, all NLL scores in
this paper are computed in this supervised-token
sense.

We refer to F,. as a reference model, and
SRefNLL(2) = ¢F,.(z) is used as the main rank-
ing signal for example z. Given such a ranking
signal, examples are sorted in ascending order of
the ranking signal and traversed sequentially under
the token budget.

Examples assigned lower NLL by the reference
model appear earlier in the ranked list. The intu-
ition is that lower NLL under a reference model
suggests that the response is more predictable for
a model already adapted to instruction-following
behavior, and may therefore provide a more stable
learning signal for the base model during SFT.

To describe both ends of the ranked list induced
by each score, we use fop and tail to denote its
beginning and end, respectively. In the following
subsections, we focus primarily on the top ranking
and study how to use it to construct a more effective
token-budgeted subset.

3.2 Compatibility Control

We instantiate compatibility control as a BaseNLL
range filter. While the reference model determines
which examples are prioritized, we use the base
model to determine example compatibility for SFT.
Extremely high-NLL examples may be too difficult,
noisy, or mismatched for the base model under
a limited token budget, whereas extremely low-
NLL examples may already be too easy to provide
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Algorithm 1 Greedy response-side cosine filtering

Require: Ranked candidate list L, token budget
B, cosine threshold +, token cost ¢(z), normal-
ized response-side embedding e(z) for each
example z

Ensure: Selected subset ()

I Q<+ 0
22T+ 0
3: for each example z € L do

4 if T + c¢(z) > B then
5 continue

6: end if

7 if Q = () then

8 Q<+ QuU{z}

9: T+ T+c(z)

10: continue

11: end if

12: m < max,¢q cos(e(z), e(z’))
13: if m < ~ then

14: Q<+ QuU{z}

15: T+ T+ c(z)

16: end if

17: if T' > B then

18: break

19: end if
20: end for
21: return @)

substantial marginal learning signal. We do not
assume that extreme examples are globally harmful
or low-quality; rather, we test whether excluding
such extremes improves subset utility when only
a limited number of tokens can be selected. The
eligibility of examples is model-specific; thus we
use {, to define the extremity thresholds. Given
lower and upper thresholds 7; and 7,,, we define the
eligible set &7, -, as

Erme ={2€D: 1 <Ulp(2) <714}

Examples outside the range are removed, and only
eligible examples are added to ) when they do not
exceed the token budget.

In the two-sided setting, we filter out examples
with extremely high or extremely low BaseNLL.
To isolate the effect of each tail, we also evaluate
one-sided variants by setting 7, = —o0 or 7, = 0.

3.3 Redundancy Control

We finally introduce the third component of our
role-separated framework: the response-side co-
sine filter. After the NLL-based ranking and range

filtering, the selected subset can still contain many
semantically or stylistically similar responses, caus-
ing the token budget to be spent on redundant ex-
amples. To address this, we apply a greedy filter
based on cosine similarity between response-side
embeddings. We use response-side embeddings
mainly because the SFT loss is computed over
response tokens, which are a more direct source
of the parameter-update signal during fine-tuning.
Instruction-side tokens serve as conditioning con-
text but are not included in the loss, so response-
side similarity is intended to better reflect redun-
dancy in the supervised training signal.

For each example z;, we use a normalized
response-side embedding e(z;). Given a cosine-
similarity threshold -, the filter is applied greedily
during traversal of the ranked candidate list. Start-
ing from an empty selected subset (), we first add
the highest-ranked candidate to ). Then we pro-
cess the remaining examples according to the given
rank. A candidate example z; is added to () only
if its maximum cosine similarity to the examples
already selected is below ~:

max cos(e(z), e(z;)) < 7.
Z;€EQ
The traversal continues until the token budget
is reached or the candidate list is exhausted. This
filter preserves the original rank while preventing
newly accepted examples from being too similar
to the current selected subset. The details are ex-
plained in Algorithm 1.
We apply this filter either directly after the NLL-
based ranking or after the BaseNLL range filter.

4 Experiments

4.1 Experimental Setup

Data and budget. We use the Tulu-3 OLMo-2
SFT mixture as our main SFT data pool (Walsh
et al., 2025)!. After preprocessing, the pool con-
tains 578.7M serialized training tokens, including
351.6M supervised response tokens. Unless other-
wise stated, subsets are constructed under a 10%
total-training-token budget, corresponding to ap-
proximately 57.9M serialized training tokens. The
budget is counted after applying the SFT chat tem-
plate and includes both instruction-side context and
assistant-response tokens; therefore, different selec-
tion rules can yield different numbers of examples
and supervised response tokens.

'allenai/tulu-3-sft-olmo-2-mixture-0225.
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Models and scoring. We use OLMo-3-1025-
7B (Team OLMo et al., 2025)> as the base
model to be fine-tuned and to compute BaseNLL
¢r, (%), which serves as the compatibility signal
for range filtering. RefNLL /g (z) is computed
with the separate instruction-tuned reference model
Qwen/Qwen3.5-0.8B (Qwen Team, 2026), which
is used only for scoring and ranking examples. All
NLL scores are computed over supervised assistant-
response tokens, following Section 3. For data
preprocessing and BaseNLL computation, we use
the OLMo-3-1025-7B tokenizer with the chat tem-
plate from allenai/Olmo-3-7B-Instruct-SFT.
For RefNLL computation, we use the reference
model’s native tokenizer and chat template.

Embeddings. For cosine filtering, we use
Qwen/Qwen3-Embedding-4B as the embedding
model (Zhang et al., 2025b). For each training
example, we extract all non-empty assistant mes-
sages and encode each assistant turn independently.
Each assistant turn is truncated to at most 4096
tokens, and the total assistant-side token budget
per example is limited to 32768 tokens. We aver-
age the retained turn-level embeddings to obtain
one response-side example embedding, and L2-
normalize it before computing cosine similarities.
These embeddings are used in the greedy filtering
procedure in Algorithm 1. The ranked candidate
list L can be either the RefNLL top ranking di-
rectly or the RefNLL top ranking after applying the
BaseNLL range filter.

Training. The base model is fine-tuned on the
selected subsets using the Open-Instruct SFT
pipeline (Wang et al., 2023).% All runs use the same
training recipe and differ only in the selected train-
ing subset. Training is conducted for two epochs
with a learning rate of 2 x 10~°, a linear learning-
rate scheduler, a warmup ratio of 0.03, and a max-
imum sequence length of 4096 tokens. We use
bf16 mixed precision, DeepSpeed ZeRO-3, flash
attention, and gradient checkpointing on 4 H100
GPUs. The per-device training batch size is 4, with
8 gradient accumulation steps. The training seed is
fixed to 8 for all main experiments.

Evaluation. Evaluation is conducted with
OLMES, a documented standard for repro-
ducible language-model evaluation* (Gu et al.,

2allenai/Olmo-3-1025-7B.
3https ://github.com/allenai/open-instruct.
*https://github.com/allenai/olmes.

Ranking Range Filter Similarity Filter Dev Test
Random - - 53.61 51.92
RefNLL - - 52.41 50.73
Random lr, < 3.0 v =0.85 54.22 52.08
RefNLL lr, <3.0 v =0.85 54.32 53.02
Full-data reference

Full-data SFT - - 55.20 53.32

Table 1: Main results under the 10% total-training-token
budget. The combined filter configuration is selected
based on development performance, and the correspond-
ing test results are reported without further configuration
selection. The filtered Random row is a matched control
using the same filter configurations. The unfiltered Ran-
dom row is averaged over three data-selection seeds.

2025). We evaluate the performance on eight
benchmarks covering instruction following,
reasoning, knowledge, reading comprehension,
and truthfulness. Specifically, IFEval evaluates
instruction-following ability (Zhou et al., 2023b);
BBH evaluates challenging reasoning tasks
(Suzgun et al., 2023); DROP evaluates reading
comprehension with discrete reasoning over
paragraphs (Dua et al., 2019); MMLU evaluates
broad multitask knowledge and problem-solving
ability (Hendrycks et al., 2021a); GSM8K (Cobbe
et al., 2021) and MATH (Hendrycks et al., 2021b)
evaluate mathematical reasoning, with MATH
evaluated using the Minerva-style OLMES configu-
ration (Lewkowycz et al., 2022); PopQA evaluates
factual knowledge, especially long-tail entity
knowledge (Mallen et al., 2023); and Truthful QA
evaluates whether models produce truthful answers
rather than imitating common falsehoods (Lin
et al., 2022). All tasks are evaluated using macro
scores. We report the OLMES macro-aggregated
primary score across the eight tasks as the final
result. We use separate development and test sets
for configuration selection and final evaluation,
respectively. Details of the benchmark-specific
split construction are provided in Appendix A.2.

The base model is evaluated with the same to-
kenizer and chat template used for SFT to avoid
prompt-format mismatch.

4.2 Main Results

Table 1 reports the main results under the 10%
total-training-token budget. The unfiltered random
baseline remains a strong baseline: on the devel-
opment sets, it achieves a macro score of 53.61,
compared with 52.41 for direct RefNLL ranking.
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The same tendency is observed on the held-out test
sets, where RefNLL ranking also underperforms
random selection. This is consistent with recent
observations that instruction data selection meth-
ods can struggle to consistently outperform random
baselines across settings.

RefNLL ranking alone is informative but insuf-
ficient. The RefNLL top-ranked subset performs
better than the corresponding tail-ranked subset,
but still falls below random selection. This sug-
gests that RefNLL captures useful prioritization
information, while ranking alone does not define
an effective token-budgeted subset.

We next consider the full role-separated configu-
ration, which combines RefNLL prioritization with
BaseNLL compatibility control and response-side
cosine redundancy control. Based on development
performance, we select £, < 3.0 with v = 0.85.
This configuration reaches a development macro
score of 54.32, improving over both direct RefNLL
ranking and the unfiltered random baseline. The
same configuration obtains a test macro score of
53.02, compared with 51.92 for random selection
and 50.73 for direct RefNLL ranking. It also nu-
merically exceeds the matched random control us-
ing the same filters, while approaching the 53.32
obtained by full-data SFT. Thus, the combination
of prioritization, compatibility control, and redun-
dancy control improves token-budgeted subset con-
struction while using only 10% of the full training-
token budget.

To better understand the contribution of the two
control mechanisms, we next conduct component
ablations in Section 5. These analyses examine
whether compatibility control and redundancy con-
trol each contribute to the improvement over direct
RefNLL ranking.

5 Analysis

The main results show that RefNLL provides a
meaningful ranking, but the RefNLL top rank alone
is not sufficient to form an effective subset under
a token budget. We now analyze how each com-
ponent of the role-separated subset construction
framework contributes to the final performance.

5.1 Ranking-only selection

Before analyzing the effects of range filtering and
redundancy filtering, we first examine whether
likelihood-derived rankings are sufficient by them-
selves. Besides sgefnLL(2), we also evaluate two

Ranking Signal Order Dev Macro
Random avg. - 53.61
NLLDiff (same-model) tail 52.89
top 52.63
NLLD:iff (cross-model) tail 50.79
top 44.84
ReINLLDiff (cross-model) tail 50.51
top 51.67
RefNLL tail 51.13
top 52.41

Table 2: Ranking-only selection under the 10% total-
training-token budget. For the same-model variant, both
NLL terms are computed with the same model before
and after instruction tuning. For the cross-model vari-
ant, the reference model is an external instruction-tuned
model, different from the base model.

NLL-difference-based scores as ranking signals:
sNLLDiff (2) = LR, (2) — £F,(2),

lry(2) — lr.(2)
ng(Z)

where F} denotes the base model. syr.pig mea-
sures the unnormalized NLL difference from the
base model to the reference model, and sgreINLLDifF
refers to the relative difference. Examples with
larger differences are ranked higher under both
NLL-difference-based scores. The intuition is that
a larger difference suggests that the example may
be difficult for the base model but more predictable
for the reference model, and may therefore be more
informative under a limited SFT budget.

These two ranking signals serve two purposes in
our study. First, they test whether cross-entropy-
difference-style scores remain useful in our large-
scale SFT setting. Second, they provide candidate
traversal ranks on top of which more structured
subset-construction rules can be applied.

Table 2 compares several ranking-only selec-
tions under the same 10% total-training-token bud-
get. We include NLLDiff scores inspired by cross-
entropy-difference data selection, where the score
measures the difference in supervised-token NLL
from the base model to a reference model. In the
same-model variant, the reference model is the base
model after full-data SFT; in the cross-model vari-
ant, the reference model is an external instruction-
tuned model. We also evaluate ReINLLDiff, which
normalizes this difference by BaseNLL.

The same-model NLLDiff setting is useful as a
diagnostic baseline, because it measures how much

SReINLLDiff (2) =
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Ranking Range Filter Dev Macro
Random avg. - 53.61
RefNLL - 5241
RefNLL 0.05 < {r, <3.0 54.24
0.20 </{p, < 3.0 53.81
RefNLL lr, >0.20 51.53
lp, <25 53.58
lr, <3.0 54.24
lr, <4.0 53.81

Table 3: Effect of BaseNLL range filtering under the
10% total-training-token budget. Performance is re-
ported for both one-sided and two-sided range filters.

a model trained on the full pool reduces loss on
each example. However, it is less useful as a prac-
tical selection method, since it requires a model
fine-tuned on the full data pool before selection.
Cross-model NLLDiff avoids this circularity by
using an external reference model, but it can in-
troduce calibration issues because the two NLLs
are computed by different models and potentially
different tokenizers. RefNLL avoids taking a di-
rect cross-model difference and uses the external
reference model only to define a ranking.

The results show that none of the ranking-
only variants clearly outperforms random selec-
tion. Among the practical variants, RefNLL gives
the highest ranking-only score: under the 10%
total-training-token budget, RefNLL Top exceeds
RefNLL Tail, but still falls below the average ran-
dom baseline. We therefore use RefNLL as the
main ranking signal in the rest of the analysis, and
treat the conversion from this ranking into a token-
budgeted subset as a separate problem.

5.2 Effect of BaseNLL Range Filtering

We next analyze the effect of BaseNLL range fil-
tering. Table 3 reports variants that keep the same
ascending RefNLL rank but restrict the eligible ex-
amples by their BaseNLL /. We consider both
one-sided filters, which remove only one extreme
of the BaseNLL distribution, and two-sided filters,
which restrict the candidate pool to a moderate
BaseNLL range.

The thresholds are chosen from the empirical dis-
tribution of ¢, in the full data pool. For example,
the upper tail of the distribution is around /f, ~ 3,
so we use £, < 3.0 as a natural starting point for
excluding very high-NLL examples. We use ab-
solute NLL thresholds rather than fixed-percentile
removal because our goal is not to discard a fixed

Score pl  p5 plO p25 p50 p75 p90 p9s

BaseNLL 0.15 0.21 0.25 0.39 0.88 1.45 2.23 3.13

Table 4: Empirical distribution of supervised-token av-
erage NLL scores on the SFT data pool. P denotes the
k-th percentile. These statistics motivate the absolute
BaseNLL thresholds used in Table 3, such as {5, ~ 0.2
near the lower tail and {5, ~ 3.0 near the upper tail.

Ranking Similarity Filter Dev Macro
Random avg. - 53.61
RefNLL - 5241
RefNLL v =0.80 54.19

v =0.85 53.93

v =0.90 53.98

v =0.95 54.19

Table 5: Effect of response-side cosine filtering under
the 10% total-training-token budget across various simi-
larity thresholds ~.

amount of data, but to identify candidate regions
that appear useful under a compact token budget.

The results of one-sided range filtering suggest
that retaining the high-NLL tail is more harmful
than retaining the low-NLL tail in this setting. Fil-
tering high-NLL examples improves the develop-
ment macro score of direct RefNLL ranking from
52.41 to 53.58, 54.24, and 53.81 with upper thresh-
olds of /r, < 2.5, ¢p, < 3.0, and {f, < 4.0, re-
spectively. In contrast, filtering only very low-NLL
examples with £, > 0.20 decreases performance
to 51.53. This suggests that very high BaseNLL ex-
amples are less cost-effective under the 10% total-
training-token budget, while low-BaseNLL exam-
ples are not simply useless or harmful.

The reported two-sided ranges show a similar
tendency. The range 0.05 < /5, < 3.0 reaches a
development macro score of 54.24, while 0.20 <
{F, < 3.0 reaches 53.81, both improving over di-
rect RefNLL ranking at 52.41.

Overall, these results indicate that restricting the
candidate pool by BaseNLL can improve RefNLL-
based subset construction, supporting its role as
a compatibility-control mechanism in our frame-
work.

5.3 Effect of Redundancy Filtering

We then examine whether direct RefNLL rank-
ing suffers from redundancy in the selected sub-
set. Since SFT loss is computed over assistant re-
sponses, we measure similarity using embeddings
of the response side of each example rather than the
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Ranking Range Filter Sim. Filter Dev Macro
Random avg. - - 53.61
RefNLL - - 5241
Random lp, < 3.0 v =0.85 54.22
RefNLL lp, <30 ~=0.80 54.16
lrp, <30 =085 54.32
lp, <30 =090 53.76
lrp, <30 =095 53.72

Table 6: Combined effect of BaseNLL range filtering
and response-side cosine filtering under the 10% total-
training-token budget.

full instruction—response sequence. During traver-
sal of the RefNLL ranking, an example is dropped
if its response embedding is too similar to any al-
ready selected example.

Table 5 shows that response-side cosine filtering
consistently improves over RefNLL-only selection.
The macro score of direct RefNLL ranking reaches
52.41, while all tested cosine-filtering variants im-
prove the score to 53.93-54.19. The improvement
from cosine filtering indicates that redundancy con-
trol can make the RefNLL ranking more effective
for token-budgeted subset construction.

This observation complements the BaseNLL
analysis, which likewise shows that the RefNLL
ranking benefits from additional control during sub-
set construction. Cosine filtering does not change
the ranking or introduce a new utility score; it
changes how the ranked list is converted into a sub-
set. Thus, the effectiveness of the RefNLL ranking
depends not only on the ordering of examples but
also on how the token budget is allocated during
traversal.

5.4 Combining Range and Redundancy
Constraints

After analyzing BaseNLL range filtering and
response-side cosine filtering separately, we further
examine their combined use. Table 6 reports the
results of applying both filters during traversal of
the same RefNLL ranking. The reported combined
variants remain consistently strong, achieving de-
velopment macro scores of 53.72—-54.32, and all
outperform direct RefNLL ranking at 52.41.
Among the reported combined configurations,
¢, < 3.0 with v = 0.85 achieves the highest de-
velopment macro score of 54.32 and is therefore
used as the full configuration in our main evalua-
tion. Its gain over the corresponding standalone
range-filter setting (54.24) and cosine-filter setting

56.00

Full Data

55.00

54.00

53.00

52.00

OLMES Macro Score

51.00

Base Model

50.00
0.1 1 10 100

Training-token budget (% of full data)

Figure 2: The OLMES macro performance on the de-
velopment set under random selection across different
total-training-token budgets. Reduced-budget results are
averaged over three data-selection seeds. The pretrained
base model and full-data SFT model are included as
reference points.

(53.93) is modest, suggesting that the two controls
are useful but not simply additive. Once the can-
didate region is restricted by BaseNLL, the redun-
dancy structure encountered by the RefNLL traver-
sal also changes; conversely, cosine filtering can
change which BaseNLL regions are actually se-
lected under the token budget.

On the test sets, this development-selected full
configuration reaches 53.02, outperforming both
the unfiltered random baseline at 51.92 and the
matched random control at 52.08, while approach-
ing full-data SFT at 53.32 (Table 1). These re-
sults reinforce the main conclusion of our analy-
sis: likelihood-derived ranking is useful, but its
effectiveness depends on how the ranked list is con-
strained and traversed.

5.5 Effect of Training-Token Budget

To further examine how random-selection perfor-
mance changes with the available training budget,
we conduct an additional budget-scaling analysis
using random subsets at 0.1%, 1%, 10%, 30%, and
50% of the full-data token budget.

For each reduced-budget setting, we report the
average over three random data-selection seeds.
The pretrained base model and full-data SFT model
are included as reference points. This analysis is
intended to characterize the overall trend with re-
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spect to training-token budget rather than to com-
pare individual budget settings against the main
experiments.

As shown in Figure 2, random-selection perfor-
mance generally improves as more training tokens
become available. The improvement is particularly
pronounced in the low-budget regime, while the
gains become smaller at larger budgets as perfor-
mance approaches full-data SFT. Overall, random-
selection performance increases with the available
training-token budget in this setting.

5.6 Subset Size and Training Cost

A fixed token budget does not imply a fixed number
of training examples. Under the 10% total-training-
token budget, the random subsets contain approx-
imately 86.1K examples on average, whereas the
development-selected full-method subset contains
58.3K examples, despite both containing approx-
imately 57.87M serialized training tokens. Corre-
spondingly, the average example length increases
from approximately 672 tokens for random selec-
tion to 993 tokens for the selected subset. The
selected subset also contains a larger proportion of
supervised response tokens (64.6% versus 60.7%).

This difference in subset composition also af-
fects SFT training cost under our example-based
batching setup. For reference, full-data SFT re-
quires 13,466 optimization steps and approximately
44.5 hours of training. Under the 10% token budget,
the random subsets require 1,340-1,356 optimiza-
tion steps and approximately 4.4—4.5 hours of train-
ing, whereas the selected subset requires 912 steps
and approximately 2.5 hours. These measurements
cover SFT training only and do not include the
offline scoring and subset-construction costs. De-
tailed subset statistics are provided in Appendix B.

6 Conclusion

This work revisits SFT data selection from the
perspective of token-budgeted subset construction.
Within the studied OLMo setting, we observe the
strong performance of the random baseline. We
apply an NLL-based ranking method, and the re-
sults suggest that the NLL rankings are informative
but limited: direct top-ranked selection according
to the RefNLL score underperforms the average
random baseline.

To address this limitation, we proposed range
filtering and similarity filtering from the perspec-
tives of compatibility control and redundancy con-

trol. The experimental results show that these fil-
ters improve RefNLL-based token-budgeted subset
construction in the studied OLMo setting. These
results suggest that likelihood-derived signals are
useful for prioritization and compatibility control,
while embedding-based similarity provides com-
plementary redundancy control.

The specific filters explored in this study are not
intended to exhaust all possible instantiations of
the role-separated framework. BaseNLL range fil-
tering is one way to control base model suitability,
and response-side cosine filtering is one way to
control redundancy. Other views could be incorpo-
rated into the same framework, and we leave such
extensions to future work.

Limitations

Our experiments are limited to the OLMo ecosys-
tem, so the generality of the observed trends should
be further tested on other model families and in-
struction mixtures. Most non-random selection
results are reported from a single training run, so
small differences among top-performing variants
should not be interpreted as statistically significant.
The 10% subset does not clearly surpass full-data
training, suggesting room for stronger subset con-
struction methods. The additional budget-scaling
analysis in Section 5.5 considers random selection
only; systematically evaluating the proposed selec-
tion strategy across multiple token budgets remains
future work.
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Item Value
Base model allenai/Olmo-3-1025-7B
Tokenizer allenai/Olmo-3-1025-7B

Training pipeline Open-Instruct SFT pipeline

Mixed precision bf16
Distributed training DeepSpeed ZeRO-3
Number of GPUs 4 H100 GPUs

Maximum sequence length 4096
Per-device train batch size 4
Gradient accumulation steps 8

Learning rate 2x107°
Learning-rate scheduler Linear
Warmup ratio 0.03
Weight decay 0.0
Number of training epochs 2
Training seed 8

Chat template olmo
Flash attention Enabled
Gradient checkpointing Enabled

Table 7: Training configuration used for the SFT experi-
ments.

Benchmark OLMES task configuration
IFEval ifeval::tulu

BBH bbh:cot-v1::olmes

DROP drop::1lama3

MMLU mmlu:cot::summarize
GSM8K gsm8k: : tulu

MATH minerva_math::tulu
PopQA popga: : tulu

TruthfulQA  truthfulga::olmo1l

Table 8: OLMES task configurations used for evalua-
tion.

A Experimental Details

A.1 Training Configuration

All SFT experiments are initialized from
allenai/0lmo-3-1025-7B, and use the corre-
sponding tokenizer. Unless otherwise stated,
all runs use the same training configuration and
differ only in the selected training subset. Table 7
summarizes the main training hyperparameters.

A.2 Evaluation Protocol

All checkpoints are evaluated with the same
OLMES configuration. We compute mean macro
score over the eight benchmark scores. Table 8 lists
the OLMES task configurations. We use separate
development and test sets for configuration selec-
tion and final evaluation, respectively. Table 11
summarizes the benchmark-specific split construc-
tion.

A.3 Artifact Licenses

We use publicly available artifacts in accordance
with their associated licenses and terms of use.
The SFT data pool is the Tulu-3 OLMo-2 SFT

Item Value
Initial instances 866,138
Final instances 861,749
Filtered instances 4,389
Total training tokens 578,700,922
Trainable response tokens 351,557,528
Average tokens per instance 671.5

Table 9: Statistics of the full Tulu-3 OLMo-2 SFT mix-
ture after preprocessing.

Subset Examples Total Tok. Train Tok.
Random, seed 6  85.6K 57.87TM  35.18M
Random, seed 8 86.7K  57.87M  35.13M
Random, seed 42 86.0K 57.87TM  35.14M
Full method 583K 57.87TM  37.40M

Table 10: Dataset statistics for representative 10%
total-training-token budget subsets. "Train Tok." de-
notes trainable response tokens. "Full method" denotes
RefNLL ranking with £z, < 3.0 and cosine filtering
with v = 0.85.

mixture, the base model is OLMo-3-1025-7B, and
the reference and embedding models are from the
Qwen family. We also use the Open-Instruct SFT
pipeline and OLMES evaluation framework. We
refer users to the corresponding model, dataset, and
code repositories for the detailed license and usage
terms.

B Data Statistics
B.1 Full Data

Table 9 reports the post-processing statistics of the
full Tulu-3 OLMo-2 SFT mixture used as the SFT
data pool.

B.2 Selected Subsets

All token-budgeted subsets in the main experiments
are constructed under a 10% total-training-token
budget, corresponding to approximately 57.9M se-
rialized training tokens. Because the budget is de-
fined over total serialized tokens rather than the
number of examples, different selection rules can
result in different numbers of selected examples
and different amounts of trainable response tokens.

C Development-Set Per-Benchmark
Results

Table 12 reports development-set per-benchmark
results for the RefNLL-based selection experiments
and component ablations.
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Benchmark Development Test

Official splits

DROP Official train split Official validation split

MMLU Official validation split Official test split

MATH Official train split Official test split

GSMSK Official train split Official test split

Constructed splits

IFEval The official train split is divided approximately equally into development and test sets.

PopQA The data are divided approximately equally based on prob_id, while samples sharing the
same subj_id are kept in the same split.

Truthful QA Samples are divided approximately equally within each category to keep the category
distributions balanced across the two splits.

BBH Each of the 27 subtasks is divided approximately equally, and the resulting halves are

combined into development and test sets.

Table 11: Development/test split construction used for configuration selection and final evaluation. Official splits
are reused where appropriate; otherwise, benchmark-specific split rules are applied.

Model / setting IFEval BBH DROP MMLU GSMSK MATH PopQA TruthfulQA Dev Macro
Reference results

Base model 37.04 40.35 62.51 64.53 83.58 40.57 21.52 55.54 50.70
Full-data SFT 68.15 39.71 60.80 64.89 86.03 48.40 19.76 53.88 55.20
Random baseline variance

Random, seed 6 61.48 40.35 62.28 64.29 8132 47.16 21.81 54.03 54.09
Random, seed 8 54.07 39.32 62.20 65.64 81.13 46.44 21.15 52.95 52.86
Random, seed 42 61.48 40.83 61.38 67.05 82.10 4575 21.35 51.17 53.89
Random avg. 59.01 40.16 61.95 65.66 81.52 46.45 21.44 52.72 53.61
Ranking-only baselines

RefNLL(top) 54.07 40.08 62.19 62.66 84.73 46.41 20.78 48.38 52.41
RefNLL(tail) 52.22 4194 5949 64.64 81.69 3991 20.03 49.13 51.13
BaseNLL range filtering

RefNLL(top), 0.05 < /p, < 3.0 64.07 42.14 63.17 6581 83.18 46.08 21.02 48.42 54.24
RefNLL(top), 0.20 < ¢, < 3.0  59.26 42.83 61.84 65.54 85.19 4623 21.20 48.38 53.81
RefNLL(top), {r, < 2.5 59.26 42.17 6291 65.29 8397 4520 20.87 48.98 53.58
RefNLL(top), {r, < 3.0 64.44 4272 6298 64.41 8331 4490 21.50 49.68 54.24
RefNLL(top), {r, < 4.0 59.63 42.69 61.61 6547 84.88 4521 20.39 50.59 53.81
RefNLL(top), £r, > 0.20 54.07 38.49 60.82 5595 8524 4428 20.37 52.98 51.53
Response-side cosine filtering

RefNLL(top), v = 0.80 63.33 43.04 6237 63.22 8492 4627 20.63 49.74 54.19
RefNLL(top), v = 0.85 62.59 43.78 62.47 62.64 84.02 46.27 20.82 48.84 53.93
RefNLL(top), v = 0.90 60.37 42.37 61.77 6595 83.94 46.54 21.21 49.73 53.98
RefNLL(top), v = 0.95 64.81 42.55 62.58 64.97 83.17 46.89 20.37 48.19 54.19
Combined BaseNLL and cosine filtering

Random, ¢F, < 3.0, =0.85 62.47 4098 6243 65.21 81.07 4693 2147 53.17 54.22
RefNLL(top), {r, < 3.0, =0.80 61.48 4297 63.06 63.92 84.12 46.58 2142 49.77 54.16
RefNLL(top), £r, < 3.0,y =0.85 63.70 42.96 62.53 63.63 83.89 46.84 21.00 49.98 54.32
RefNLL(top), {r, < 3.0,y =0.90 58.15 43.39 62.59 63.87 83.86 4641 2135 50.50 53.76
RefNLL(top), £r, < 3.0,y =0.95 57.78 42.61 62.38 6440 84.79 46.78 20.94 50.10 53.72

Table 12: Development-set per-benchmark results. Reduced-data selection rows use the 10% total-training-token
budget; the base model and full-data SFT are included as reference points.
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