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Abstract

Current language model training commonly ap-
plies multi-task Supervised Fine-Tuning (SFT)
using a homogeneous compute budget across
all sub-datasets. This approach is fundamen-
tally sub-optimal: heterogeneous learning dy-
namics cause faster-learning tasks to overfit
early while slower ones remain under-fitted. To
address this, we introduce MSFT, an iterative,
overfitting-aware search algorithm for multi-
task data mixtures. MSFT trains the model
on an active mixture, identifies and excludes
the earliest overfitting sub-dataset, and reverts
to that specific optimal checkpoint before con-
tinuing. Extensive evaluations demonstrate
that MSFT consistently outperforms 4 base-
lines across 10 benchmarks and 6 base mod-
els. Further analysis confirms MSFT maintains
robust gains across diverse dataset sizes, task
granularities, and is insensitive to its single
new hyperparameter (compute budget). No-
tably, at low compute budget, MSFT can im-
prove performance while lowering training
FLOPs. Ultimately, MSFT establishes a practi-
cal overfitting-aware algorithm for multi-task
SFT that maximizes the potential of models
across diverse data mixtures.

) Code

1 Introduction

Since the introduction of transformers (Vaswani
et al., 2017) and scaling laws (Kaplan et al., 2020),
general foundation models trained on diverse data
have overtaken specialized models (Maslej et al.,
2025). These foundation models undertake a multi-
task Supervised Fine-tuning (SFT) stage, where di-
verse sub-datasets are commonly randomly mixed
together (Adler et al., 2024; Hui et al., 2024;
Grattafiori et al., 2024); primarily to avoid forget-
ting from sequential training (Wang et al., 2026a;
Luo et al., 2025). Within this paradigm, practition-
ers follow a well-known approach, identifying the

Method Type Epochs
Magistral (Rastogi et al., 2025) Homogenous 4

OLMo (Groeneveld et al., 2024) Homogenous 3

OLMo 2 (Walsh et al., 2025) Homogenous 2

OLMo 3 (Ettinger et al., 2026)  Homogenous 2
DeepSeek-V3 (Liu et al., 2025) Homogenous 2
DeepSeek-R1 (Guo et al., 2025) Homogenous 2-3
Qwen2.5 (Yang et al., 2025b)  Homogenous 2

Multi-stage 1 (Code) +

Nemotron-4 (Adler et al., 2024)
MSFT (ours)

Homogenous 3 (General)
Heterogeneous Dynamic

Table 1: Status quo. Frontier open-weight models
continue to employ homogeneous SFT, where all sub-
datasets are trained on the same amount of compute.

pre-overfitting optimal training compute (epoch)
given a fixed data size (Vapnik, 1991). This optimal
compute level is determined empirically by allocat-
ing a large amount of compute while saving inter-
mediate checkpoints in memory, then identifying
the checkpoint with the best generalization bench-
mark scores (Prechelt, 1998; Hu and Lei, 2022).

Within this framework, frontier open-weight
models inherently assume that the global opti-
mal compute budget aligns with the optimal com-
pute of each underlying sub-dataset. Consider Tab.
1, where Magistral (Rastogi et al., 2025), OLMo
(Groeneveld et al., 2024; Walsh et al., 2025; Et-
tinger et al., 2026), DeepSeek (Liu et al., 2025;
Guo et al., 2025), and Qwen (Yang et al., 2025b)
family of models identify the final compute-level
homogeneously (i.e., same compute for all sub-
datasets).

We hypothesize that this de facto approach is
sub-optimal as each sub-dataset embody distinct
distributions that lead to different learning and
generalization dynamics. Nemotron (Adler et al.,
2024) demonstrated that their code sub-dataset re-
quired less compute than every other sub-dataset.
Nevertheless, their compute allocation remains
coarse, which we term as "Multi-stage Homoge-
nous" in Tab. 1.
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Figure 1: SFT is compute-light. Using OLMo 2 as an
example, SFT is relatively compute-light, and therefore
additional compute usage at this stage is negligible.

Although empirically searching for the optimal
compute per sub-dataset incurs additional costs, we
argue these increases are negligible since SFT is
one of the computationally lightest training stage.
Consider Fig. 1, where we visualize the proportion
of training compute allocated to the SFT stage con-
sidering the end-to-end training pipeline. We detail
how this was derived based on open-source infor-
mation in Appendix A. We observe that the SFT
stage takes approximately 0.01% of total training
compute. Moreover, consistent performance gains
with additional compute usage has been an influ-
ential philosophy guiding modern training (Chen
et al., 2025; Tan et al., 2026; Koh et al., 2026).

Contribution. Given this backdrop, we first em-
pirically demonstrate that dataset mixtures com-
posed of sub-datasets overfit heterogenously, con-
firming our hypothesis that the status quo is sub-
optimal (§ 2, Fig. 2). In response, we propose
MSFT (m representing multi-task mixture), an
overfitting search algorithm for multi-task SFT (§
3). Prior to introducing our approach, we discuss
the limitations of a naive approach (§ 3.1). Then,
we introduce our search method which dynamically
excludes sub-datasets by iteratively rolling back to
the checkpoint where a sub-dataset over-fitted the
quickest (§ 3.2, Alg. 1)!. Finally, we empirically
demonstrate that MSFT is useful for practitioners,
including extensive further analyses (§ 4):

* MSFT’s average performance across 10
benchmarks outperform 4 baselines (and 2
ablative baselines) across 6 base models (§
4.2, Tab. 2, 3).

— We observe that performance gains are

'Code is released with Apache-2.0 License

not from disproportionate gains on a few
outlier tasks, as seen by a decrease in
standard deviation across benchmarks
(Fig. 4).

* MSFT performance gains are robust across
diverse dataset sizes (9K, 18K, 27K) and task
counts (5, 10, 15) (§ 4.4, Fig. 5).

* Reducing MSFT’s only hyperparameter, com-
pute budget C' does not lead to performance
degradation; with low C' enabling FLOPs
savings against SFT while improving perfor-
mance (§ 4.4, Fig. 6).

* We demonstrate that MSFT works on diverse
levels of task granularity by experimenting
MSFT on a single dataset with sub-categories
(§ 44, Fig. 7).

* We decompose the performance difference of
SFT and MSFT through the lense of over-
fitting avoidance and catastrophic forgetting;
and also show that MSFT commonly achieves
a lower train loss (§ 4.4, Fig. 8).

2 Motivation: Dataset Mixtures Overfit
Heterogeneously

Multi-task SFT suffers from a fundamental mis-
alignment between the diverse learning dynamics
of individual tasks and the rigid nature of standard
training paradigms. To formalize this, consider
SFT of Language Models (LMs) parameterized by
6 on a multi-task dataset mixture D = Uf\i 1 D,
which consists of NV distinct tasks. We measure
training progress using a continuous compute vari-
able ¢, generalizing training epochs into finer-
grained units (e.g., fractional epochs). For any
given task %, there exists an optimal compute c;,
defined as the stopping point where the model
achieves maximum generalization on the task’s
held-out validation set:

¢} = argmax Metric(6,; D}") (1)
C

Under the standard homogeneous training
paradigm, this inherent diversity in optimal stop-
ping points is ignored. The model is trained on
the dataset mixture D for a fixed global compute
budget cglopai.  This imposes a rigid constraint
where every task i is forced to adhere to the exact
same training compute, meaning ¢; := Cglobal, Vi €

{1,...,N}.
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vidual sub-datasets.

Figure 2: Heterogeneous learning dynamics. Multi-task SFT on Qwen3 8B demonstrates that underlying sub-
datasets overfitting dynamics vary greatly. This observation is consistent across all other models; visualized in

Appendix B.

Consequently, enforcing a single global com-
pute budget inevitably produces sub-optimal out-
comes across the mixture due to heterogeneous
learning dynamics. Because distinct tasks differ
significantly in data distribution and complexity,
their convergence rates and optimal compute levels
vary widely (¢ # ¢}). Empirically, individual sub-
datasets reach peak generalization performance at
substantially different compute levels (see Fig. 2).
Thus, applying cgjobal Creates an inherent optimiza-
tion conflict: rapidly converging tasks begin to
overfit when cgobat > ¢;, while slower-learning
tasks remain under-fitted when cgjopal < €.

3 MSFT: Heterogeneous Early-stopping
for Multi-task Data Mixtures

3.1 Limitation of a Naive Solution

A straightforward solution to heterogenous over-
fitting (as visualized in Fig. 2) is leveraging the
optimal compute found for each sub-dataset in Fig.
2a and exclude these sub-datasets at these points
during a new training run. We name this method
single roll-out search SFT (SRO SFT), and embod-
ies two stages: (i) single roll-out search (Fig. 2a),
and (ii) train from scratch with heterogeneous ex-
clusion. For instance, in the example in Fig. 2a, in
stage (ii), AQUA-RAT would be excluded in epoch
1.25, while SciQ would be excluded in epoch 2.75.
Pseudocode is available in Appendix C.

However, the key limitation of SRO search is
that the optimal compute found during the search
stage is an approximation after the first sub-dataset
is excluded. Formally, let the model parameter

update at step ¢ be driven by the aggregate gradient
of the active dataset mixture. In the search stage (i),
the exclusion set is empty (€ = (), so the update is
a summation over all tasks ¢ in D:

Ay o< Y w VL0 Dy), 2)
D;eD

where w; is the weight of the sub-dataset 7. Con-
sequently, the optimal compute budget c; for any
specific task 7 is conditional on the gradient inter-
actions from the complete mixture.

However, in the SRO training stage (ii), once a
sub-dataset Dexclude 1S added to the exclusion set &£,
the update rule shifts to:

Abjoc > wi VL D) 3)
'DiG'D\g

The removal of VL(:; Dexciude) causes the opti-
mization trajectory to diverge (6] # 6;). Crucially,
this drift exacerbates as |£| increases: as more tasks
are dropped over time, the active gradient sum de-
viates further from the original search dynamics,
rendering the pre-computed c; increasingly inaccu-
rate for late-stage tasks.

Empirical Analysis. We empirically validate
whether the parameter divergence 6, # 6; (Eq.
2, 3) translates into shifted optimal compute. We
construct an equal-weighted mixture of N = 10
sub-datasets, each containing | D;| = 1800 samples.
We train a model on the full mixture D until the
first sub-dataset, which we denote as D;., overfits.
At this exact checkpoint, we bifurcate the training
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Figure 3: Divergence of optimal compute upon dataset exclusion. Excluding a small fraction of the training
mixture alters the optimization trajectory, shifting optimal stopping points for remaining tasks. (a) A optimal
compute varies across individual sub-tasks. (b) This divergence is consistent across model families and scales,
averaging an absolute shift of 0.91 epochs. Detailed decomposition across other models available in Appendix D

process into two branches: one continues training
on the full mixture D, while the other continues on
the reduced mixture D \ {Dy}. For each of the 9
remaining tasks (j # k), we compare the optimal
compute achieved on the full mixture (¢}) against
the optimal compute on the reduced mixture (c;-*).
We report the shift, defined as Ac;f = c;-* — c;f, in
Fig. 3. The results clearly demonstrate that exclud-
ing even a small fraction of the training data (1/10)
significantly alters the optimal stopping points for
the remaining tasks, confirming our hypothesis that

c}* # .
3.2 TIterative Overfitting-Aware Search

In response to this limitation, we propose MSFT, a
training algorithm that ensures that the search and
train phase is aligned. MSFT follows an iterative
roll-out and roll-back search algorithm described
below and conceptualized in Alg. 1.

Initialization. First, the algorithm initializes the
exclusion set £ that keeps track of the excluded
sub-datasets, and the parameter 0 is set to the base
model g (line 1). The algorithm loops as long as
there is at least one active sub-dataset (line 2).

Roll-out. For every active sub-dataset D \ £ the
model 4 is trained by a pre-determined compute
budget C hyperparameter (line 3). C is analogous
to epochs in the literature, however, we call it com-
pute budget (e.g., 1/4 of an epoch) as we aim to
record more granular levels of compute as we ob-
serve granular overfitting behavior in our prelimi-
nary analysis in Fig. 2 and Appendix B. For each

active sub-dataset, the optimal compute is recorded
(line 4). The sub-dataset that over-fitted earliest is
expected to be excluded Dexcuge (line 5). In the
rare case that no sub-dataset D; over-fitted within
the compute budget C, the algorithm continues
without rolling back.

Roll-back. The earliest over-fitted dataset
Dexclude Will no longer be included in the active set
(line 9), and the model is reverted to the point at
which it overfit (line 10).

4 Empirical Study
4.1 Experiment Set-up

Base Models. For a broad range of model sizes
and families, we employ OLMo 2 1B (Walsh et al.,
2025), Qwen2.5 @.5, 1.5, 3, 7B (Yang et al.,
2025b), and Qwen3 8B (Yang et al., 2025a).

Baselines. We compare our approach with four
baselines: [1] standard SFT (Rastogi et al., 2025;
Groeneveld et al., 2024; Walsh et al., 2025; Ettinger
et al., 2026; Liu et al., 2025; Guo et al., 2025; Yang
et al., 2025b,a; Adler et al., 2024), the de facto
norm , [2] continual SFT (Scialom et al., 2022)
which trains each of the sub-datasets sequentially,
allowing each of them to arrive at the optimal early-
stopping point, [3] DynamixSFT (Shin et al., 2026)
which optimizes dataset mixture ratios using multi-
armed bandits with 1-step roll-out, and [4] Instance-
dependant Early Stopping (IES; (Yuan et al., 2025))
which computes second-order differences for each
instance, and leverages a threshold hyperparameter
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Algorithm 1: MSFT

Input :Dataset mixture D, base model
0o, compute budget C'
1 E+0;0 <0y // Initialization

[S]

while D\ € # () do
/* Roll-out: Search for
per-sub-dataset peaks
0, {acc(Dj,c)}ic
SFT—ROLL-OUT(@, D\E, C) ;
V'DZ‘ ¢ & )

*/

¢l < argmax. acc(D;, ¢)
// Optimal compute per
sub-dataset
Cmins Dexclude <— arg minpigg C;K 5
if cnin = C then
/* No overfitting: update
model and continue

0 0(C);

*/

else
/* Roll-back: Revert to the
checkpoint where the
sub-dataset overfit
£+ EU {Dexclude} 5
944*9(Qnm); // Revert to
checkpoint at cumin

*/

10

11 end

12 end

for exclusion.

Training and Evaluation Setting. For fair com-
parison, all overlapping training configurations are
equalized across methods. Overlapping hyperpa-
rameters were optimized for standard SFT. We
use N = 10 sub-datasets: CommonsenseQA (Tal-
mor et al., 2019), OpenBookQA (Mihaylov et al.,
2018), AQUA-RAT (Ling et al., 2017), GSM8K
(Cobbe et al., 2021), SciQ (Welbl et al., 2017),
ARC-Easy (Clark et al., 2018), HellaSwag (Zellers
et al., 2019), Winogrande (Sakaguchi et al., 2020),
BoolQ (Clark et al., 2019), and MedMCQA (Pal
etal., 2022). All methods are greedy decoding eval-
uated 5-shot (Brown et al., 2020) on the validation
set in intervals of 1/4 epochs, with the best perform-
ing checkpoint being reported. Further training
details can be found in Appendix E.

4.2 Main Results

Overall Performance and Robustness. As de-
tailed in Tab. 2, MSFT consistently outperforms
all baseline methodologies across the six evaluated
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models (OLMo 2, Qwen2.5, Qwen3), achieving the
highest average accuracy. While advanced base-
lines like DynamixSFT and IES yield marginal
gains, and Continual SFT suffers from catastrophic
forgetting (-2.2%), MSFT remains uniquely robust.
It is the only approach to exhibit consistent im-
provements across all three major domains: Sci-
ence & Knowledge (+0.7%), Commonsense & Lan-
guage (+2.4%), and Mathematical & Quantitative
reasoning (+3.0%).

Consistency and Outlier Analysis. Beyond ag-
gregate accuracy, MSFT demonstrates superior sys-
tematic stability. As illustrated in Fig. 4 [left], it
generally maintains the lowest standard deviation
across benchmarks, confirming that the average im-
provements stem from uniformly distributed gains
rather than skewed outlier performances. Further-
more, Fig. 4 [right] shows that MSFT achieves Ist
place on individual benchmarks 26 times across all
model configurations, doubling the frequency of
the next best baseline (IES, 13 times). This affirms
that MSFT reliably elevates both the performance
floor and ceiling across a diverse suite of tasks.

4.3 Ablation Study

Set-up. We examine two naive alternative hetero-
geneous early-stopping algorithms, which serve as
ablation studies: [4] Single roll-out searched SFT
(SRO SFT), and [5] Soft SRO SFT. SRO SFT is
introduced in § 3.1, and Soft SRO SFT is the soft
version, which aims to replicate SRO SFT via mix-
ture ratios rather than hard exclusions, reducing
catastrophic forgetting. SRO SFT and Soft SRO
SFT are introduced with pseudo-codes in Appendix
C.

Result. As observed in Tab. 3, MSFT’s average
performance is superior to both SRO SFT and Soft
SRO SFT. This verifies that the naive approach
of using approximate optimal compute ¢ through
single roll-out search introduced in § 3.1 is sub-
optimal.

4.4 Further Analysis

To rigorously evaluate the practical utility of MSFT,
we conduct additional analyses. Unless other-
wise stated, we use Qwen2.5 3B and primarily
benchmark against standard SFT, the most widely
adopted paradigm, and IES, which emerged as the
strongest baseline in § 4.2.



Model: OLMo 2 Qwen2.5 Qwen3

Size: 1B 0.5B 1.5B 3B 7B 8B Average
Acc. Ep. Acc. Ep. Acc. Ep. Ace. Ep. Acc. Ep. Acc. Ep. Acc. Ep.
Science and Knowledge
Base 324 — 26.1 — 546 — 121 — 40 — 246 — 256  —
SFT 479 975 375 050 658 3.00 71.8 500 745 200 779 3.00 62.5 3.88

Continual SFT 485 190 246 195 66.6 208 714 180 729 140 775 115 602 53 1.71
DynamixSFT 479 575 395 050 656 275 715 3.00 745 725 752 500 624 1 4.04
IES 47.6 10.00 395 050 654 400 719 350 744 300 781 225 628,73 3.88
MSFT (ours) 504 975 392 025 654 475 729 550 73.6 150 78.0 3.00 63.2.,,7; 4.12

Commonsense and Language

Base 9.9 — 222 — 425 — &1 — 84 — 190 — 184  —
SFT 509 975 329 050 73.0 3.00 81.6 500 842 2.00 869 3.00 68.2 3.88
Continual SFT 48.6 190 19.0 195 71.1 2.08 802 180 86.1 140 86.0 1.15 652 3, 1.71
DynamixSFT  49.0 5.75 399 050 726 275 83.0 3.00 84.6 7.25 849 500 69.0.98 4.04
IES 51.0 10.00 388 0.50 72.6 4.00 824 350 855 3.00 86.1 225 694,,, 3.88
MSFT (ours) 53.8 9.75 425 025 728 475 806 550 865 150 87.6 3.00 70.6. 5, 4.12

Mathematic and Quantitative

Base 19.5 — 262 — 428 — 580 — 680 — 710 — 476  —
SFT 202 975 242 050 43.0 3.00 595 5.00 665 200 745 3.00 48.0 3.88
Continual SFT 185 190 238 195 450 2.08 60.0 180 670 140 725 1.15 478 92 1.71
DynamixSFT  20.8 575 250 050 432 275 582 3.00 658 725 742 500 479 ,; 4.04
IES 21.5 10.00 255 0.50 43.0 4.00 602 350 652 3.00 725 225 48.0.0p 3.88
MSFT (ours) 232 975 235 025 488 475 642 550 700 150 76.0 3.00 51.0,30 4.12

Average Accuracy Across 10 Benchmarks

Base 20.8 — 246 — 474 — 197 — 186 — 316 — 27.1 —
SFT 436 975 330 050 64.1 3.00 732 5.00 768 200 80.8 3.00 619 3.88
Continual SFT 42,6 190 222 195 64.1 2.08 726 180 77.0 140 799 1.15 59.7 5, 1.71
DynamixSFT 429 575 36.8 050 64.0 275 734 3.00 768 7.25 789 5.00 621,92 4.04
IES 43.8 10.00 364 050 638 400 738 350 77.0 3.00 802 225 625,06 3.88
MSFT (ours) 463 9.75 374 025 65.0 475 742 550 780 150 814 3.00 63.7. .35 4.12

Table 2: Main results. Comparison of six methodologies across six underlying models (OLMo 2, Qwen2.5, and
Qwen3), evaluating performance across three major task categories. We report both accuracy (Acc.) and the epoch
(Ep.) at which the best accuracy was achieved. Continual SFT’s Ep. is the average across benchmarks making
values not in intervals of 1/4 epochs like others. The best scores are bolded, and second best underlined.

m W Base Continual SFT IES Base a
= 30.0) mmm SFT DynamixSFT B mSFT (ours)
€275 SFT- 5
_§ 25.0

. Continual SFT 12
€225
[
m 20.0 DynamixSFT 11
©175
S0 IES 13
a s
= OLMo21B 0.5B  1.5B 3B 7B Qwen3 8B mSFT (ours) 26
n Qwen2.5

Models 0 5 10 15 20 25 30

Total 1st Place Count

Figure 4: Further details of main results. [left] MSFT achieves the lowest levels of standard deviation across
benchmarks (STD), indicating performance gains are not due to large outliers. [right] Across models, MSFT
achieves 1st place the most. The 1st place count does not add up to 60 = 6 - 10 (models - benchmarks) as there are
cases where 1st place is tied.
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larger scales.

(I) MSFT Gains are Robust Across Dataset
Scales. We find that the performance gains of
MSFT remain robust across varying dataset sizes
and task counts (IV € {5,10,15}) indicating that
MSFT is valuable across a wide range of real-world
scenarios. Across all three configurations, MSFT
consistently outperforms SFT, yielding an average
improvement of +5.4% (see Fig. 5).

(II) MSFT is Insensitive to Compute Budget
C, with Simultaneous FLOPs Savings and Per-
formance Gains. We demonstrate that under re-
stricted compute budget, MSFT improves down-
stream performance while simultaneously reducing
FLOPs. When C' = 1, we observe a +3.4% perfor-
mance gain alongside an average compute reduc-
tion of 120.3 PFLOPs (see Fig. 6). This efficiency
is achieved because MSFT introduces no additional
roll-out overhead compared to SFT, while dynami-
cally excluding sub-datasets during training to save
compute. Notably, these performance gains do not
degrade as the budget C' decreases. Refer to Ap-

Average
Ace. Ep.
SFT 619 3.88
SRO SFT 634 375
Soft SRO SFT  62.1 3.79
MSFT (ours) 63.7 4.12

Table 3: Ablation study results. Comparison of our
proposed method (MSFT) against two naive alterna-
tive heterogeneous early-stopping algorithms averaged
across six underlying models.

weighs the savings from halting completed tasks.

pendix F for details on how FLOPs are measured
across all methods.

(IIT) MSFT Remains Effective on Granular De-
compositions. We further investigate whether
MSFT remains effective at a highly granular level
by applying it to the 21 pre-defined sub-categories
of the MedMCQA dataset (Pal et al., 2022). As
shown in Fig. 7 (grouped into 11 broad categories
for legibility), MSFT yields an average accuracy
improvement of +1.86% over SFT, outperform-
ing IES (+0.29%). We observe particularly pro-
nounced gains in specialized domains such as Phar-
macology (+6.0%) and Forensic, Psychiatry & Ra-
diology (+5.3%). Despite topic-specific variance,
MSFT consistently improves performance across
most sub-categories, validating its efficacy on fine-
grained task distributions.

(IV) Decomposing Overfitting Prevention and
Catastrophic Forgetting. To better understand
the trade-off between preventing overfitting and
the risk of catastrophic forgetting, we decompose
MSFT’s performance gains relative to SFT (Fig.
8). Specifically, we quantify the effect of dataset
exclusion as:

Forgetting (or Transfer)

:= Metric(cfina) — Metric(cpin),

“

where cgpq denotes the globally optimal checkpoint
and cp,i, represents the peak performance check-
point identified during the roll-out search (Alg. 1,
line 5).

A negative Eq. 4 indicates forgetting from hard
exclusions, which is the most common empirical
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Figure 8: Decomposition of performance gains.

MSFT’s accuracy improvement over SFT is decom-
posed into overfitting prevention benefits and dataset
exclusion effects. Minor catastrophic forgetting from
hard exclusion is outweighed by gains from mitigating
heterogeneous overfitting.

outcome. Conversely, a positive value, as occasion-
ally observed, suggests that continued training on
the remaining mixture induces positive transfer. By
subtracting Eq. 4 from the overall performance
gain over standard SFT, we isolate the benefit of
overfitting prevention. Ultimately, our analysis re-
veals that while hard exclusion incurs minor forget-
ting penalties on average, the performance gains
achieved by mitigating heterogeneous overfitting
outweigh these losses, driving the overall superior-
ity of MSFT.

(V) MSFT Commonly Embodies Lower Train-
ing Loss. As seen in Fig. 9 (and Appendix G),
MSFT commonly achieves a consistently lower

0.08

— SFT
—— mSFT (ours)

0.06

Train Loss
o
o
S

0.02

o

Figure 9: Training loss curve comparison at 8B.
Smoothed with moving average with sliding window
10. Dashed vertical lines denote roll-back where a sub-
dataset is excluded. Numerical annotation at the bottom
indicate the number of remaining sub-datasets at each
interval.

training loss than standard SFT. With base model
Qwen3 8B, the curve occasionally exhibits sharp,
step-wise loss descents immediately after overfitted
sub-datasets are excluded. We hypothesize this re-
flects a relief from gradient conflict. In SFT, simul-
taneous updates can cause progress on some tasks
to actively disrupt others. Furthermore, once a fast-
learning dataset passes its optimal compute point,
it likely introduces noisy, over-specialized gradi-
ents. By dynamically filtering out these post-peak
datasets, MSFT unburdens the optimizer, enabling
the model to reallocate its capacity and more effi-
ciently minimize the loss of the remaining, slower-
learning tasks.
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Model: Gemma 3 4B
Science and Commonsense and Mathematic and Average
Knowledge Language Quantitative
SFT 59.2 69.0 38.5 59.0
MSFT (Olll‘S) 63.0+3_8 74.1+5_ 1 39.5+] 0 62.7+3_7

Table 4: Results on a different model family. MSFT (C' = 3) on Gemma 3 4B. Average denotes the average
accuracy across 10 benchmarks. Subscripts denote A relative to SFT.

Model: OLMo 2 Qwen2.5 Qwen3

Size: 1B 0.5B 1.5B 3B 7B 8B Average
Average Accuracy Across 10 Benchmarks

SFT 43.6 33.0 64.1 73.2 76.8 80.8 61.9

CoBa 46.1 36.8 64.6 72.5 77.4 80.9 63.111.2

MSFT (ours) 46.3 374 65.0 74.2 78.0 814 63.71 3

Table 5: Comparison with loss-reweighting. MSFT against CoBa across six underlying models. Subscripts denote

A relative to SFT. The best scores are bolded.

(VI) MSFT Generalizes to Other Model Fami-
lies. To verify that MSFT is not specific to the
OLMo and Qwen families, we additionally evaluate
Gemma 3 4B (Kamath et al., 2025). As shown in
Tab. 4, MSFT improves over SFT by +3.7% on
average, with gains in all three task categories.

(VII) MSFT Outperforms Loss-Reweighting.
We further compare against CoBa (Gong et al.,
2024), which dynamically reweights task losses
to balance convergence rates (see § 5). As
shown in Tab. 5, while CoBa improves over SFT
(+1.2%), MSFT outperforms CoBa on all six mod-
els (+1.8%), without per-step gradient-level inter-
ventions or additional sensitive hyperparameters.

5 Discussion

Additional Related Work. Numerous works ex-
plore which datasets to include in the SFT stage
(Dong et al., 2024; Li et al., 2024), and the optimal
mixture ratios (Xiao et al., 2026; Zhu et al., 2025;
Shi et al., 2025; Wang et al., 2026b; Li et al., 2025).
Another line of research addresses task imbalance
through continuous loss-reweighting or gradient
manipulation, primarily studied in computer vision,
reinforcement learning, and early LM multi-tasking
(Chen et al., 2018; Yu et al., 2020; Liu et al., 2021,
2023; Gong et al., 2024). While (Gong et al., 2024)
dynamically adjust task weights to balance conver-
gence rates, they require continuous gradient-level
interventions during the forward-backward pass
and introduce multiple sensitive hyperparameters
(e.g., history windows, warm-up steps, tempera-

ture). In contrast, MSFT operates strictly at the
data-scheduling level and hard exclusions, entirely
avoiding this per-step computational overhead. Em-
pirically, MSFT also outperforms CoBa across all
six models (§ 4.4, Tab. 5).
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6 Limitation

Efficient Disk Management. An operational
limitation of MSFT is the additional storage over-
head incurred by saving intermediate checkpoints
during the roll-out phase. To mitigate this, we in-
troduce a dynamic checkpoint pruning algorithm in
Appendix H that actively discards redundant model
states. Empirically, this strategy results in average
storage footprint by approximately 4.44 x SFT (see
Appendix I). Because disk space is rarely the pri-
mary bottleneck in large-scale LM training, espe-
cially given the negligible cost of storage relative to
compute, we consider this an acceptable trade-off.
Nevertheless, future work could further optimize
this process to reduce disk overhead entirely.

Experiments on Limited Compute. Our exper-
iments are conducted under academic compute
constraints, and as such, our dataset sizes (9K—
27K samples) and model scales (0.5B—8B param-
eters) do not reach the frontier-lab scale. Never-
theless, our empirical study provides substantial
evidence for the practical utility of MSFT. We
evaluate across 6 models spanning three families
(OLMo 2, Qwen2.5, Qwen3) and a wide range of
scales (0.5B, 1B, 1.5B, 3B, 7B, 8B), and further
validate robustness across heterogeneous dataset
sizes (VN € {5,10,15} tasks with 9K-27K sam-
ples; § 4.4, Fig. 5) and granular task decompo-
sitions (§ 4.4, Fig. 7). We further confirm that
the gains extend beyond these three families with
Gemma 3 4B (§ 4.4, Tab. 4). The robustness of
MSFT across these varied conditions suggests the
underlying phenomenon generalizes beyond our ex-
perimental scale. We leave frontier-scale validation
to future work.
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A Computation of FLOPs Proportion

The OLMo 2 technical paper (Walsh et al., 2025)
reports total FLOPs computed via the standard for-
mula from Kaplan et al. (2020). We adopt the
same formula and extend it to each training stage
to compute proportional contributions. We use the
reported parameter size (|0| € {7B, 13B, 32B}).

Pre-training and mid-training. Pre-training to-
ken counts are taken from Walsh et al. (2025) §2.3.
Mid-training tokens follow from the model soup-
ing procedure (§4.5): 7B performs three annealing
runs of 50B tokens each (150B total); 13B per-
forms three 100B runs plus one 300B run (600B
total); 32B is derived by subtracting pre-training
from the overall base (pre- + mid-training) total
(6.60T — 6.06T = 0.54T).

SFT. Datais from allenai/tulu-3-sft-olm
o-2-mixture (7B, 13B; ng = 939,334) and alle
nai/tulu-3-sft-olmo-2-mixture-0225 (32B;
nsie = 866,138). Per docs/tulu3.md, maximum
sequence length is 4,096 tokens and training runs
for 2 epochs:

FLOPsspr = 6 |0 X ngg X l_SFT X 2,

where ngg is the number of samples, and Ispr is the
average token length per sample, capped at 4,096
and computed by streaming the full dataset with
the OLMo 2 tokenizer.

DPO. Pair counts are from allenai/olmo-2
-1124\--7b-preference-mix (366,700 pairs,
7B), allenai/olmo-2-1124-13b-preferenc

-2-0325-32b-preference-mix (377,900 pairs,

32B). Per docs/tulu3.md, training uses 1 epoch
and maximum sequence length is 2,048 tokens.
Each pair is processed as two separate forward—
backward passes:

FLOPSDPO =6 ‘9’ X Mpairs X 2ZDpo,

where Ippo is the average token length across all
chosen and rejected sequences pooled together,
capped at 2,048.

RLVR. The 7B and 13B models use PPO; the
32B model uses GRPO. All sizes use 10M total
episodes. For PPO (7B, 13B), rollouts are col-
lected in batches of 32, giving ngrq = 10M /32 =
312,500 gradient update steps. For GRPO (32B),
16 completions are sampled per prompt, giving
Nerad = 10M/16 = 625,000 gradient update steps.
Prompt and response are each capped at 2,048 to-
kens. FLOPs split into forward-only (RLVR-roll)
and forward—backward (RLVR-grad) passes:

FLOPSRLVR_m]] =2 ‘@‘ x 10M x 4096 x 2,

2
FLOPSRLVR-grad =6 ‘@‘ X TNgrad X 4096 x { ’

9

where the factor of 2 in FLOPsgpyr-ron covers pol-
icy rollout and the frozen reference model (one
forward pass each per episode), and the factor of
2 in the PPO FLOPSRLVR-grad term covers the pol-
icy and value model gradients. FLOPsgiyr =
FLOPSsrLyR-roll + FLOPSRLVR-grad-

Results. Tab. 6 reports the resulting FLOPs per

e-mix (377,700 pairs, 13B), and allenai/olmo stage.
Source FLOPs

Stage 7B 13B 32B 7B 13B 32B

Pre-training paper §2.3 1.64x10% 3.90x10%% 1.16x10%*
Mid-training ~ paper §4.5  6.30x10%! 4.68x10%? 1.04x1023
SFT HF dataset ~ 2.97x10'? 5.52x10'9 1.24x10%
DPO HF dataset ~ 1.89x10'? 3.61x10%% 1.28x10%°
RLVR-grad  tulu3.mdscript 7.15x10'? 1.33x10%° 3.27x10%
RLVR-roll  tulu3.md script 7.63x10%° 1.42x10%' 3.49x10%!
Post total — 8.83x10%0 1.64x10%! 4.07x10%!
Post / Total — 0.517% 0.374% 0.320%
SFT / Post — 3.36% 3.36% 3.07%

Table 6: OLMo 2 training FLOPs by stage. “Post” denotes the sum of SFT, DPO, RLVR-grad, and RLVR-roll.
Post/Total is the ratio of total post-training FLOPsS to total training FLOPs. SFT/Post is the fraction of post-training

compute spent on SFT.
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Figure 10: Heterogeneous learning dynamics. Multi-task SFT demonstrates underlying sub-datasets overfitting

(c) Qwen2.5 1.5B

dynamics vary greatly.

B Additional Figures for Heterogeneous

Overfitting

Fig. 10 and 11 visualizes the per-sub-dataset vali-
dation accuracy for all remaining models. Across
all models, each sub-dataset reaches its maximum
accuracy at different training steps, confirming het-
erogeneous overfitting dynamics discussed in § 2.

C Further Details on SRO SFT and Soft

SRO SFT

psuedocode for SRO and Soft SRO  Alg. 2is the
pseudocode for SRO, and Alg. 3 is the pseudocode
for Soft SRO.
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Algorithm 2: SRO

Input  :Dataset mixture D, base model 6, compute budget C

1 0+ 6y; // Initialization
/* Single roll-out search: Search for per-sub-dataset peaks */
2 0, {acc(Dj,c)}ic SFT—ROLL-OUT<é, D, C) ;
3 ¢f < argmax, acc(D;,c); // Optimal compute per sub-dataset
/* Train from scratch: Start a new training run and exclude sub-datasets that
have exhausted their budget */
4 &+ ®§ é < 0o; ccurrent < 0; // Initialization
s while D\ £ # () do
/* Find the next closest stopping point among active datasets */
6 Chext minpiep\g ¢
7 Ac < Cnext — Ceurrent ;
/* Roll-out active datasets for the delta compute and update model */
s | 0, _« SFT—ROLL-OUT<é, D\E, Ac) :
/* Update current compute and exclude datasets that just peaked */
9 Ceurrent < Cnext »
10 E+—EU {D'L : C;( < Ccurrent} 5
1 end

Algorithm 3: SOFT SRO

Input :Dataset mixture D, base model 6, compute budget C'
1 0« 0y; // Initialization
/* Single roll-out search: Approximately search for per-sub-dataset peaks */

2 0, {acc(Dj, ¢)}ie < SFT—ROLL-OUT<é, D, C) :

3 ¢ < argmax, acc(Dj,c) ; // Optimal compute per sub-dataset
/* Train from scratch: Start a new training run with a new data mixture

accounting for the optimal compute budgets */
40 0p; D —0; Z > D) 5 // Initialization and normalization factor
s for D; € D do
6 r<— (>, 1Dil) - C;"ZD"I ;// Target number of samples, preserving base proportions
7 D+ 0,
8 while » > |D;| do

/* Add a full copy of D; using multiset union */

9 D}« D, WD ;
10 r <1 —|D;l;
1 end

12 if > 0 then
D; + Sample |r | samples from D; without replacement ;
D}« D} WD;;

13

14

15 end
16 D'« D WD,; // Add the proportioned sub-dataset to the new mixture
17 end

80, _+ SFT—ROLL-OUT<é, D, C) ;
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D Further Experimental Results on
Optimal Compute
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Figure 12: Divergence of optimal compute upon dataset exclusion. Excluding a small fraction of the training
mixture alters the optimization trajectory, shifting optimal stopping points for remaining tasks. A optimal compute

varies across individual sub-tasks.
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E Further Experimental Details

E.1 Datasets

Composition and Statistics. We use N = 10
publicly available English benchmarks, listed in
Tab. 7 together with the task category we assign
to each. Examples are drawn from the official
splits by random sampling without replacement,
at the per-sub-dataset sizes given in Tab. 8, yield-
ing 18,000 training and 2,000 validation examples
for N = 10 (9,000 and 27,000 training examples
for N = 5and N = 15; § 4.4, Fig. 5). No fur-
ther preprocessing, filtering, or de-duplication is
applied.

Documentation and Intended Use. All bench-
marks are English, publicly released for research,
and are used here in a manner consistent with their
intended use and licenses. Per-dataset domains,
task-category assignments, and licenses are given
in Tab. 7. The base models are released under
Apache 2.0, except Qwen2.5 3B (Qwen Research
License) and Gemma 3 4B (Gemma Terms of Use),
all permit our non-commercial research use. We
did not collect, annotate, or release any new data.

E.2 Hardware

We use B200, H200, RTX A5000, and RTX 3090s
for experiments. For other hardware like CPU and
RAM we use commonly available ones, as these
hardware did not induce any bottlenecks.

E.3 Common Settings

Default training settings universal across methods
are available in Tab. 8. We use a single seed (20)
as preliminary experiments with Qwen2.5 3B and
7B on seeds 20, 30, 40 lead to virtually identical
performance gains. Tab. 9 shows that the gains
of MSFT is stable (low standard deviation) and

thus statistically significant. This likely due to our
methods and experiments being non-stochastic in
nature.

Hyperparameter Value
Learning Rate 1x1073
Learning Rate Schedule Constant
Batch Size 64
Seed 20
Sub-dataset Size (train) 1800
Sub-dataset Size (validation) 200

Table 8: Overlapping hyperparameters.

Model: Qwen2.5
Size: 3B 7B

SFT MSFT  SFT MSFT

Average Accuracy Across 10 Benchmarks

Seed 20  73.25 74.25 76.80 78.05
Seed 30  73.05 74.05 76.90 78.85
Seed 40  72.65 73.25 76.80 78.05
Mean 72.98 73.85+(),87 76.83 78.32+1,48
Std Dev 0.31 0.53 0.06 0.46
p-value — 0.023* — 0.024*

Table 9: Seed stability on Qwen2.5 3B and 7B. Sub-
scripts in the Mean row denote A relative to SFT. p-
values are from a two-sided paired ¢-test against SFT
(*p < 0.05).

E.4 Method-specific Settings

SFT trains for 10 epochs as we observe that in
some datasets do not overfit even up to 10 epochs
(see Fig. 2 and Appendix B). Continual SFT and
MSFT’s compute budget is C' = 3 epochs. Dy-
namixSFT was first run on the settings provided
in the paper (Shin et al., 2026), yet we found that

Benchmark Assigned Category Domain License

SciQ (Welbl et al., 2017) Science and Knowledge Crowdsourced science exam CCBY-NC 3.0
ARC-Easy (Clark et al., 2018) Science and Knowledge Grade-school science exam CCBY-SA 4.0
OpenBookQA (Mihaylov et al., 2018) Science and Knowledge Elementary science facts Apache 2.0
MedMCQA (Pal et al., 2022) Science and Knowledge Medical entrance exam Apache 2.0
CommonsenseQA (Talmor et al., 2019) Commonsense and Language = General commonsense MIT
HellaSwag (Zellers et al., 2019) Commonsense and Language  Grounded sentence completion ~ MIT
Winogrande (Sakaguchi et al., 2020) Commonsense and Language  Pronoun resolution Apache 2.0
BoolQ (Clark et al., 2019) Commonsense and Language  Yes/no reading comprehension CC BY-SA 3.0
GSMB8K (Cobbe et al., 2021) Mathematic and Quantitative ~ Grade-school word problems MIT
AQUA-RAT (Ling et al., 2017) Mathematic and Quantitative  Algebraic word problems Apache 2.0

Table 7: Benchmarks used in our experiments. All datasets are English. Assigned Category denotes the grouping
used to report results in Tab. 2. Each sub-dataset contributes 1,800 training and 200 validation examples.
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proportion of active instances consistently decreases.

further hyperparameter tuning, where sharpness
factor # = 5000 improved performance in our
environment so we used this for all reported ex-
periment results. For IES, we adopt the threshold
of § = 0.01 tuned for our experimental setting.
(Yuan et al., 2025). The cumulative proportion of
dropped instances over 10 epochs is visualized in
Fig. 13. For SRO SFT and Soft SRO SFT the sin-
gle search compute budget is set to C' = 10 as this
is conceptually similar to the 10 epochs allocated
in SFT.

F Computation of Empirical FLOPS

We calculate computation costs using the standard
formula from Kaplan et al. (2020):

FLOPSpain = 6 X [0] X t,
FLOPSuference = 2 X |9’ X t.

where |0| is the number of model parameters and ¢
is the number of tokens.

F.1 Method-specific FLOPs

Let tiain and tyaidation denote the total training and
validation tokens per unit compute budget (1 epoch)
over the full mixture D.

[1] SFT. Standard supervised fine-tuning on all
sub-datasets for C' units of compute budget.

c
FLOPsspr = Z [6-16] - uain + 2 - |0] - tatidation) -

c=1

[2] Continual SFT. Sequential training (Scialom
et al., 2022) configured with a 0% rehearsal rate:
each sub-dataset D; is trained independently for C'
units of compute budget before moving to the next.

FLOPscon = > [6° 6] tir,i 2+ (0] tvatidation] - C,

%

summing over all NV sub-datasets trained sequen-
tially.

[3] DynamixSFT. Dynamic mixture optimiza-
tion (Shin et al., 2026) via multi-armed bandits
with 1-step look-ahead. At each update step (1%
of total steps), the algorithm samples batches of
size Blook-ahead for all IV sub-datasets and performs
forward-backward passes to estimate look-ahead
rewards, incurring 8|¢| FLOPs per token (2 for-
ward pre-loss, 4 backward, 2 forward post-loss).
Between updates, training proceeds with current
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| Soft MSFT
Model SFT Cont. Dynamix IES SRO SRO (C=1) (C=3)
OLMo 2 1B 157.19 124.52 263.22 112.05 218.66 27335 74.06 210.11
Qwen2.5 0.5B 58.10 47.41 103.54  37.19 80.35 12093 31.24 105.78
Qwen2.5 1.5B | 207.90 308.98 363.97 135.80 37498 443.58 14421 416.26
Qwen2.5 3B 461.48 727.13 760.17 31330 652.51 879.80 320.14 770.21
Qwen2.5 7B 1089.42 965.96 174291 66391 1717.30 2057.52 — 1654.26
Qwen3 8B 942.34 755.55 1826.68 418.69 1409.65 1986.82 — 1588.39
Average 486.07 488.26 84342 280.16 742.24  960.33 - 790.83

Table 10: Total PFLOPs for each method across model scales.

mixture probabilities:

C
I::LOPSDynamix = Z 6 - ‘9’ * Lrain
c=1

training

+ Z N-8. |9‘ * Blook-ahead * tavg

tu

look-ahead

C
+ Z 2- ’9‘ : tvalidation:
c=1

where Biook-ahead 18 batch size for look-ahead,
Lavg 18 the average tokens per sample and ¢,, denotes
update steps.

[4] IES. Instance-dependent early stopping
(Yuan et al., 2025) computes second-order differ-
ences of per-sample loss trajectories to identify
mastered instances. Samples satisfying the con-
vergence criterion are excluded from gradient up-
dates (typically from the 3rd unit onward). Train-
ing FLOPs decrease as more samples are excluded,
while validation always covers the full dataset.

c
FLOPSIES = Z [6 . |9| . tt(ril)in +2- ‘9’ . tvalidation]a
c=1
where tt(ril)in < tuain reflects the remaining active
samples at c.

[5]1 SRO SFT. Single roll-out searched SFT: a
two-step procedure. Step 1 (Search): Standard
SFT for C units to determine per sub-dataset peak
c¢;, which is also their drop schedule. Step 2
(Train): Training with sub-datasets exclusions ap-
plied at their respective peak checkpoints; dropped
sub-datasets are removed from the active token

count.

train

C
FLOPsspo = FLOPsspr + . [6- [6] - t(C)
—_————

step 1 c=1

+ 2. ’9| : 75validation] step 2°

where tt(r?in < tiain denotes training tokens over

non-excluded sub-datasets at step c in Step 2.

[6] Soft SRO SFT. Step 1: Identical to SRO SFT
Step 1, recording per-sub-dataset peak c;. Step 2:
Re-trains from scratch for C' units on a reweighted
mixture, where the number of samples drawn from
sub-dataset D; is

et - | Dy
np= | oDl | A
J

where Z = } . ¢j - |Dj], so sub-datasets that peak
later and are larger receive more exposure. The
total FLOPs are:

C
FLOPssort = FLOPssrr + 3 [6 10| - Z w1

step 1 c=1

+ 2 |0| : tvalidation} )
step 2

where [; is the average token length of D;.

[7IMSFT. MSFT proceeds in S stages indexed
by s =1,...,5. At each stage s, the model trains
for C' units on active subsets D\ &5, where E; is the
accumulated exclusion set at stage s. Overfit sub-
datasets are added to £;41 and the model reverts
to the earliest overfitting checkpoint (parameter
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rollback only; no additional FLOPs).

FLOPSqtge, = 6 - 0] - C - tain(D\Es)
training on active sets
+ 20| - C - tvalidation(D\Es)
validation ovn active sets
+ 2 10] - tvatidation (Es),

validation on excluded sets

where tiin(D\Es) and tyaiidation (D \Es) decreases
as more sub-datasets are excluded. tyajidation(Es)
denotes validation tokens of excluded sub-datasets.
Note that the third term carries no compute bud-
get (': excluded sets are validated only once at
the rollback checkpoint to preserve the full vali-
dation trajectory, where as active sub-datasets are
validated at every checkpoint throughout the stage.
Total FLOPs: FLOPsyspT = Zsszl FLOPsge., -

Empirical FLOPs comparison. Tab. 10 reports
the total FLOPs for each method across six model
scales. DynamixSFT incurs substantial look-ahead
overhead (94.9% of training FLOPs on average),
while IES achieves costs smaller than SFT by drop-
ping parts of samples from 3rd unit of compute
budget onward. SRO SFT and Soft SRO SFT re-
quire an additional search phase (Step 1), resulting
in higher total costs, though Soft SRO mitigates
catastrophic forgetting via soft reweighting rather
than hard exclusions.
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G Further Loss Curves
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Figure 14: Training loss curve comparison. Smoothed with moving average with sliding window 10. Dashed
vertical lines denote roll-back where a sub-dataset is excluded. Numerical annotation at the bottom indicate the

-datasets at each interval.
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H MSFT with Efficient Disk Management

Checkpoint management. Algorithm 4 details
the checkpoint management strategy integrated
into MSFT, where blue annotations denote disk-
management operations added atop the base algo-
rithm. While standard SFT retains only a single
checkpoint on disk throughout training, MSFT re-
quires additional storage during the roll-out phase:
per-dataset peak checkpoints 0(c;)p, ¢¢ Aare per-
sisted as they are identified (line 5), requiring up to
|D \ &s| checkpoints at stage s. Upon completing
each iteration, the algorithm retains only the roll-
back checkpoint 6 and the global best checkpoint
0* — the model that achieved the highest overall
accuracy across all stages — and discards all re-
maining checkpoints (lines 13—18). The theoretical
peak occurs at the second stage, where |D| — 1
live per-dataset peaks coexist with the two retained
checkpoints (0 and 6%), yielding a worst-case of
|D| + 1 model copies on disk. Averaging the per-
stage peaks across all |D| stages gives:

Dl

|21)| Z(min(ﬂ)\ —s+1, F)+ 2),
s=1

where E is the number of evaluation steps per stage
and +2 accounts for the retained 6 and 6* (for
s > 2; stage 1 retains none, but the over-count
vanishes as |D| grows). When E > |D|, i.e. the
evaluation grid is finer than the number of sub-

datasets, the min reduces to |D| — s 4+ 1 and the
|D|+5
2

average simplifies to . For our experiments
with |[D| = 10 and C' = 3 epochs evaluated ev-
ery 0.25 epochs (E = 12 > |D|), this predicts a
peak of 11 and an average of 7.5 model copies. In
practice, multiple categories often share the same
peak epoch, so several per-dataset champions col-
lapse onto a single checkpoint. Empirically, across
MSFT runs with compute budgets C' € {1,3} on
multiple dataset mixtures, we observe an average
disk utilization of 4.44|6|, well below the |D| + 1
theoretical bound. (see Appendix I Figs. 16, 17,
18)

Algorithm 4: MSFT with Checkpoint Man-
agement

:Dataset mixture D, base model

0o, compute budget C

1E— ;0 00« 0y; a* +0;
// Initialization

2 while D\ € # () do

/* Roll-out: Search for
per-sub-dataset peaks

6, {acc(Dj,c)}ic

SFT—ROLL-OUT(@, D\ &, C) ;
VD; ¢ €

Input

*/

c; < argmax. acc(D;, c)
// Optimal compute per
sub-dataset

/* During the roll-out,

checkpoints 6(c}) for
remaining datasets VD; ¢ &
are written to Disk

Cmin, Dexclude <= arg Hlinpi ¢E C;( 5

if cnin = C then

/* No overfitting: update

model and continue

0« 0(C);

*/

*/

else

/* Roll-back: Revert to the
checkpoint where the
sub-dataset overfit

E+—EU {Dexclude} 5

6 + Load 0(¢min) from Disk ;

// Revert to checkpoint at

*/
10

11

Cmin
end
/* Update 6* to be the model
parameters of the highest
accuracy
Chest <— arg max, acc(D,c);
acc(D, Cbest)Q
if apes; > a* then
‘ a* < apesi; 0" < G(Cbest);
end
Discard all checkpoints from Disk

12
13

*/
14 Qbest <
15
16
17
18

except 0 and 0*;
end
return 6*

19
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I Disk Storage Footprint
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Figure 16: Disk utilization across MSFT iteration. Each point denotes the number of checkpoints on disk at a

C =

(f) Qwen3 8B,

C=3 N=10

(e) Qwen2.5 7B,

measured in multiples of model size |f|. Dashed vertical lines mark new roll-outs. The orange

horizontal line indicates the average utilization across all evaluation steps.

given evaluation step,
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J LLM Usage

As per ACL ARR policy, we report using LLMs

for minor language polishing.
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