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Abstract
As numerous instruction-tuning datasets con-
tinue to emerge, dynamically balancing and
optimizing their mixtures has become a critical
challenge. To address this, we propose DY-
NAMIXSFT, a dynamic and automated method
for instruction-tuning dataset mixture optimiza-
tion. We formulate the problem as a multi-
armed bandit setup and introduce a Prior-
scaled Boltzmann Exploration that softly an-
chors the updated sampling distribution to the
original dataset proportions, thereby preserv-
ing the inherent diversity and coverage of the
collection. Sampling probabilities are updated
using a lightweight 1-Step Look-ahead Reward,
reflecting how much the dataset contributes to
improving the model’s performance at its cur-
rent state. We demonstrate that DYNAMIXSFT
effectively optimizes the TÜLU-2-mixture and
TÜLU-3-mixture collections across 10 bench-
marks, while introducing minimal computa-
tional overhead over naive sampling. Further-
more, we provide a comprehensive analysis and
visualizations to offer deeper insights into the
adaptive dynamics of our method.

1 Introduction

The mixture of diverse datasets has emerged as a
pivotal factor in the post-training stage of large
language models (LLMs), significantly enhanc-
ing their ability to generalize across a broad spec-
trum of domains—including instruction following,
reasoning, mathematics, coding, and knowledge-
intensive tasks (Wei et al., 2022; Longpre et al.,
2023). A well-composed dataset mixture allows
LLMs to acquire a broad set of capabilities from
heterogeneous sources while preserving robustness
and generality. This has led to the development
of large-scale mixtures (Wang et al., 2023; Ivison
et al., 2023; Longpre et al., 2023; Lambert et al.,
2025), which offer standardized recipes for instruc-
tion tuning with a diverse set of supervision signals.
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Figure 1: Overview of DYNAMIXSFT. Given a large
collection of instruction-tuning datasets, DYNAMIXSFT
treats each dataset as an arm in a Multi-Armed Ban-
dit setup. The sampling policy dynamically evolves
through Prior-scaled Boltzmann Exploration, periodi-
cally updated by a lightweight 1-Step Look-ahead Re-
ward that reflects the model’s current training dynamics,
enabling adaptive mixture optimization.

However, most curated mixtures are stati-
cally defined through manual heuristics or fixed
rules (Wang et al., 2023; Ivison et al., 2023; Lam-
bert et al., 2025), requiring extensive human effort
to design effective mixing strategies. Several stud-
ies rely on additional models (Xie et al., 2023; Fan
et al., 2024a; Liu et al., 2025; Wu et al., 2024;
Wang et al., 2025) or resources (Wang et al., 2020;
Wu et al., 2021) to guide dynamic dataset mix-
ture optimization. This highlights the need for a
lightweight, self-evolving method that can adapt
the dataset mixture during training without addi-
tional computation.

To address this challenge, we propose DY-
NAMIXSFT, a dynamic framework that formulates
the allocation of training samples across k heteroge-
neous data sources as a multi-armed bandit (MAB)
problem, where each dataset is treated as an arm.
To support adaptive yet balanced mixture optimiza-
tion, we further introduce a Prior-scaled Boltz-
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mann Exploration, a strategy that softly anchors
the updated sampling distribution to the original
dataset proportions. This encourages adaptive sam-
pling while preserving the inherent diversity and
coverage of the dataset collection. Additionally,
we introduce a lightweight 1-Step Look-ahead
Reward to estimate each dataset’s contribution to
current training dynamics, enabling the model to
prioritize more beneficial data sources based on its
own learning progress.

We apply DYNAMIXSFT to the TÜLU-2-
mixture (Ivison et al., 2023) and TÜLU-3-
mixture (Lambert et al., 2025), comprising 16 and
19 instruction-tuning datasets, respectively. We
observe consistent gains on LLaMA3.2 1B (Meta,
2024) and LLaMA3.1 8B (Grattafiori et al., 2024)
across 10 benchmarks covering knowledge, reason-
ing, mathematics, coding, and instruction follow-
ing.

To better understand the benefits of DY-
NAMIXSFT, we conduct a comprehensive anal-
ysis, including visualizations of the evolving mix-
ture proportions during training. This analysis pro-
vides practical insights into how the dataset mix-
ture adapts over time in response to the model’s
training dynamics, and highlights the role of var-
ious factors from the perspective of the bandit al-
gorithm. Ultimately, our approach enables LLMs
to optimize their own dataset mixtures during post-
training without the need for hand-crafted tuning,
making it feasible to leverage large-scale dataset
collections in a more principled and automated
manner.

Our contributions are summarized in three folds:

• We propose DYNAMIXSFT, a dynamic
dataset mixture optimization method for LLM
post-training. DYNAMIXSFT formulates the
dataset mixture problem as a multi-armed
bandit setup and introduces a Prior-scaled
Boltzmann Exploration policy that softly an-
chors the updated sampling distribution to the
original dataset proportions. To update sam-
pling probabilities, we further introduce a 1-
Step Look-ahead Reward, which reflects the
model’s current training dynamics and enables
adaptive sampling over time.

• We apply DYNAMIXSFT to large-scale
instruction-tuning collections containing up to
19 datasets, evaluating performance across 10
benchmarks spanning knowledge, reasoning,

mathematics, coding, and general instruction-
following. Our method outperforms static and
dynamic mixture baselines achieving consis-
tent improvement on both 1B and 8B models
with minimal computational overhead.

• We present detailed analysis and visual-
izations of how mixture dynamics change
throughout training. This provides insight into
the model’s evolving needs and demonstrates
how the bandit-based adaptation contributes
to effective and interpretable mixture schedul-
ing.

2 Related Works

2.1 Dataset Mixture for LLMs

The composition of instruction-tuning data mix-
tures critically affects model effectiveness and gen-
eralization during post-training. The TÜLU col-
lection (Wang et al., 2023; Ivison et al., 2023;
Lambert et al., 2025) proposes this mixture by in-
corporating diverse high-quality datasets with uni-
fied formatting and expanded task coverage, but
still relies on static or manually curated mixture
strategies. We focus on dynamically optimizing the
TÜLU-2-mixture (Ivison et al., 2023) and TÜLU-3-
mixture (Lambert et al., 2025).

2.2 Mixture Optimization

Despite its importance, dataset mixture optimiza-
tion remains challenging. Existing approaches are
often limited in scope or flexibility. Some are con-
fined to a small number of manually chosen dataset
types (Wang et al., 2024) or operate at the regular-
ization level rather than directly modifying sam-
pling policies (Xiao et al., 2025). Others require
pre-defined supervision from validation sets (Wang
et al., 2020; Wu et al., 2021), introduce additional
parameters through proxy models (Xie et al., 2023;
Fan et al., 2024b; Liu et al., 2025) or actor net-
works (Wu et al., 2024; Wang et al., 2025), rely
on MoE architectures (Zhu et al., 2025), lack gen-
erality across diverse tasks (Chen et al., 2025; Al-
balak et al., 2023). In contrast, DYNAMIXSFT tar-
gets large-scale, uncurated instruction-tuning col-
lections covering diverse tasks without external
supervision.
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Dataset
General Knowledge Reasoning Coding Mathematical

IFEval
AVG

MMLU TQA PopQA BBH DROP CHE CHE+ GSM8K MATH Total Know+Rea Code+Math

G1 29.87 41.77 16.35 32.56 27.37 36.03 31.83 9.62 2.38 22.73 25.05 29.58 19.97
G2 29.58 40.61 16.07 31.85 27.57 38.68 30.77 6.82 3.44 25.34 25.07 29.14 19.93
G3 28.68 38.31 15.84 31.88 27.62 38.93 32.26 14.93 2.90 24.58 25.59 28.47 22.26

G1 + G2 31.54 41.73 16.70 32.71 28.00 36.84 31.71 8.18 2.75 25.32 25.55 30.14 19.87
G2 + G3 30.72 39.99 16.31 32.28 28.20 41.32 33.53 14.10 2.99 28.09 26.75 29.50 22.99

G3→ G2→ G1 30.03 40.40 16.40 33.26 28.34 38.34 31.66 12.13 2.28 25.69 25.85 29.69 21.10
G1→ G2→ G3 29.35 40.94 16.74 32.89 27.57 38.78 32.25 14.25 3.34 28.09 26.42 29.50 22.16

Table 1: Performance trends across different data mixtures and training curricula. Different mixture groups favor
different capabilities: G1 improves knowledge and reasoning, while G3 strengthens coding and math.

3 Preliminary: Does Data Mixture
Matter?

Our hypothesis is that even when training on the
same amount of data, different combinations can
lead to qualitatively different learning behaviors.
To explore the effect of their mixture and ordering,
we conduct a simple pilot study using the TÜLU-
2-mixture on LLaMA3.2 1B (Meta, 2024). We
split the given collection into three equal groups
(each sub-dataset is independently divided into
three groups and then merged), according to token-
averaged negative log-likelihood (NLL) scored by
Qwen3-30B-A3B (Yang et al., 2025): high-loss
(G1), medium-loss (G2), and low-loss (G3). In Ta-
ble 1, training on G1 tends to improve general
knowledge and reasoning benchmarks, while G3
shows stronger gains on coding and math tasks.
Moreover, simply changing the curriculum order
across the same partitions leads to different trends
in overall performance.

These results suggest that even within a hetero-
geneous collection, there may exist state-dependent
optimal mixtures rather than a single static recipe.
This motivates us to dynamically adjust sampling
during training to optimize the data mixture based
on the model’s evolving needs.

4 Dynamic Mixture Optimization

We introduce DYNAMIXSFT, a method that dy-
namically adjusts dataset mixtures during train-
ing Algorithm 1.

4.1 Mixture as a Multi-Armed Bandit

Considering the nature of large-scaled instruction-
tuning dataset collections (Wang et al., 2023; Ivison
et al., 2023; Lambert et al., 2025), we formulate
the problem of sampling an optimal batch from K
candidate datasets as a multi-armed bandit (MAB)
problem. To quickly adapt to the non-stationary

reward distribution that naturally arises during fine-
tuning, we adopt a Boltzmann exploration strat-
egy (Sutton et al., 1998; Cesa-Bianchi et al., 2017;
Gupta et al., 2019). A typical Boltzmann explo-
ration (Sutton et al., 1998) computes sampling prob-
abilities using the following softmax(β ·Q):

exp(β ·Qk)∑
j exp(β ·Qj)

, (1)

which treats all reward values Q as equally inter-
pretable across datasets.

However, treating all rewards as equally compa-
rable across datasets can skew the sampling dis-
tribution toward specific datasets, failing to ac-
count for their inherent characteristics. In the SFT
phase, both diversity and coverage of the training
instances are critical. Notably, we assume that
the original dataset proportions—often based on
dataset size—implicitly reflect each dataset’s in-
herent characteristics and its intended contribution
to domain coverage. For example, LIMA (Zhou
et al., 2023a) is small but well-curated, whereas
FLAN (Longpre et al., 2023) is relatively large to
cover a broader range of domains.

To account for this, we introduce a Prior-scaled
Boltzmann Exploration that explicitly incorpo-
rates the underlying dataset distribution p(0) as a
prior, extending Equation 1 as follows:

exp(β ·Qk) · p(0)k∑
j exp(β ·Qj) · p(0)j

. (2)

Our prior-scaled policy softly anchors the learned
sampling distribution to the original proportions,
allowing for adaptive reward-driven updates while
preserving the broad coverage and diversity en-
coded in the original mixture.

Nonetheless, a never-sampling problem may still
arise due to the non-stationary nature of reward
dynamics. To mitigate this, we apply a Mini-
mum Floor Probability (γ/K), ensuring that each
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Algorithm 1 DYNAMIXSFT
Require: SFT Dataset Collection C =
{D1, . . . ,DK}; EMA values Q ∈ RK ;
Prior probabilities p(0) ∈ ∆K ; Sharpness
factor β; Uniformity factor γ; EMA smoothing
factor α; Total steps T ; Update interval Tupdate;
Batch size B

1: Initialize Qk ← 0 for all k ∈ {1, . . . ,K}
2: for step t = 1 to T do
3: Bt ← ∅
4: while |Bt| < B do
5: Compute Multi-Armed Bandit probs:

pk ← (1−γ)· exp(β ·Qk) · p(0)k∑
j exp(β ·Qj) · p(0)j

+γ/K

6: Sample dataset D ∼ p
7: Sample example x ∼ D uniformly
8: Add to batch: Bt ← Bt ∪ {x}
9: end while

10: Train model with batch Bt

11: if t mod Tupdate = 0 then
12: for each Dk ∈ C do
13: Sample next batch BDk

from Dk

14: Compute reward:

rk ←
1

|BDk
|

∑

x∈BDk

Lpre(x)− Lpost(x)

Lpre(x) + ϵ

15: Update EMA:
Qk ← α ·Qk + (1− α) · rk

16: end for
17: end if
18: end for

dataset retains a non-zero probability of being sam-
pled. This guarantees uniform exploration and fa-
cilitates adaptation to sudden shifts in reward dy-
namics.

As a result, we formulate the final bandit sam-
pling probability as shown in Equation (3). Here,
the sharpness parameter β controls the exploitation
strength of the Prior-Scaled Boltzmann term, while
the uniformity factor γ provides the exploration
guarantee through the γ/K term, striking an effec-
tive balance between exploitation and exploration.

(1− γ) · exp(β ·Qk) · p(0)k∑
j exp(β ·Qj) · p(0)j

+ γ/K (3)

4.2 1-Step Look-ahead Reward

The goal of updating the bandit probabilities is,
intuitively, to assign higher sampling probability
to datasets that are expected to contribute more ef-
fectively to the model’s current training progress.
Concretely, at each update interval Tupdate, we es-
timate this contribution by performing a 1-Step
Look-ahead ∆-Loss: for each dataset, we tem-
porarily update the model by one gradient step on a
mini-batch, and then measure how much the model
loss decreases as a result. This provides an imme-
diate signal of each dataset’s utility without requir-
ing additional supervision or permanent parameter
updates. This 1-step look-ahead mechanism not
only captures immediate learning signals but also
serves as a proxy for long-term convergence, en-
abling state-dependent sampling that aligns with
the model’s evolving needs. We further provide
theoretical support for the long-term effects of im-
mediate reward signals in Appendix D.

The reward for dataset Di is computed as fol-
lows:

rDi ←
1

|BDi |
∑

x∈BDi

Lpre(x)− Lpost(x)

Lpre(x) + ϵ
(4)

Here, Lpre(x) and Lpost(x) denote the loss before
and after the virtual one-step update, respectively,
and ϵ is a small constant for numerical stability. We
denote by BDi a mini-batch sampled from dataset
Di for reward estimation. To mitigate scale dif-
ferences and occasional negative rewards, we nor-
malize reward across datasets using min–max nor-
malization. This lightweight look-ahead reward
encourages the bandit scheduler to dynamically fa-
vor data sources that yield higher immediate loss
reduction per unit cost.

To mitigate noisy fluctuations and adapt to the in-
herently non-stationary nature of training rewards,
we maintain an exponential moving average of the
reward for each dataset:

QDi ← α ·QDi + (1− α) · rDi , (5)

where α ∈ (0, 1) is the smoothing factor. This
smoothing helps to prevent overreacting to sudden
batch-level spikes and ensures that the bandit sched-
uler remains robust to short-term variance while
still tracking long-term trends in dataset utility.
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5 Experimental Setup

5.1 Training Setting

We conduct experiments with two base mod-
els: LLaMA3.2 1B (Meta, 2024) and LLaMA3.1
8B (Grattafiori et al., 2024). For training data, we
use the TÜLU-2 (Ivison et al., 2023) and TÜLU-
3 (Lambert et al., 2025) collections, which consist
of ∼320K examples from 16 datasets and about
∼930K examples from 19 datasets, respectively.
Further dataset compositions and implementation
details are provided in Appendix C and A.

5.2 Evaluation

Following the setup from Lambert et al. (2025), we
assess the model on 10 benchmarks covering di-
verse domain; Knowledge: MMLU (Hendrycks
et al., 2021), TruthfulQA (Lin et al., 2022),
PopQA (Mallen et al., 2023), Reasoning:
BigBench-Hard (Suzgun et al., 2022), DROP (Dua
et al., 2019), Coding: HumanEval (Chen
et al., 2021), HumanEval+ (Liu et al., 2023),
Mathmetical: GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021), Instruction Fol-
lowing: IFEval (Zhou et al., 2023b). Further evalu-
ation details are provided in the Appendix B.

5.3 Baselines

We compare our method with two baseline groups,
Heuristic Methods: Full Coverage (Proportional
sampling) and Uniform Sampling; and Dynamic
Methods: MultiDDS (Wang et al., 2020), Mul-
tiUAT (Wu et al., 2021) and HBO (Wang et al.,
2025), adaptively adjust dataset mixtures based on
gradient cosine similarity, uncertainty and difficul-
ties.

6 Results

6.1 Overall Comparison

In Table 2, DYNAMIXSFT consistently outper-
forms other baselines across both 1B and 8B mod-
els. Compared to naive proportional sampling
(Full Coverage), DYNAMIXSFT achieves relative
improvements of up to +5.1% on TÜLU-2 and
+5.3% on TÜLU-3 when averaged across 10 bench-
marks (see Appendix A for statistical details). Fur-
thermore, DYNAMIXSFT outperforms existing dy-
namic mixture methods such as HBO (Wang et al.,
2025), which requires an additional actor network,
confirming the effectiveness of our lightweight ban-
dit approach.

6.2 Impact of Instance Coverage

Among the baselines, the Full Coverage (propor-
tional sampling) approach shows relatively strong
performance for both 1B and 8B models. In con-
trast, Uniform Sampling consistently underper-
forms. As illustrated in Figure 2(b), Uniform Sam-
pling disregards the inherent dataset size differ-
ences, leading to over-sampling or under-sampling
of datasets. This imbalance often distorts the natu-
ral characteristics of the original dataset collection,
resulting in suboptimal model performance.

6.3 Visualization of Dynamic Mixture

Figure 2 provides an intuitive visualization of how
different sampling strategies shape the dataset com-
position during training. Compared to baselines
with static ratios such as Full Coverage and Uni-
form Sampling, DYNAMIXSFT dynamically ad-
justs the mixture weights over time. This dynamic
behavior is driven by our 1-Step Look-ahead Re-
ward, which adapts to the current gradient signal
and naturally follows the learning rate schedule. As
a result, the sampling proportions become more re-
sponsive until mid-training steps, when the learning
rate is higher. This adaptivity ultimately produces
a more balanced final dataset coverage, as shown
in Figure 2(c).

7 Analysis

7.1 Exploitation vs. Exploration

In Equation (3), we control the exploitation
strength using the sharpness factor β and the explo-
ration strength using the uniformity factor γ. As
shown in Figure 5a, we investigate the effect of
varying these two parameters on the 1B model’s
performance.

Under strong exploration settings (γ =
0.3, 0.25; blue lines), performance peaks at lower
exploitation sharpness values (β = 4). In contrast,
under weaker exploration settings (γ = 0.2, 0.15;
orange lines), higher sharpness values (β = 7, 8)
lead to better performance. Notably, extreme ex-
ploration values (γ = 0.3, 0.15; solid lines) lead
to greater performance variance across different β.
Figure 5b visualizes this interaction via a heatmap,
where the color gradient (red to blue) indicates sig-
nificant score variation. These results highlight
the importance of carefully balancing exploitation
sharpness and exploration uniformity to achieve
optimal mixture performance.
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Method
General Knowledge Reasoning Coding Mathematical

IFEval AVG
MMLU TQA PopQA BBH DROP CHE CHE+ GSM8K MATH

TÜLU 2 MIXTURE
LLAMA3.2 1B
Uniform Sampling 30.28 40.78 15.68 31.53 27.88 34.81 29.42 11.69 2.74 23.55 24.84
Full Coverage 32.13 41.12 16.22 32.93 28.18 37.23 35.47 15.77 2.91 24.78 26.67
MultiDDS 31.85 41.63 16.25 32.79 28.36 38.13 35.74 15.55 2.87 25.32 26.85
MultiUAT 32.11 41.59 16.12 33.52 28.37 37.28 34.33 14.51 2.81 26.18 26.68
HBO 31.75 41.77 16.21 32.81 28.68 38.21 35.81 15.49 2.81 26.38 26.99
DYNAMIXSFT 31.91 42.02 16.18 33.73 28.75 41.69 36.43 15.89 3.12 27.23 27.70

LLAMA3.1 8B
Uniform Sampling 58.78 46.71 19.33 53.21 59.83 60.51 59.55 55.31 13.1 40.44 46.68
Full Coverage 61.80 49.40 23.30 57.10 61.70 66.90 63.10 60.40 14.00 42.30 50.00
MultiDDS 59.81 51.67 22.82 57.11 63.53 68.84 63.76 63.25 14.84 44.29 50.99
MultiUAT 59.13 51.62 22.54 57.89 63.11 68.38 63.66 63.12 14.93 44.31 50.87
HBO 58.33 52.32 22.21 59.44 63.81 67.91 64.30 62.14 15.24 44.12 50.98
DYNAMIXSFT 59.78 53.30 22.97 59.33 63.91 71.27 66.49 65.93 16.84 45.92 52.57

TÜLU 3 MIXTURE
LLAMA3.2 1B
Uniform Sampling 30.45 36.58 17.45 30.73 27.84 39.32 35.12 21.12 7.11 40.98 28.67
Full Coverage 31.09 37.80 18.26 32.01 28.02 43.66 42.71 28.27 8.21 44.17 31.42
MultiDDS 32.78 37.21 17.98 31.73 27.84 43.75 42.43 28.43 7.94 45.63 31.57
MultiUAT 32.51 37.46 18.28 31.87 27.21 44.32 43.15 28.11 8.13 45.33 31.64
HBO 30.79 37.63 18.02 32.34 27.94 43.97 42.82 28.82 8.57 45.87 31.68
DYNAMIXSFT 32.31 38.53 18.23 33.21 27.92 46.21 45.81 31.44 9.64 47.41 33.07

LLAMA3.1 8B
Uniform Sampling 60.31 45.24 28.48 61.31 60.82 78.32 76.93 70.67 24.70 60.46 56.72
Full Coverage 62.10 46.80 29.30 67.90 61.30 86.20 81.40 76.20 31.50 72.80 61.55
MultiDDS 61.21 45.87 29.33 68.21 61.82 87.14 82.41 78.21 30.86 71.55 61.66
MultiUAT 61.24 47.14 29.11 68.18 60.12 88.23 82.13 77.91 31.41 70.13 61.56
HBO 61.91 46.53 28.58 68.32 62.52 88.11 83.08 77.18 32.53 73.14 62.19
DYNAMIXSFT 61.87 47.12 29.51 69.39 62.47 89.14 84.12 79.46 33.21 74.81 63.11

Table 2: Performance comparison across 10 evaluation suites. Best results are shown in dark red and second-best
results in light red.

Ablations AVG

DYNAMIXSFT 27.7
w/o prior 25.9
w/o prior + prop. init 26.3

Table 3: Ablation study for the effect of prior distribu-
tion p(0) in Equation (2). W/O PRIOR + PROP. INIT
denotes W/O PRIOR with proportional initialization.

7.2 Smoothing EMA Reward Strength

As described in Equation (5), we control the
strength of the exponential moving average reward
signal using the smoothing factor α, which deter-
mines how strongly recent rewards influence the
sampling policy. We investigate the effect of differ-
ent smoothing factor α on performance and mixture
dynamics.

In Figure 6a, moderate smoothing values (α =

0.8, 0.5; solid lines) lead to the highest perfor-
mance when the sharpness factor β = 4, indicating
that a balance between responsiveness and stability
leads to effective mixture updates. Strong smooth-
ing (α = 0.95) maintains stable performance even
as β increases, suggesting that higher exploitation
sharpness can be tolerated when updates are suf-
ficiently smoothed. In contrast, weak smoothing
(α = 0.2) causes performance to degrade rapidly
as β increases, highlighting its inability to regulate
over-sharp exploitation.

To better understand these behaviors, we visu-
alize the dynamics of mixture proportions in Fig-
ure 6b under a fixed sharpness β = 4. Strong
smoothing (α = 0.95) produces smooth and gradu-
ally evolving proportions, while weaker smoothing
(α = 0.2) leads to highly volatile and unstable allo-
cation, frequently switching focus among datasets.
These results highlight the importance of EMA
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Figure 2: Visualization of Mixture Proportions and Instance Coverage under different sampling strategies. (a)
Full Coverage: Mixture proportions are skewed based on dataset sizes (top), but all instances from each dataset
are guaranteed to be used during training (bottom). (b) Uniform Sampling: Each dataset is sampled equally (top),
leading to severe over- and under-sampling depending on dataset size (bottom). (c) DYNAMIXSFT: Our method
adaptively adjusts mixture proportions over time (top), achieving well-balanced instance coverage across all datasets
(bottom). All results are based on TÜLU-2-mixture.
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Figure 3: Comparison of Performance by Varying Re-
ward Update Interval.

smoothing for stable and robust mixture learning.

7.3 Varying Update Interval

We evaluate how different update intervals affect
overall performance. As shown in Figure 3, updat-
ing the sampling policy every 50 steps yields the
best performance. While shorter intervals (e.g., 10
steps) enable quicker adaptation to recent rewards,
they may introduce instability. Conversely, longer
intervals (e.g., 500 steps) lead to slower adaptation
and slightly degraded performance. These findings
suggest that moderately frequent updates strike a
good balance between responsiveness and stability
in mixture optimization.
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Figure 4: Comparison of Performance Using ∆-Loss
vs. ∆-Entropy Rewards.

7.4 Reward Comparison with ∆-Loss vs.
∆-Entropy

To further explore the potential of the 1-Step Look-
ahead Reward, we investigate an alternative reward
formulation based on entropy difference. As shown
in Figure 4, using the entropy-based reward (∆-
Entropy) also yields performance gains over the
baselines in both 1B and 8B. Notably, for the 8B
model, ∆-Entropy achieves performance compara-
ble to the ∆-Loss, suggesting that uncertainty re-
duction can serve as an effective signal for guiding
mixture optimization. These results demonstrate
the flexibility of our framework in accommodating
different reward definitions while still improving
overall performance.
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values of γ (solid lines) exhibit greater performance variance
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Figure 5: Performance Comparison varying Exploita-
tion Sharpness β vs. Exploration Uniformity γ. Best
viewed in color.

7.5 Effect of Prior Scaling

We analyze how the prior-scaled formulation p(0)

in Equation (2) affects overall performance on the
TÜLU-2-mixture with a 1B model. Table 3 shows
that removing the p(0) (W/O PRIOR in Table 3)
leads to a substantial performance drop. To bet-
ter understand this effect, we compare the mixture
dynamics with and without p(0) in Figure 7. With-
out prior-scaling, the sampling distribution remains
close to its initial uniform distribution throughout
training, showing that model fails to discover a
good mixture.

Even when we manually set the initial distribu-
tion to be proportional (W/O PRIOR + PROP. INIT

in Table 3), a performance gap still remains com-
pared to the prior-scaled formulation. This demon-
strates that prior-scaling not only naturally initial-
izes the mixture near the data’s intrinsic distribu-
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(a) Stronger smoothing (darker colors) tends to favor sharper β
values, while weaker smoothing shifts the optimal β to lower
values (lighter colors). This suggests that moderate smoothing
factor (solid lines) effectively modulates reward sharpness,
enabling more stable exploitation behavior.
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Figure 6: Effect of EMA Smoothing Strength α on
Performance Trends. Best viewed in color.

tion, but also continuously anchors it throughout
training, preventing drift during reward-based opti-
mization.

8 Efficiency

We analyze the computational overhead of DY-
NAMIXSFT against existing dynamic data mixture
approaches, under the TÜLU-3-mixture setup with
K = 19 datasets and Tupdate = 50. In Table 4,
DYNAMIXSFT introduces only∼12.7% additional
training cost over naive sampling, while prior meth-
ods incur substantially higher overhead (+139% to
+760%).

This efficiency stems from our 1-Step Look-
ahead Reward, which relies solely on forward
passes and requires no additional backward com-
putation. Assuming the standard ratio where a
forward pass accounts for approximately 1/3 of
a full training step, the theoretical overhead is

39597



0 1000 2000 3000 4000 5000
Step

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op
or
tio

n

Mixture Proportion

(a) DYNAMIXSFT

0 1000 2000 3000 4000 5000
Step

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op
or
tio

n

Mixture Proportion

(b) W/O PRIOR

Figure 7: Effect of removing the prior in DY-
NAMIXSFT.

Method Overhead vs. Naive

MultiDDS +760% (8.6×)
MultiUAT +380% (4.8×)
HBO +139% (2.39×)
DYNAMIXSFT +12.7% (1.13×)

Table 4: Computational overhead of dynamic data mix-
ture methods relative to naive sampling.

19
50 × 1

3 ≈ 12.7%.

In contrast, existing approaches incur substan-
tially higher overhead, as they rely on gradient
computations across all datasets (Wang et al., 2020,
2025) or repeated stochastic forward passes for
Monte Carlo estimation (Wu et al., 2021). Overall,
DYNAMIXSFT achieves strong performance while
maintaining minimal computational overhead, mak-
ing it well-suited for large-scale data mixture train-
ing.

9 Conclusion

We propose DYNAMIXSFT, a method for dynamic
mixture optimization of instruction-tuning collec-
tions. We formulate the dataset mixture problem as
a multi-armed bandit setup and introduce a Prior-
scaled Boltzmann Exploration to softly anchor the
sampling distribution. Each dataset is treated as an
arm and updated using a lightweight 1-Step Look-
ahead Reward, without requiring additional models
or a validation set. We demonstrate the effective-
ness of DYNAMIXSFT on the TÜLU-2-mixture and
TÜLU-3-mixture collections, without relying on
human-crafted criteria. Furthermore, we provide
extensive analyses and visualizations that illustrate
how DYNAMIXSFT adapts mixture dynamics over
time and highlights the contribution of each dataset
during training.

Limitations

In this work, we focus dataset mixture optimiza-
tion in instruction-tuning stage, where the dataset
collection consists of large-scale, heterogeneous
datasets aggregated without explicit domain struc-
turing. Instead of conducting fine-grained analy-
sis on individual datasets or domain-specific ef-
fects, our focus lies in optimizing mixture quality
at scale across diverse sources. Moreover, our mix-
ture policy operates at the dataset level, assigning
sampling weights to entire datasets rather than in-
dividual instances. While this design enables effi-
cient optimization and interpretable mixture con-
trol, instance-level mixture strategies remain an
open direction for future work.

Ethical Considerations

This work employs the TÜLU collections, which
is distributed under the ODC-BY license. The
dataset combines multiple publicly available and
web-sourced subsets, some of which are subject
to non-commercial or mixed-use restrictions. All
experiments in this study were conducted strictly
for academic research purposes without any com-
mercial intent. Given the inclusion of web-crawled
data, a small portion of the corpus may inadver-
tently contain imperfect or biased content. We fol-
low the data usage policies provided by the dataset
maintainers and do not perform any additional data
redistribution or manual modification. All experi-
ments strictly comply with the dataset’s research-
only usage guidelines.

Acknowledgements

This research was supported by the MSIT (Ministry
of Science, ICT), Korea, under the Global Research
Support Program in the Digital Field program (RS-
2024-00436680) supervised by the IITP (Institute
for Information & Communications Technology
Planning & Evaluation). And, this project was also
supported by Microsoft Research Asia.

References
Alon Albalak, Liangming Pan, Colin Raffel, and

William Yang Wang. 2023. Efficient online data
mixing for language model pre-training. Preprint,
arXiv:2312.02406.

Faeze Brahman, Sachin Kumar, Vidhisha Balachan-
dran, Pradeep Dasigi, Valentina Pyatkin, Abhilasha
Ravichander, Sarah Wiegreffe, Nouha Dziri, Khyathi

39598

https://arxiv.org/abs/2312.02406
https://arxiv.org/abs/2312.02406


Chandu, Jack Hessel, Yulia Tsvetkov, Noah A. Smith,
Yejin Choi, and Hannaneh Hajishirzi. 2024. The art
of saying no: Contextual noncompliance in language
models. In Advances in Neural Information Process-
ing Systems, volume 37, pages 49706–49748. Curran
Associates, Inc.

Isabel Cachola, Kyle Lo, Arman Cohan, and Daniel
Weld. 2020. TLDR: Extreme summarization of sci-
entific documents. In Findings of EMNLP.

Nicolò Cesa-Bianchi, Claudio Gentile, Gabor Lugosi,
and Gergely Neu. 2017. Boltzmann exploration done
right. In NeurIPS.

Sahil Chaudhary. 2023. Code alpaca: An instruction-
following llama model for code generation. https:
//github.com/sahil280114/codealpaca.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan,
Henrique Ponde de Oliveira Pinto, Jared Kaplan,
Harri Edwards, Yuri Burda, Nicholas Joseph, Greg
Brockman, Alex Ray, Raul Puri, Gretchen Krueger,
Michael Petrov, Heidy Khlaaf, Girish Sastry, Pamela
Mishkin, Brooke Chan, Scott Gray, and 39 others.
2021. Evaluating large language models trained on
code. Preprint, arXiv:2107.03374.

Xiaoyin Chen, Jiarui Lu, Minsu Kim, Dinghuai
Zhang, Jian Tang, Alexandre Piché, Nicolas Gontier,
Yoshua Bengio, and Ehsan Kamalloo. 2025. Self-
evolving curriculum for llm reasoning. Preprint,
arXiv:2505.14970.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro
Nakano, Christopher Hesse, and John Schulman.
2021. Training verifiers to solve math word prob-
lems. Preprint, arXiv:2110.14168.

Pradeep Dasigi, Kyle Lo, Iz Beltagy, Arman Cohan,
Noah A. Smith, and Matt Gardner. 2021. A dataset of
information-seeking questions and answers anchored
in research papers. In NAACL.

Dheeru Dua, Yizhong Wang, Pradeep Dasigi, Gabriel
Stanovsky, Sameer Singh, and Matt Gardner. 2019.
DROP: A reading comprehension benchmark requir-
ing discrete reasoning over paragraphs. In NAACL.

Simin Fan, Matteo Pagliardini, and Martin Jaggi. 2024a.
Doge: Domain reweighting with generalization esti-
mation. Preprint, arXiv:2310.15393.

Simin Fan, Matteo Pagliardini, and Martin Jaggi. 2024b.
DOGE: Domain reweighting with generalization es-
timation. In ICML.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,
Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schel-
ten, Alex Vaughan, Amy Yang, Angela Fan, Anirudh
Goyal, Anthony Hartshorn, Aobo Yang, Archi Mi-
tra, Archie Sravankumar, Artem Korenev, Arthur
Hinsvark, and 542 others. 2024. The llama 3 herd of
models. Preprint, arXiv:2407.21783.

Harsh Gupta, Seo Taek Kong, R. Srikant, and
Weina Wang. 2019. Almost boltzmann exploration.
Preprint, arXiv:1901.08708.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou,
Mantas Mazeika, Dawn Song, and Jacob Steinhardt.
2021. Measuring massive multitask language under-
standing. In ICLR.

Hamish Ivison, Yizhong Wang, Valentina Pyatkin,
Nathan Lambert, Matthew Peters, Pradeep Dasigi,
Joel Jang, David Wadden, Noah A. Smith, Iz Belt-
agy, and Hannaneh Hajishirzi. 2023. Camels in a
changing climate: Enhancing lm adaptation with tulu
2. Preprint, arXiv:2311.10702.

Andreas Köpf, Yannic Kilcher, Dimitri von Rütte,
Sotiris Anagnostidis, Zhi Rui Tam, Keith Stevens,
Abdullah Barhoum, Duc Nguyen, Oliver Stan-
ley, Richárd Nagyfi, Shahul ES, Sameer Suri,
David Glushkov, Arnav Dantuluri, Andrew Maguire,
Christoph Schuhmann, Huu Nguyen, and Alexan-
der Mattick. 2023. Openassistant conversations -
democratizing large language model alignment. In
NeurIPS.

Nathan Lambert, Jacob Morrison, Valentina Pyatkin,
Shengyi Huang, Hamish Ivison, Faeze Brahman,
Lester James V. Miranda, Alisa Liu, Nouha Dziri,
Shane Lyu, Yuling Gu, Saumya Malik, Victoria
Graf, Jena D. Hwang, Jiangjiang Yang, Ronan Le
Bras, Oyvind Tafjord, Chris Wilhelm, Luca Sol-
daini, and 4 others. 2025. Tulu 3: Pushing fron-
tiers in open language model post-training. Preprint,
arXiv:2411.15124.

Eric Lehman, Jay DeYoung, Regina Barzilay, and By-
ron C. Wallace. 2019. Inferring which medical treat-
ments work from reports of clinical trials. In NAACL.

Jia LI, Edward Beeching, Lewis Tunstall, Ben Lip-
kin, Roman Soletskyi, Shengyi Costa Huang, Kashif
Rasul, Longhui Yu, Albert Jiang, Ziju Shen, Zi-
han Qin, Bin Dong, Li Zhou, Yann Fleureau, Guil-
laume Lample, and Stanislas Polu. 2024. Nu-
minamath tir. https://huggingface.co/AI-MO/
NuminaMath-TIR.

Peng Li, Yeye He, Dror Yashar, Weiwei Cui, Song Ge,
Haidong Zhang, Danielle Rifinski Fainman, Dong-
mei Zhang, and Surajit Chaudhuri. 2024. Table-gpt:
Table fine-tuned gpt for diverse table tasks. Proceed-
ings of the ACM on Management of Data, 2(3).

Wing Lian, Bleys Goodson, Eugene Pentland, Austin
Cook, Chanvichet Vong, and "Teknium". 2023.
Openorca: An open dataset of gpt augmented
flan reasoning traces. https://huggingface.co/
datasets/Open-Orca/OpenOrca.

Stephanie Lin, Jacob Hilton, and Owain Evans. 2022.
TruthfulQA: Measuring how models mimic human
falsehoods. In ACL.

39599

https://doi.org/10.52202/079017-1573
https://doi.org/10.52202/079017-1573
https://doi.org/10.52202/079017-1573
https://doi.org/10.18653/v1/2020.findings-emnlp.428
https://doi.org/10.18653/v1/2020.findings-emnlp.428
https://proceedings.neurips.cc/paper_files/paper/2017/file/b299ad862b6f12cb57679f0538eca514-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/b299ad862b6f12cb57679f0538eca514-Paper.pdf
https://github.com/sahil280114/codealpaca
https://github.com/sahil280114/codealpaca
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2505.14970
https://arxiv.org/abs/2505.14970
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://doi.org/10.18653/v1/2021.naacl-main.365
https://doi.org/10.18653/v1/2021.naacl-main.365
https://doi.org/10.18653/v1/2021.naacl-main.365
https://doi.org/10.18653/v1/N19-1246
https://doi.org/10.18653/v1/N19-1246
https://arxiv.org/abs/2310.15393
https://arxiv.org/abs/2310.15393
https://proceedings.mlr.press/v235/fan24e.html
https://proceedings.mlr.press/v235/fan24e.html
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/1901.08708
https://openreview.net/forum?id=d7KBjmI3GmQ
https://openreview.net/forum?id=d7KBjmI3GmQ
https://arxiv.org/abs/2311.10702
https://arxiv.org/abs/2311.10702
https://arxiv.org/abs/2311.10702
https://proceedings.neurips.cc/paper_files/paper/2023/file/949f0f8f32267d297c2d4e3ee10a2e7e-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/949f0f8f32267d297c2d4e3ee10a2e7e-Paper-Datasets_and_Benchmarks.pdf
https://arxiv.org/abs/2411.15124
https://arxiv.org/abs/2411.15124
https://doi.org/10.18653/v1/N19-1371
https://doi.org/10.18653/v1/N19-1371
https://huggingface.co/AI-MO/NuminaMath-TIR
https://huggingface.co/AI-MO/NuminaMath-TIR
https://doi.org/10.1145/3654979
https://doi.org/10.1145/3654979
https://huggingface.co/datasets/Open-Orca/OpenOrca
https://huggingface.co/datasets/Open-Orca/OpenOrca
https://doi.org/10.18653/v1/2022.acl-long.229
https://doi.org/10.18653/v1/2022.acl-long.229


Jiawei Liu, Chunqiu Steven Xia, Yuyao Wang, and
LINGMING ZHANG. 2023. Is your code gener-
ated by chatGPT really correct? rigorous evaluation
of large language models for code generation. In
NeurIPS.

Qian Liu, Xiaosen Zheng, Niklas Muennighoff, Guang-
tao Zeng, Longxu Dou, Tianyu Pang, Jing Jiang,
and Min Lin. 2025. Regmix: Data mixture as re-
gression for language model pre-training. Preprint,
arXiv:2407.01492.

Shayne Longpre, Le Hou, Tu Vu, Albert Webson,
Hyung Won Chung, Yi Tay, Denny Zhou, Quoc V.
Le, Barret Zoph, Jason Wei, and Adam Roberts.
2023. The flan collection: Designing data and
methods for effective instruction tuning. Preprint,
arXiv:2301.13688.

Yi Luan, Luheng He, Mari Ostendorf, and Hannaneh
Hajishirzi. 2018. Multi-task identification of entities,
relations, and coreference for scientific knowledge
graph construction. In EMNLP.

Ziyang Luo, Can Xu, Pu Zhao, Qingfeng Sun, Xi-
ubo Geng, Wenxiang Hu, Chongyang Tao, Jing Ma,
Qingwei Lin, and Daxin Jiang. 2023. Wizardcoder:
Empowering code large language models with evol-
instruct. Preprint, arXiv:2306.08568.

Alex Mallen, Akari Asai, Victor Zhong, Rajarshi Das,
Daniel Khashabi, and Hannaneh Hajishirzi. 2023.
When not to trust language models: Investigating
effectiveness of parametric and non-parametric mem-
ories. In ACL.

Meta. 2024. Llama 3.2 model card. https:
//github.com/meta-llama/llama-models/
blob/main/models/llama3_2/MODEL_CARD.md.

Baolin Peng, Chunyuan Li, Pengcheng He, Michel Gal-
ley, and Jianfeng Gao. 2023. Instruction tuning with
gpt-4. Preprint, arXiv:2304.03277.

Nazneen Rajani, Lewis Tunstall, Edward Beeching,
Nathan Lambert, Alexander M. Rush, and Thomas
Wolf. 2023. No robots. https://huggingface.co/
datasets/HuggingFaceH4/no_robots.

Shivalika Singh, Freddie Vargus, Daniel Dsouza,
Börje F. Karlsson, Abinaya Mahendiran, Wei-Yin
Ko, Herumb Shandilya, Jay Patel, Deividas Mat-
aciunas, Laura OMahony, Mike Zhang, Ramith
Hettiarachchi, Joseph Wilson, Marina Machado,
Luisa Souza Moura, Dominik Krzemiński, Hakimeh
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A Implementation Details

Following the TÜLU training setup (Ivison et al.,
2023; Lambert et al., 2025), we train the model for
2 epochs, using a batch size of 128 for both training
and reward updates. All training is conducted on
8 × A100 40GB GPUs. In accordance with the
each dataset collection, the number of arms K is
set to 16 for TÜLU-2 and 19 for TÜLU-3. We report
results using γ = 0.3, α = 0.95, and β = 4 for
the 1B model, and β = 5 for the 8B model. The
learning rate is set to 1e-5, with a linear decay
scheduler and a warmup ratio of 0.03. Reported
results are averaged over three runs. The standard
deviations for DYNAMIXSFT were consistently
small (σ < 0.25), and a t-test against the primary
baseline yielded p-value < 0.05, confirming the
statistical significance of the improvements.

B Details of Evaluation Suite

We evaluate our model on 10 benchmarks, follow-
ing the TÜLU-3 evaluation setup (Lambert et al.,
2025), as detailed in Table 5.

Benchmark CoT Shots Multiturn ICL Metric

MMLU ✓ 0 ✗ EM
TQA ✗ 6 ✗ MC2
PopQA ✗ 15 ✓ EM

BBH ✓ 3 ✓ EM
DROP ✗ 3 ✗ F1

CHE ✗ 0 ✗ Pass@10
CHE+ ✗ 0 ✗ Pass@10

GSM8K ✓ 8 ✓ EM
MATH ✓ 4 ✓ Flex EM

IFEval ✗ 0 ✗ Pass@1

Table 5: Evaluation Setup for DYNAMIXSFT.

C Details of Dataset Collection

We utilize the TÜLU-2-mixture and TÜLU-3-
mixture collections. TÜLU-2-mixture comprises
∼320K instances from 16 instruction-tuning
datasets: FLAN (50K) (Longpre et al., 2023),
FLAN-CoT (50K) (Longpre et al., 2023), Open
Assistant 1 (7K) (Köpf et al., 2023), ShareGPT
(114K), GPT4-Alpaca (20K) (Peng et al., 2023),
Code Alpaca (20K) (Chaudhary, 2023), LIMA
(1K) (Zhou et al., 2023a), WizardLM (30K) (Xu
et al., 2024), Open-Orca (30K) (Lian et al., 2023),
Hardcoded (140) (Ivison et al., 2023), and a
science-related dataset (7K) combining Evidence

Inference (Lehman et al., 2019), Qasper (Dasigi
et al., 2021), SciERC (Luan et al., 2018), Sci-
Fact (Wadden et al., 2020), and SciTLDR (Cachola
et al., 2020).

TÜLU-3-mixture contains ∼930K instances
from 19 datasets: CoCoNot (10K) (Brahman et al.,
2024), FLAN v2 (89K) (Longpre et al., 2023),
No Robots (9K) (Rajani et al., 2023), OpenAs-
sistant Guanaco (7K) (Köpf et al., 2023), Tulu
3 Persona MATH (149K), Tulu 3 Persona GSM
(49K), Tulu 3 Persona Python (34K), Tulu 3 Per-
sona Algebra (20K), Tulu 3 Persona IF (29K),
NuminaMath-TIR (64K) (LI et al., 2024), Open-
MathInstruct 2 (50K) (Toshniwal et al., 2024),
Tulu 3 WildGuardMix (50K), Tulu 3 WildJailbreak
(50K), Tulu 3 Hardcoded (240), Aya (100K) (Singh
et al., 2024), WildChat GPT-4 (100K) (Zhao et al.,
2024), TableGPT (5K) (Li et al., 2024), SciRIFF
(10K) (Wadden et al., 2025). Evol CodeAlpaca
(107K) (Luo et al., 2023).

D Long-term Effects of Immediate
Reward

We demonstrate that optimizing the 1-Step Look-
ahead Reward (immediate objective) is theoreti-
cally equivalent to achieving optimal convergence
in the long term.

Given a loss function L(θ) and standard gradient
update θt+1 = θt − η∇Lk(θt), let’s consider the
immediate reward:

rt,k = L(θt)− L(θt+1). (6)

AssumingL is smooth and the learning rate η is suf-
ficiently small, we can approximate L(θt+1) using
the first-order Taylor expansion around θt:

L(θt+1) ≈ L(θt)− η||∇L(θt)||2, (7)

and rearranging the terms to express the reward:

rt,k = L(θt)− L(θt+1) ≈ η||∇L(θt)||2. (8)

Selecting dataset k to maximize the 1-step re-
ward rt,k is effectively equivalent to maximizing
the descent magnitude along the gradient direction.
Therefore, our reward does not track raw loss value,
it explicitly measures learning progress.

Why MAB is Appropriate? The Multi-Armed
Bandit (MAB) framework is naturally suited for
this task because it optimizes the cumulative re-
ward

∑T
t=0 rt over the entire training horizon. In
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our setting, the reward is defined as the immedi-
ate loss reduction: rt = L(θt)− L(θt+1). By the
telescoping property, the cumulative reward is:

T∑

t=0

rt =
T∑

t=0

[L(θt)−L(θt+1)] = L(θ0)−L(θT+1)

(9)
Consequently, using the ∆-Loss reward within a
bandit policy is not just a heuristic trick, it is a
principled policy that prioritizes datasets yielding
greater long-term loss reduction while maintaining
essential exploration.
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