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Abstract001

As numerous instruction-tuning datasets con-002
tinue to emerge, dynamically balancing and003
optimizing their mixtures has become a critical004
challenge. To address this, we propose DY-005
NAMIXSFT, a dynamic and automated method006
for instruction-tuning dataset mixture optimiza-007
tion. We formulate the problem as a multi-008
armed bandit setup and introduce a Prior-009
scaled Boltzmann Exploration that softly an-010
chors the updated sampling distribution to the011
original dataset proportions, thereby preserv-012
ing the inherent diversity and coverage of the013
collection. Sampling probabilities are updated014
using a lightweight 1-Step Look-ahead Reward,015
reflecting how much the dataset contributes to016
improving the model’s performance at its cur-017
rent state. We demonstrate that DYNAMIXSFT018
effectively optimizes the TÜLU-2-mixture and019
TÜLU-3-mixture collections across 10 bench-020
marks. Furthermore, we provide a compre-021
hensive analysis and visualizations to offer022
deeper insights into the adaptive dynamics of023
our method.024

1 Introduction025

The mixture of diverse datasets has emerged as a026

pivotal factor in the post-training stage of large027

language models (LLMs), significantly enhanc-028

ing their ability to generalize across a broad spec-029

trum of domains—including instruction following,030

reasoning, mathematics, coding, and knowledge-031

intensive tasks (Wei et al., 2022; Longpre et al.,032

2023). A well-composed dataset mixture allows033

LLMs to acquire a broad set of capabilities from034

heterogeneous sources while preserving robustness035

and generality. This has led to the development036

of large-scale mixtures (Wang et al., 2023; Ivison037

et al., 2023; Longpre et al., 2023; Lambert et al.,038

2025), which offer standardized recipes for instruc-039

tion tuning with a diverse set of supervision signals.040

However, most curated mixtures are stati-041

cally defined through manual heuristics or fixed042
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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.

rules (Wang et al., 2023; Ivison et al., 2023; Lam- 043

bert et al., 2025), requiring extensive human effort 044

to design effective mixing strategies. Several stud- 045

ies rely on additional models (Xie et al., 2023; Fan 046

et al., 2024a; Liu et al., 2025; Wu et al., 2024; 047

Wang et al., 2025) or resources (Wang et al., 2020; 048

Wu et al., 2021) to guide dynamic dataset mix- 049

ture optimization. This highlights the need for a 050

lightweight, self-evolving method that can adapt 051

the dataset mixture during training without addi- 052

tional computation. 053

To address this challenge, we propose DY- 054

NAMIXSFT, a dynamic framework that formulates 055

the allocation of training samples across k heteroge- 056

neous data sources as a multi-armed bandit (MAB) 057

problem, where each dataset is treated as an arm. 058

To support adaptive yet balanced mixture optimiza- 059

tion, we further introduce a Prior-scaled Boltz- 060

mann Exploration, a strategy that softly anchors 061

the updated sampling distribution to the original 062
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dataset proportions. This encourages adaptive sam-063

pling while preserving the inherent diversity and064

coverage of the dataset collection. Additionally,065

we introduce a lightweight 1-Step Look-ahead066

Reward to estimate each dataset’s contribution to067

current training dynamics, enabling the model to068

prioritize more beneficial data sources based on its069

own learning progress.070

We apply DYNAMIXSFT to the TÜLU-2-071

mixture (Ivison et al., 2023) and TÜLU-3-072

mixture (Lambert et al., 2025), comprising 16 and073

19 instruction-tuning datasets, respectively. We074

observe consistent gains on LLaMA3.2 1B (Meta,075

2024) and LLaMA3.1 8B (Grattafiori et al., 2024)076

across 10 benchmarks covering knowledge, reason-077

ing, mathematics, coding, and instruction follow-078

ing.079

To better understand the benefits of DY-080

NAMIXSFT, we conduct a comprehensive anal-081

ysis, including visualizations of the evolving mix-082

ture proportions during training. This analysis pro-083

vides practical insights into how the dataset mix-084

ture adapts over time in response to the model’s085

training dynamics, and highlights the role of var-086

ious factors from the perspective of the bandit al-087

gorithm. Ultimately, our approach enables LLMs088

to optimize their own dataset mixtures during post-089

training without the need for hand-crafted tuning,090

making it feasible to leverage large-scale dataset091

collections in a more principled and automated092

manner.093

Our contributions are summarized in three folds:094

• We propose DYNAMIXSFT, a dynamic095

dataset mixture optimization method for LLM096

post-training. DYNAMIXSFT formulates the097

dataset mixture problem as a multi-armed098

bandit setup and introduces a Prior-scaled099

Boltzmann Exploration policy that softly an-100

chors the updated sampling distribution to the101

original dataset proportions. To update sam-102

pling probabilities, we further introduce a 1-103

Step Look-ahead Reward, which reflects the104

model’s current training dynamics and enables105

adaptive sampling over time.106

• We apply DYNAMIXSFT to large-scale107

instruction-tuning collections containing up to108

19 datasets, , evaluating performance across109

10 benchmarks spanning knowledge, rea-110

soning, mathematics, coding, and general111

instruction-following. Our method outper-112

forms static and dynamic mixture baselines113

achieving consistent improvement on both 1B 114

and 8B models. 115

• We present detailed analysis and visual- 116

izations of how mixture dynamics change 117

throughout training. This provides insight into 118

the model’s evolving needs and demonstrates 119

how the bandit-based adaptation contributes 120

to effective and interpretable mixture schedul- 121

ing. 122

2 Related Works 123

2.1 Dataset Mixture for LLMs 124

The composition of instruction-tuning data mix- 125

tures critically affects model effectiveness and gen- 126

eralization during post-training. The TÜLU col- 127

lection (Wang et al., 2023; Ivison et al., 2023; 128

Lambert et al., 2025) proposes this mixture by in- 129

corporating diverse high-quality datasets with uni- 130

fied formatting and expanded task coverage, but 131

still relies on static or manually curated mixture 132

strategies. We focus on dynamically optimizing the 133

TÜLU-2-mixture (Ivison et al., 2023) and TÜLU-3- 134

mixture (Lambert et al., 2025). 135

2.2 Mixture Optimization 136

Despite its importance, dataset mixture optimiza- 137

tion remains challenging. Existing approaches are 138

often limited in scope or flexibility. Some are con- 139

fined to a small number of manually chosen dataset 140

types (Wang et al., 2024) or operate at the regular- 141

ization level rather than directly modifying sam- 142

pling policies (Xiao et al., 2025). Others require 143

pre-defined supervision from validation sets (Wang 144

et al., 2020; Wu et al., 2021), introduce additional 145

parameters through proxy models (Xie et al., 2023; 146

Fan et al., 2024b; Liu et al., 2025) or actor net- 147

works (Wu et al., 2024; Wang et al., 2025), rely 148

on MoE architectures (Zhu et al., 2025), lack gen- 149

erality across diverse tasks (Chen et al., 2025; Al- 150

balak et al., 2023). In contrast, DYNAMIXSFT tar- 151

gets large-scale, uncurated instruction-tuning col- 152

lections covering diverse tasks without external 153

supervision. 154

3 Preliminary: Does Data Mixture 155

Matter? 156

Our hypothesis is that even when training on the 157

same amount of data, different combinations can 158

lead to qualitatively different learning behaviors. 159

To explore the effect of their mixture and ordering, 160
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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.

we conduct a simple pilot study using the TÜLU-161

2-mixture on LLaMA3.2 1B (Meta, 2024). We162

split the given collection into three equal groups163

(each sub-dataset is independently divided into164

three groups and then merged), according to token-165

averaged negative log-likelihood (NLL) scored by166

Qwen3-30B-A3B (Yang et al., 2025): high-loss167

(G1), medium-loss (G2), and low-loss (G3). In Ta-168

ble 1, training on G1 tends to improve general169

knowledge and reasoning benchmarks, while G3170

shows stronger gains on coding and math tasks.171

Moreover, simply changing the curriculum order172

across the same partitions leads to different trends173

in overall performance.174

These results suggest that even within a hetero-175

geneous collection, there may exist state-dependent176

optimal mixtures rather than a single static recipe.177

This motivates us to dynamically adjust sampling178

during training to optimize the data mixture based179

on the model’s evolving needs.180

4 Dynamic Mixture Optimization181

We introduce DYNAMIXSFT, a method that dy-182

namically adjusts dataset mixtures during train-183

ing Algorithm 1.184

4.1 Mixture as a Multi-Armed Bandit185

Considering the nature of large-scaled instruction-186

tuning dataset collections (Wang et al., 2023; Ivison187

et al., 2023; Lambert et al., 2025), we formulate188

the problem of sampling an optimal batch from K189

candidate datasets as a multi-armed bandit (MAB)190

problem. To quickly adapt to the non-stationary191

reward distribution that naturally arises during fine-192

tuning, we adopt a Boltzmann exploration strat-193

egy (Sutton et al., 1998; Cesa-Bianchi et al., 2017;194

Gupta et al., 2019). A typical Boltzmann explo-195

ration (Sutton et al., 1998) computes sampling prob-196

abilities using the following softmax(β ·Q): 197

exp(β ·Qk)∑
j exp(β ·Qj)

, (1) 198

which treats all reward values Q as equally inter- 199

pretable across datasets. 200

However, treating all rewards as equally compa- 201

rable across datasets can skew the sampling dis- 202

tribution toward specific datasets, failing to ac- 203

count for their inherent characteristics. In the SFT 204

phase, both diversity and coverage of the training 205

instances are critical. Notably, we assume that 206

the original dataset proportions—often based on 207

dataset size—implicitly reflect each dataset’s in- 208

herent characteristics and its intended contribution 209

to domain coverage. For example, LIMA (Zhou 210

et al., 2023a) is small but well-curated, whereas 211

FLAN (Longpre et al., 2023) is relatively large to 212

cover a broader range of domains. 213

To account for this, we introduce a Prior-scaled 214

Boltzmann Exploration that explicitly incorpo- 215

rates the underlying dataset distribution p(0) as a 216

prior, extending Equation 1 as follows: 217

exp(β ·Qk) · p
(0)
k∑

j exp(β ·Qj) · p(0)j

. (2) 218

Our prior-scaled policy softly anchors the learned 219

sampling distribution to the original proportions, 220

allowing for adaptive reward-driven updates while 221

preserving the broad coverage and diversity en- 222

coded in the original mixture. 223

Nonetheless, a never-sampling problem may still 224

arise due to the non-stationary nature of reward 225

dynamics. To mitigate this, we apply a Mini- 226

mum Floor Probability (γ/K), ensuring that each 227

dataset retains a non-zero probability of being sam- 228

pled. This guarantees uniform exploration and fa- 229

cilitates adaptation to sudden shifts in reward dy- 230

namics. 231
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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

As a result, we formulate the final bandit sam-232

pling probability as shown in Equation (3). Here,233

the sharpness parameter β controls the exploitation234

strength of the Prior-Scaled Boltzmann term, while235

the uniformity factor γ provides the exploration236

guarantee through the γ/K term, striking an effec-237

tive balance between exploitation and exploration.238

(1− γ) ·
exp(β ·Qk) · p

(0)
k∑

j exp(β ·Qj) · p(0)j

+ γ/K (3)239

4.2 1-Step Look-ahead Reward240

The goal of updating the bandit probabilities is,241

intuitively, to assign higher sampling probability242

to datasets that are expected to contribute more ef- 243

fectively to the model’s current training progress. 244

Concretely, at each update interval Tupdate, we es- 245

timate this contribution by performing a 1-Step 246

Look-ahead ∆-Loss: for each dataset, we tem- 247

porarily update the model by one gradient step on a 248

mini-batch, and then measure how much the model 249

loss decreases as a result. This provides an imme- 250

diate signal of each dataset’s utility without requir- 251

ing additional supervision or permanent parameter 252

updates. This 1-step look-ahead mechanism not 253

only captures immediate learning signals but also 254

serves as a proxy for long-term convergence, en- 255

abling state-dependent sampling that aligns with 256

the model’s evolving needs. We further provide 257

theoretical support for the long-term effects of im- 258

mediate reward signals in Appendix E. 259

The reward for dataset Di is computed as fol- 260

lows: 261

rDi ←
1

|BDi |
∑

x∈BDi

Lpre(x)− Lpost(x)

Lpre(x) + ϵ
(4) 262

Here, Lpre(x) and Lpost(x) denote the loss before 263

and after the virtual one-step update, respectively, 264

and ϵ is a small constant for numerical stability. We 265

denote by BDi a mini-batch sampled from dataset 266

Di for reward estimation. To mitigate scale dif- 267

ferences and occasional negative rewards, we nor- 268

malize reward across datasets using min–max nor- 269

malization. This lightweight look-ahead reward 270

encourages the bandit scheduler to dynamically fa- 271

vor data sources that yield higher immediate loss 272

reduction per unit cost. 273

To mitigate noisy fluctuations and adapt to the in- 274

herently non-stationary nature of training rewards, 275

we maintain an exponential moving average of the 276

reward for each dataset: 277

QDi ← α ·QDi + (1− α) · rDi , (5) 278

where α ∈ (0, 1) is the smoothing factor. This 279

smoothing helps to prevent overreacting to sudden 280

batch-level spikes and ensures that the bandit sched- 281

uler remains robust to short-term variance while 282

still tracking long-term trends in dataset utility. 283

5 Experimental Setup 284

5.1 Training Setting 285

We conduct experiments with two base mod- 286

els: LLaMA3.2 1B (Meta, 2024) and LLaMA3.1 287

8B (Grattafiori et al., 2024). For training data, we 288

4



use the TÜLU-2 (Ivison et al., 2023) and TÜLU-289

3 (Lambert et al., 2025) collections, which consist290

of ∼320K examples from 16 datasets and about291

∼930K examples from 19 datasets, respectively.292

Further dataset compositions and implementation293

details are provided in Appendix D and A.294

5.2 Evaluation295

Following the setup from Lambert et al. (2025), we296

assess the model on 10 benchmarks covering di-297

verse domain; Knowledge: MMLU (Hendrycks298

et al., 2021), TruthfulQA (Lin et al., 2022),299

PopQA (Mallen et al., 2023), Reasoning:300

BigBench-Hard (Suzgun et al., 2022), DROP (Dua301

et al., 2019), Coding: HumanEval (Chen302

et al., 2021), HumanEval+ (Liu et al., 2023),303

Mathmetical: GSM8K (Cobbe et al., 2021),304

MATH (Hendrycks et al., 2021), Instruction Fol-305

lowing: IFEval (Zhou et al., 2023b). Further evalu-306

ation details are provided in the Appendix C.307

5.3 Baselines308

We compare our method with two baseline groups,309

Heuristic Methods: Full Coverage (Proportional310

sampling) and Uniform Sampling; and Dynamic311

Methods: MultiDDS (Wang et al., 2020), Mul-312

tiUAT (Wu et al., 2021) and HBO (Wang et al.,313

2025), adaptively adjust dataset mixtures based on314

gradient cosine similarity, uncertainty and difficul-315

ties.316

6 Results317

6.1 Overall Comparison318

In Table 2, DYNAMIXSFT consistently outper-319

forms other baselines across both 1B and 8B mod-320

els. Compared to naive proportional sampling321

(Full Coverage), DYNAMIXSFT achieves relative322

improvements of up to +5.1% on TÜLU-2 and323

+5.3% on TÜLU-3 when averaged across 10 bench-324

marks (see Appendix A for statistical details). Fur-325

thermore, DYNAMIXSFT outperforms existing dy-326

namic mixture methods such as HBO (Wang et al.,327

2025), which requires an additional actor network,328

confirming the effectiveness of our lightweight ban-329

dit approach.330

6.2 Impact of Instance Coverage331

Among the baselines, the Full Coverage (propor-332

tional sampling) approach shows relatively strong333

performance for both 1B and 8B models. In con-334

trast, Uniform Sampling consistently underper-335

forms. As illustrated in Figure 2(b), Uniform Sam- 336

pling disregards the inherent dataset size differ- 337

ences, leading to over-sampling or under-sampling 338

of datasets. This imbalance often distorts the natu- 339

ral characteristics of the original dataset collection, 340

resulting in suboptimal model performance. 341

6.3 Visualization of Dynamic Mixture 342

Figure 2 provides an intuitive visualization of how 343

different sampling strategies shape the dataset com- 344

position during training. Compared to baselines 345

with static ratios such as Full Coverage and Uni- 346

form Sampling, DYNAMIXSFT dynamically ad- 347

justs the mixture weights over time. This dynamic 348

behavior is driven by our 1-Step Look-ahead Re- 349

ward, which adapts to the current gradient signal 350

and naturally follows the learning rate schedule. As 351

a result, the sampling proportions become more re- 352

sponsive until mid-training steps, when the learning 353

rate is higher. This adaptivity ultimately produces 354

a more balanced final dataset coverage, as shown 355

in Figure 2(c). 356

7 Analysis 357

7.1 Exploitation vs. Exploration 358

In Equation (3), we control the exploitation 359

strength using the sharpness factor β and the explo- 360

ration strength using the uniformity factor γ. As 361

shown in Figure 5a, we investigate the effect of 362

varying these two parameters on the 1B model’s 363

performance. 364

Under strong exploration settings (γ = 365

0.3, 0.25; blue lines), performance peaks at lower 366

exploitation sharpness values (β = 4). In contrast, 367

under weaker exploration settings (γ = 0.2, 0.15; 368

orange lines), higher sharpness values (β = 7, 8) 369

lead to better performance. Notably, extreme ex- 370

ploration values (γ = 0.3, 0.15; solid lines) lead 371

to greater performance variance across different β. 372

Figure 5b visualizes this interaction via a heatmap, 373

where the color gradient (red to blue) indicates sig- 374

nificant score variation. These results highlight 375

the importance of carefully balancing exploitation 376

sharpness and exploration uniformity to achieve 377

optimal mixture performance. 378

7.2 Smoothing EMA Reward Strength 379

As described in Equation (5), we control the 380

strength of the exponential moving average reward 381

signal using the smoothing factor α, which deter- 382

mines how strongly recent rewards influence the 383
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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.

sampling policy. We investigate the effect of differ-384

ent smoothing factor α on performance and mixture385

dynamics.386

In Figure 6a, moderate smoothing values (α =387

0.8, 0.5; solid lines) lead to the highest perfor-388

mance when the sharpness factor β = 4, indicating389

that a balance between responsiveness and stability390

leads to effective mixture updates. Strong smooth-391

ing (α = 0.95) maintains stable performance even392

as β increases, suggesting that higher exploitation 393

sharpness can be tolerated when updates are suf- 394

ficiently smoothed. In contrast, weak smoothing 395

(α = 0.2) causes performance to degrade rapidly 396

as β increases, highlighting its inability to regulate 397

over-sharp exploitation. 398

To better understand these behaviors, we visu- 399

alize the dynamics of mixture proportions in Fig- 400

ure 6b under a fixed sharpness β = 4. Strong 401

smoothing (α = 0.95) produces smooth and gradu- 402

ally evolving proportions, while weaker smoothing 403

(α = 0.2) leads to highly volatile and unstable allo- 404

cation, frequently switching focus among datasets. 405

These results highlight the importance of EMA 406

smoothing for stable and robust mixture learning. 407

7.3 Varying Update Interval 408

We evaluate how different update intervals affect 409

overall performance. As shown in Figure 3, updat- 410
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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.

ing the sampling policy every 50 steps yields the411

best performance. While shorter intervals (e.g., 10412

steps) enable quicker adaptation to recent rewards,413

they may introduce instability. Conversely, longer414

intervals (e.g., 500 steps) lead to slower adaptation415

and slightly degraded performance. These findings416

suggest that moderately frequent updates strike a417

good balance between responsiveness and stability418

in mixture optimization.419

7.4 Reward Comparison with ∆-Loss vs.420

∆-Entropy421

To further explore the potential of the 1-Step Look-422

ahead Reward, we investigate an alternative reward423

formulation based on entropy difference. As shown424
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Figure 4: Comparison of Performance Using ∆-Loss
vs. ∆-Entropy Rewards.

in Figure 4, using the entropy-based reward (∆- 425

Entropy) also yields performance gains over the 426

baselines in both 1B and 8B. Notably, for the 8B 427

model, ∆-Entropy achieves performance compara- 428

ble to the ∆-Loss, suggesting that uncertainty re- 429

duction can serve as an effective signal for guiding 430

mixture optimization. These results demonstrate 431

the flexibility of our framework in accommodating 432

different reward definitions while still improving 433

overall performance. 434

7.5 Effect of Prior Scaling 435

We analyze how the prior-scaled formulation p(0) 436

in Equation (2) affects overall performance on the 437

TÜLU-2-mixture with a 1B model. Table 3 shows 438
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(a) As γ decreases (blue → orange), the best performance
shifts toward higher β values, highlighting the trade-off be-
tween exploration and exploitation. Extremely large or small
values of γ (solid lines) exhibit greater performance variance
across different β values.
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This suggests that the effect of γ can be offset by selecting an
appropriate β.

Figure 5: Performance Comparison varying Exploita-
tion Sharpness β vs. Exploration Uniformity γ. Best
viewed in color.

that removing the p(0) (W/O PRIOR in Table 3)439

leads to a substantial performance drop. To bet-440

ter understand this effect, we compare the mixture441

dynamics with and without p(0) in Figure 7. With-442

out prior-scaling, the sampling distribution remains443

close to its initial uniform distribution throughout444

training, showing that model fails to discover a445

good mixture.446

Even when we manually set the initial distribu-447

tion to be proportional (W/O PRIOR + PROP. INIT448

in Table 3), a performance gap still remains com-449

pared to the prior-scaled formulation. This demon-450

strates that prior-scaling not only naturally initial-451

izes the mixture near the data’s intrinsic distribu-452

tion, but also continuously anchors it throughout453

training, preventing drift during reward-based opti-454

mization.455

2 3 4 5 6 7 8
Exploitation Sharpness V

26.4

26.6

26.8

27.0

27.2

AV
G

Exploitation Sharpness V vs EMA Smoothing U
U = 0.95
U = 0.8
U = 0.5
U = 0.2

(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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(b) As α decreases, the mixture becomes more sensitive to
reward signals, resulting in unstable and noisy dynamics.

Figure 6: Effect of EMA Smoothing Strength α on
Performance Trends. Best viewed in color.

8 Conclusion 456

We propose DYNAMIXSFT, a method for dynamic 457

mixture optimization of instruction-tuning collec- 458

tions. We formulate the dataset mixture problem as 459

a multi-armed bandit setup and introduce a Prior- 460

scaled Boltzmann Exploration to softly anchor the 461

sampling distribution. Each dataset is treated as an 462

arm and updated using a lightweight 1-Step Look- 463

ahead Reward, without requiring additional models 464

or a validation set. We demonstrate the effective- 465

ness of DYNAMIXSFT on the TÜLU-2-mixture and 466

TÜLU-3-mixture collections, without relying on 467

human-crafted criteria. Furthermore, we provide 468

extensive analyses and visualizations that illustrate 469

how DYNAMIXSFT adapts mixture dynamics over 470

time and highlights the contribution of each dataset 471

during training. 472

8



Limitations473

In this work, we focus dataset mixture optimiza-474

tion in instruction-tuning stage, where the dataset475

collection consists of large-scale, heterogeneous476

datasets aggregated without explicit domain struc-477

turing. Instead of conducting fine-grained analy-478

sis on individual datasets or domain-specific ef-479

fects, our focus lies in optimizing mixture quality480

at scale across diverse sources. Moreover, our mix-481

ture policy operates at the dataset level, assigning482

sampling weights to entire datasets rather than in-483

dividual instances. While this design enables effi-484

cient optimization and interpretable mixture con-485

trol, instance-level mixture strategies remain an486

open direction for future work.487

Ethical Considerations488

This work employs the TÜLU collections, which489

is distributed under the ODC-BY license. The490

dataset combines multiple publicly available and491

web-sourced subsets, some of which are subject492

to non-commercial or mixed-use restrictions. All493

experiments in this study were conducted strictly494

for academic research purposes without any com-495

mercial intent. Given the inclusion of web-crawled496

data, a small portion of the corpus may inadver-497

tently contain imperfect or biased content. We fol-498

low the data usage policies provided by the dataset499

maintainers and do not perform any additional data500

redistribution or manual modification. All experi-501

ments strictly comply with the dataset’s research-502

only usage guidelines.503
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A Implementation Details769

Following the TÜLU training setup (Ivison et al.,770

2023; Lambert et al., 2025), we train the model for771

2 epochs, using a batch size of 128 for both training772

and reward updates. All training is conducted on773

8 × A100 40GB GPUs. In accordance with the774

each dataset collection, the number of arms K is775

set to 16 for TÜLU-2 and 19 for TÜLU-3. We report776

results using γ = 0.3, α = 0.95, and β = 4 for777

the 1B model, and β = 5 for the 8B model. The778

learning rate is set to 1e-5, with a linear decay779

scheduler and a warmup ratio of 0.03. Reported780

results are averaged over three runs. The standard781

deviations for DYNAMIXSFT were consistently782

small (σ < 0.25), and a t-test against the primary783

baseline yielded p-value < 0.05, confirming the784

statistical significance of the improvements.785

B Mixture Proportion without Prior786

Scaling787

Figure 7 shows the effect of removing prior dis-788

tribution p(0). Without prior scaling, the sam-789

pling proportion starts from a uniform distribution790

and shows limited adaptability, in contrast to DY-791

NAMIXSFT.792
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Figure 7: Effect of removing the prior in DY-
NAMIXSFT.

C Details of Evaluation Suite793

We evaluate our model on 10 benchmarks, follow-794

ing the TÜLU-3 evaluation setup (Lambert et al.,795

2025), as detailed in Table 4.796

D Details of Dataset Collection797

We utilize the TÜLU-2-mixture and TÜLU-3-798

mixture collections. TÜLU-2-mixture comprises799

∼320K instances from 16 instruction-tuning800

datasets: FLAN (50K) (Longpre et al., 2023),801

FLAN-CoT (50K) (Longpre et al., 2023), Open802

Assistant 1 (7K) (Köpf et al., 2023), ShareGPT803

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 4: Evaluation Setup for DYNAMIXSFT.

(114K), GPT4-Alpaca (20K) (Peng et al., 2023), 804

Code Alpaca (20K) (Chaudhary, 2023), LIMA 805

(1K) (Zhou et al., 2023a), WizardLM (30K) (Xu 806

et al., 2024), Open-Orca (30K) (Lian et al., 2023), 807

Hardcoded (140) (Ivison et al., 2023), and a 808

science-related dataset (7K) combining Evidence 809

Inference (Lehman et al., 2019), Qasper (Dasigi 810

et al., 2021), SciERC (Luan et al., 2018), Sci- 811

Fact (Wadden et al., 2020), and SciTLDR (Cachola 812

et al., 2020). 813

TÜLU-3-mixture contains ∼930K instances 814

from 19 datasets: CoCoNot (10K) (Brahman et al., 815

2024), FLAN v2 (89K) (Longpre et al., 2023), 816

No Robots (9K) (Rajani et al., 2023), OpenAs- 817

sistant Guanaco (7K) (Köpf et al., 2023), Tulu 818

3 Persona MATH (149K), Tulu 3 Persona GSM 819

(49K), Tulu 3 Persona Python (34K), Tulu 3 Per- 820

sona Algebra (20K), Tulu 3 Persona IF (29K), 821

NuminaMath-TIR (64K) (LI et al., 2024), Open- 822

MathInstruct 2 (50K) (Toshniwal et al., 2024), 823

Tulu 3 WildGuardMix (50K), Tulu 3 WildJailbreak 824

(50K), Tulu 3 Hardcoded (240), Aya (100K) (Singh 825

et al., 2024), WildChat GPT-4 (100K) (Zhao et al., 826

2024), TableGPT (5K) (Li et al., 2024), SciRIFF 827

(10K) (Wadden et al., 2025). Evol CodeAlpaca 828

(107K) (Luo et al., 2023). 829

E Long-term Effects of Immediate 830

Reward 831

We demonstrate that optimizing the 1-Step Look- 832

ahead Reward (immediate objective) is theoreti- 833

cally equivalent to achieving optimal convergence 834

in the long term. 835

Given a loss function L(θ) and standard gradient 836

update θt+1 = θt − η∇Lk(θt), let’s consider the 837

12



immediate reward:838

rt,k = L(θt)− L(θt+1). (6)839

AssumingL is smooth and the learning rate η is suf-840

ficiently small, we can approximate L(θt+1) using841

the first-order Taylor expansion around θt:842

L(θt+1) ≈ L(θt)− η||∇L(θt)||2, (7)843

and rearranging the terms to express the reward:844

rt,k = L(θt)− L(θt+1) ≈ η||∇L(θt)||2. (8)845

Selecting dataset k to maximize the 1-step re-846

ward rt,k is effectively equivalent to maximizing847

the descent magnitude along the gradient direction.848

Therefore, our reward does not track raw loss value,849

it explicitly measures learning progress.850

Why MAB is Appropriate? The Multi-Armed851

Bandit (MAB) framework is naturally suited for852

this task because it optimizes the cumulative re-853

ward
∑T

t=0 rt over the entire training horizon. In854

our setting, the reward is defined as the immedi-855

ate loss reduction: rt = L(θt)− L(θt+1). By the856

telescoping property, the cumulative reward is:857

T∑
t=0

rt =
T∑
t=0

[L(θt)−L(θt+1)] = L(θ0)−L(θT+1)

(9)858

Consequently, using the ∆-Loss reward within a859

bandit policy is not just a heuristic trick, it is a860

principled policy that prioritizes datasets yielding861

greater long-term loss reduction while maintaining862

essential exploration.863

13


	Introduction
	Related Works
	Dataset Mixture for LLMs
	Mixture Optimization

	Preliminary: Does Data Mixture Matter?
	Dynamic Mixture Optimization
	Mixture as a Multi-Armed Bandit
	1-Step Look-ahead Reward

	Experimental Setup
	Training Setting
	Evaluation
	Baselines

	Results
	Overall Comparison
	Impact of Instance Coverage
	Visualization of Dynamic Mixture

	Analysis
	Exploitation vs. Exploration
	Smoothing EMA Reward Strength
	Varying Update Interval
	Reward Comparison with -Loss vs. -Entropy
	Effect of Prior Scaling

	Conclusion
	Implementation Details
	Mixture Proportion without Prior Scaling
	Details of Evaluation Suite
	Details of Dataset Collection
	Long-term Effects of Immediate Reward

