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Figure 1: Performance evaluation of the Holistic Data Scheduler (HDS). All results are from a Pythia-1B model trained for 50
billion tokens on The Pile dataset. (a) Unweighted average validation perplexity across the 22 domains of The Pile. (b) 0-shot

accuracy on the MMLU benchmark.
Abstract

The composition of training data, governed by the diversity of
sources and their mixing strategy, is a cornerstone of Large Lan-
guage Model (LLM) pre-training. Online Data Mixing (ODM), the
technique of adaptively adjusting data mixtures during training, has
emerged as a promising direction to improve efficiency. However,
existing methods are constrained by their reliance on a singular
optimization perspective, which fundamentally overlooks the need
for complex LLM pre-training to consider the dynamic data compo-
sition from multiple dimensions. To overcome this limitation, we in-
troduce the Holistic Data Scheduler (HDS), a novel online data mix-
ing framework. HDS formulates the data scheduling challenge as a
reinforcement learning problem in a continuous control space and
leverages the Soft Actor-Critic (SAC) algorithm for its stability and
sample efficiency in exploring the high-dimensional policy space.
At the core of HDS lies a novel multi-objective, holistic reward
function that integrates three critical perspectives: a data-driven
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reward for quality, a loss-driven reward capturing inter-domain
influence, and a model-driven reward based on weight norms. To
validate our design and determine its optimal configuration, we con-
ducted systematic experiments on LLMs of various sizes. On The
Pile benchmark, HDS reaches the final validation perplexity of the
next best method with 44% fewer training iterations. Furthermore,
it achieves a 7.2% improvement on the MMLU 0-shot task along
with consistent gains on other benchmarks, showcasing its ability
to enhance both training efficiency and final model capability.
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1 Introduction

The paradigm for enhancing Large Language Models (LLMs) during
pre-training is undergoing a fundamental shift from the compute-
centric Scaling Laws towards Data-Centric Al [8, 17, 19, 23]. The
quality, diversity, and mixing strategy of pre-training data are now
recognized as decisive factors that not only shape the model’s ulti-
mate capabilities but also have profound economic and environmen-
tal implications [22]. A meticulously designed data mixing strategy
can significantly accelerate training convergence, thereby substan-
tially reducing the immense financial costs and carbon footprint
associated with pre-training [16, 21].

Research in data mixing strategies can be broadly categorized
into static offline and dynamic online methods. Static approaches
often leverage computationally inexpensive proxy models to dis-
cover an optimal mixing strategy [1]. Prominent examples include
DoReMi [21], which trains a proxy model with Group Distribu-
tionally Robust Optimization (Group DRO) to enhance robustness
against unknown downstream tasks, and DoGE [9], which formu-
lates the problem as a bi-level optimization to explicitly maximize
generalization on target domains. Similarly, RegMix [15] employs
a regression model to fit the relationship between mixing ratios
and model performance, thereby efficiently identifying an optimal
recipe. However, a fundamental limitation of these static methods
is their core assumption: that a single data recipe remains optimal
throughout the entire training process. This paradigm fails to ac-
count for the inherently non-stationary nature of an LLM’s learning
dynamics.

To address this, online data mixing (ODM) techniques have
emerged, which adapt domain weights at each training step based
on the model’s current state. The pioneering work, ODM [2], inge-
niously models this as a Multi-Armed Bandit (MAB) problem [3].
While effective, it uses the training loss on each domain’s batch
directly as a reward. This reward signal is myopic, as it evaluates
each domain in isolation and fails to capture potential inter-domain
synergies. To overcome this limitation, AC-ODM [16] advanced
the approach by employing the DDPG reinforcement learning al-
gorithm [16], with its core innovation lying in a reward mecha-
nism based on "gradient alignment." More recent works, such as
AutoScale [13] and Aioli [6], have further refined the dynamic ap-
proach by integrating more comprehensive frameworks. AutoScale
introduces a two-stage, scale-aware data composition framework
that adapts to evolving training scales, offering a more scalable solu-
tion. Aioli, on the other hand, dynamically adjusts data proportions
using an online method that more accurately estimates mixing law
parameters, improving performance across multiple datasets. These
innovations address the limitations of earlier approaches by consid-
ering the broader context of model performance, learning dynamics,
and scale. Despite these advances, existing dynamic strategies still
suffer from a narrow focus. They tend to optimize domain weights
from a single perspective—such as data quality, training loss, or
inter-domain influence—while neglecting the need to holistically
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consider the data composition from multiple dimensions, a crucial
requirement for the complex LLM pre-training process.

To overcome this limitation, we propose the Holistic Data Sched-
uler (HDS), a novel online data mixing framework centered on a
multi-objective reward system. HDS formulates the data mixing
challenge as a reinforcement learning task in a continuous con-
trol domain, formalized as a Markov Decision Process (MDP). We
employ the Soft Actor-Critic (SAC) algorithm [11], renowned for
its stability and sample efficiency in exploring high-dimensional
policy spaces.

In the HDS framework, the LLM pre-training process itself con-
stitutes the environment. To ensure the actor-critic agent can com-
prehensively perceive the training dynamics, the state is defined as
a vector that captures the model’s current performance, learning
velocity, and internal stability. The agent’s action corresponds to
the sampling probabilities for data domains in the subsequent train-
ing batch. During inference, given the current state, HDS leverages
the actor network within SAC to decide on this sampling proba-
bility distribution. To effectively encode the importance of each
data domain from the state vector while maintaining computational
efficiency, we designed compact, Transformer-like networks for
both the actor and the critic.

The cornerstone of HDS is a holistic reward function engineered
from three distinct perspectives. During training, we designed a
multi-objective, holistic reward function for HDS that integrates
three critical perspectives. The first component is a data-driven
reward for data quality. The second is a gradient-driven reward for
inter-domain influence, motivated by prior work like AC-ODM [16].
The third component is a model-centric reward based on the weight
norms of specific LLM layers, designed to incentivize actions that
promote rapid convergence and stability.

Our empirical results are compelling: as illustrated in Figure 1a,
when pre-training Pythia-1B on The Pile, HDS reaches the final
validation perplexity of the previous state-of-the-art method with
22% fewer iterations and outperforms the static The Pile Weights
(TPW) baseline by 57% fewer iterations (Figure 1b). Furthermore,
HDS achieves a 7.2% improvement over the previous best method
on the MMLU 0-shot task.

Our main contributions are as follows:

e We propose the Holistic Data Scheduler (HDS), a novel online
data mixing framework that employs the Soft Actor-Critic
(SAC) algorithm. HDS introduces a multi-objective reward
function that holistically integrates signals from data quality,
training dynamics, and model stability, guided by efficiently
designed actor-critic networks. This approach enables the
discovery of more effective and stable data mixing policies.

o We establish HDS as the new state-of-the-art for non-proxy
ODM techniques, demonstrating significant acceleration by
matching the prior best perplexity with 22% fewer iterations,
alongside superior final performance with a 7.0% perplexity
reduction on the Pile test set and accuracy gains of 7.2%
(0-shot) and 4.0% (5-shot) on MMLU, with consistent perfor-
mance improvements on other downstream tasks.

e We conduct extensive ablation studies and provide a fine-
tuned set of hyperparameters and design choices for HDS.
This serves as a practical guide for researchers to effectively
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apply HDS to pre-train LLMs at even larger scales, facilitating
broader adoption and future research.

2 Methodology: The Holistic Data Scheduler

In this section, we introduce the Holistic Data Scheduler (HDS),
a novel online data mixing framework for LLM pre-training. At
its core, HDS formulates the dynamic data scheduling problem as
a continuous control task optimized via multi-objective reinforce-
ment learning. We employ the Soft Actor-Critic (SAC) algorithm,
renowned for its stability and sample efficiency, to navigate the
high-dimensional policy space of data mixing strategies. The over-
all architecture, illustrating the interaction between the SAC agent
and the LLM environment, is depicted in Figure 2.

2.1 Problem Formulation

Let D ={Dy, D, ..., Dk} denote a large-scale pre-training corpus
composed of K distinct data domains. Our objective is to dynami-
cally determine the optimal mixing weights for these domains at
each training step. We define the domain weight vector at training
step tas a’ = [a},a},...,ak] € AK, where AKX is the probability
simplex in R (i.e., Y&, a’ =1and af > 0).

The data mixture used to train the LLM is constructed based
on these weights. Specifically, a training batch B! is formed by
first sampling a domain D; with probability a!, and then uniformly
sampling a mini-batch of instances from that domain, denoted as
B; ~ UNIFORM(D;). This procedure induces an instance-wise sam-
pling distribution over the entire corpus, given by P, = ¥ at -
UNIFORM(D;).

In contrast to offline methods that fix a before training, our on-
line approach aims to find an optimal sequence of policies {r;}7_,
that generate a sequence of domain weights {a’ Z:O. This sequence
dynamically adapts to the LLM’s learning state to maximize a cu-
mulative, multi-objective reward signal, thereby accelerating con-
vergence and enhancing final model performance.

2.2 Online Data Mixing as a Multi-Objective RL
Problem

We formalize the dynamic data scheduling task as a Markov Deci-
sion Process (MDP), defined by the tuple (S, A, P, R, y), where S
is the state space, A is the action space, P is the state transition
function implicitly defined by the LLM training dynamics, R is our
novel reward function, and y is the discount factor.

State Space (S). The state s’ € S at step t is designed to provide
the RL agent with a comprehensive snapshot of the LLM’s train-
ing dynamics. It is a high-dimensional vector comprising six key
components:

(1) Sample Count (n'): A vector of the number of samples
drawn from each domain up to step ¢.

(2) Training Step (t): The current global training iteration.

(3) Domain Losses (I'): A vector of the validation loss for each
domain.

(4) Loss Deltas (Al*): The change in domain losses from the
previous step, I’ — I~

(5) Weight Norm (||@’||2): The Ly-norm of the weights of pre-
selected layers in the LLM.
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Figure 2: An overview of the Holistic Data Scheduler (HDS)
framework. At each training step t, the SAC agent observes
the state s’ from the LLM environment. The actor network
outputs a stochastic action a’, which defines the domain
weights for sampling the next data batch B’. The LLM is then
trained on B’, leading to a new state s;; and a holistic reward
r¢. The transition tuple is stored in the experience replay
buffer. The actor and critic networks, both with Transformer-
based architectures, are updated by sampling mini-batches
from the buffer. This cycle enables HDS to dynamically opti-
mize the data mixing strategy throughout the pre-training
process.

A 4

(6) Weight Norm Delta (||Aw’||;): The change in the L;-norm
of weights from the previous step.
This comprehensive state representation, s’ = (n’, t, 1!, Al', ||@?||,
[|Aw'||2), enables the agent to make informed decisions based on
both historical trends and the instantaneous state of the LLM.

Action Space (A). The action @’ € A corresponds to the domain
weight vector a’*! to be used for sampling the next training batch.
The action space is continuous and constrained to the probability
simplex AKX,

Policy (). HDS employs a stochastic policy g, (a’|s’), parame-
terized by the actor network with weights 84. This policy outputs
a probability distribution over the continuous action space, from
which a specific domain weight vector a’*! is sampled.

2.3 Holistic Reward Function Design

A pivotal innovation of HDS is its multi-objective reward function,
which synthesizes three distinct perspectives to create a holistic
training signal. The final reward for domain i at step ¢, rf, is a
weighted combination of these components.

1. Inter-Domain Influence Reward (ral,-gn). Inspired by DoGE [9]
and AC-ODM [16], this reward component quantifies the positive
influence of training on one domain’s data on all other domains. Let
g! =V, L(0},, B!) be the gradient of the loss with respect to the
LLM parameters 0y for a batch B! from domain i. The alignment
reward for domain i is defined as the inner product of its gradient
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Figure 3: The network architecture for the actor and critic.
The action is excluded from the input for the actor network.

with the aggregated gradients of all other domains:

K
t _ t t
Talign,i = <gi’ Z 9j> 1
JELj#i

5 t
A high T align,i
the learning objectives of other domains, thus promoting the selec-
tion of data with high cross-domain utility and accelerating overall

convergence.

indicates that updates from domain i align well with

2. Scheduled Lexical Diversity Reward (7 jiversiry). This component
is designed to dynamically guide the model’s exposure to textual
complexity in alignment with its learning progression. We use
the Measure of Textual Lexical Diversity (MTLD) [18] as a proxy
for syntactic complexity. The reward is defined to encourage the
model to learn from simpler texts (lower MTLD) in early training
stages and gradually shift to more complex texts (higher MTLD) as
training progresses.

First, we compute the MTLD score for the batch from each do-
main, MTLD(B!). This score is normalized to [0, 1]:
MTLD(B!) = MTLD i )
MTLDmax — MTLDpyin @
where MTLDy,y is the sequence length and MTLD, = 2. We also
normalize the current training step ¢’ = t/Tiotal. The scheduled
diversity reward is then:

t _ v
Taiversityi = NTLDpom(B1) + € ©)
where € is a small constant to prevent division by zero. This for-
mulation creates a dynamic target: early on (small ¢’), the agent
is rewarded for picking low-MTLD domains; later (large t’), the
reward is higher for high-MTLD domains, creating a natural cur-
riculum.

MTLDnorm (Bf) =

3. Model Stability Reward (¥ stapitiry). This reward promotes smooth
and stable convergence by penalizing drastic fluctuations in the
model’s parameters. It is defined as the inverse of the magnitude
of change in the Ly-norm of selected layer weights w’ (the same
layers used for state representation) and we use Fspility to prevent
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Algorithm 1: The Holistic Data Scheduler (HDS) Algo-
rithm
Input  :Corpus O = {Dy, ..., Dk}, hyperparameters
Initialize : Actor g )45 Critics Q"Cl,cz’ target critics Qg'chcz with

0’ « 0, replay buffer 8, number of training N,
entropy temperature dent, LLM Opr.
fort=1,...,T do
Observe state s’ from the LLM environment;
Sample action a’;
Sample data batch B’ according to Pr+1;
Update LLM parameters:
0471 — 04, — i TN, a1V £(0},,B);
Compute reward vector r? using Eq. (1)-(5);
Observe next state s’*1;
Store transition (s?, af, r¢, s*!) in B;
forng. =1,..., Ny do
Sample a minibatch {(s/, a’/, ¥/, s/*1)} from B;
Compute target y/ for each transition in the minibatch;
Update critics by minimizing £(6¢1) and L(6c2);
Update actor by minimizing £(04);
Update entropy temperature by minimizing £ (Qent);
Update target networks using Polyak averaging;

it from getting too large late in training:
1
N[z = llw*~H]2] + €

Tstability = Max( ; Pstability) (4)

This scalar reward is applied uniformly across all domains. It in-
centivizes the agent to choose data mixtures that lead to steady
learning, avoiding overly aggressive updates that might destabilize
the training process.

Final Reward. The total reward vector r’ is a weighted sum of
these three components:

¢ ¢ ¢ ¢
r= Walignralign + WdiVerSityrdiversity + Wsmbﬂityrstability 1 (5)
where w(.y are hyperparameters balancing the contribution of each

objective, and 1 is a vector of ones which the dimension is the
numbers of domains.

2.4 HDS Agent and Model Update

Each iteration involves updating the LLM parameters 6y and the
HDS agent’s parameters (actor 04, critics Ocy, ¢z, and entropy
temperature Qent)-

LLM Update. Given the domain weights a’ sampled from the
policy, the LLM parameters are updated via stochastic gradient
descent:

K
05" — 04y — v Y, @V, L(0y, BY) ©)
i=1

where 7y is the learning rate for the LLM.

SAC Agent Update. The SAC agent learns from transitions (s’, a’,
rt,s'*1) stored in a replay buffer 8. The update process leverages
twin Q-networks (critics) to mitigate overestimation bias.

Critic Update. The two critic networks, Qg., and Qg,,, are
updated by minimizing the soft Bellman residual. The target value
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y for a transition (s, a,r,s’) is:
y=r+y (}1{13111; Qg’ck (s",a") — entlog g, (a'|s')) 7)

where @’ ~ 79, (|s'), and 07, are the weights of the target critic
networks. The loss for each critic is the mean squared error:

L(Ock) =E(sars)-8 [(Qeck (s,a) - y)z] . k=12 ()

Actor and Entropy Update. The actor network is updated by
maximizing the expected return and the policy entropy. The policy
loss is:

©

L(04) = et [ 08 70, (als) - i Qe (5.0

The entropy temperature dent is also learned by minimizing its own
loss function to dynamically balance the reward and policy entropy:

L(aent) = Ea~7r9A [_aent 10g T 5 (a|s) - aentq_{] (10)

where H is a target entropy hyperparameter.

Network Architecture. As shown in Figure 3ur actor and critic
networks employ a compact, Transformer-based architecture. This
design leverages self-attention mechanisms to effectively model
the complex inter-dependencies within the high-dimensional state
vector s’, enabling a more nuanced mapping from state to action
and value.

Target Network Update. The target critic networks are updated
via Polyak averaging:

0y — 10ck + (1 — 1), (11)

where 7 < 1 is the target smoothing coefficient.
To summarize, the training procedure of HDS is described in
Algorithm 1.

3 Experiments and Analysis

In this section, we conduct a series of experiments to rigorously
evaluate the performance of our proposed Holistic Data Scheduler
(HDS). We first detail the experimental setup, then present the
main results, and finally provide in-depth analyses on performance
improvements and computational efficiency.

3.1 Experimental Setup

Our experimental framework is designed to ensure reproducibility
and fair comparison. All experiments were conducted on a consis-
tent hardware platform equipped with an Intel Xeon Platinum 8468
CPU and eight NVIDIA H800 80GB GPUs.

Dataset and LLM Training. We use The Pile [10], a large-scale,
diverse, and open-source dataset for language model pre-training.
It consists of 825GB of text from 22 different domains. For our
experiments, we train a 1-billion-parameter decoder-only Trans-
former model based on the Pythia suite [4], leveraging a modified
version of the GPT-NeoX library [5]. The model is trained for 50
billion tokens, which corresponds to 41,667 training steps. We set
the sequence length to 1024 and utilize sequence packing to im-
prove efficiency. The global batch size is 1152, achieved through
a micro-batch size of 8 per GPU and gradient accumulation over
18 steps. During a warm-up phase of the first 833 steps, we apply
the original domain weights from The Pile with a small Gaussian
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noise N (0, 0.02) to stabilize initial training, before activating the
HDS policy.

SAC Setting. The core of HDS is the Soft Actor-Critic (SAC) agent,
which dynamically adjusts domain weights. For the model-driven
reward component and state representation, we select the weights
from the Transformer layers at even-numbered indices, as well as
the first layer, to balance representational richness and computa-
tional cost. To ensure the three reward components contribute on
a comparable scale, we set their respective weights as waiign = 1,
Wdiversity = 10, and Wgtapility = 10. Furthermore, the stability reward
is capped at an upper limit of 5 to prevent extreme values from
destabilizing the agent’s learning process.

The actor and critic networks are crucial for the agent’s perfor-
mance. For our 1B parameter LLM, we designed lightweight yet
powerful network architectures for both. They consist of a linear
projection layer with a dimension of 256, followed by 8 Transformer
encoder blocks with a hidden dimension of 512. The final output
is produced by a 4-layer MLP. This architecture results in a total
of approximately 5 million parameters for each network, ensuring
minimal computational overhead while effectively processing the
complex state information. And Ny, is set to 2.

Baselines. We compare HDS against several strong baselines to
demonstrate its effectiveness:

e The Pile Weights (TPW): The static, heuristic-based do-
main weights originally provided with The Pile dataset.

e ODM [2]: An online data mixing method that models the
problem as a multi-armed bandit, using domain-specific loss
as the reward signal.

e AC-ODM [16]: An advanced online method using an actor-
critic framework that considers inter-domain interactions
through a gradient alignment reward.

Evaluation. Our evaluation is twofold. First, we measure the
model’s language modeling capability using the unweighted aver-
age perplexity on the validation sets of all 22 domains in The Pile.
Second, to assess downstream task performance, we evaluate the
models on the MMLU benchmark [12], which covers 57 diverse
subjects. We report both 0-shot and 5-shot accuracy.

3.2 Main Results

Our primary findings, illustrated in Figure 1, demonstrate the sig-
nificant advantages of HDS in both training efficiency and final
model performance.

As shown in Figure 1a, HDS exhibits a substantially steeper de-
cline in validation perplexity compared to all baselines. It reaches
the final perplexity level of the strongest baseline, AC-ODM, with
approximately 44% fewer training steps. When compared to the
static TPW baseline, HDS achieves the same perplexity with a re-
markable 57% reduction in training steps. By the end of the training
at 41,667 steps, HDS achieves a final validation perplexity that is
13.6% lower than TPW, 8.9% lower than ODM, and 5.3% lower than
AC-ODM. This highlights the superior efficiency and effectiveness
of our multi-objective optimization approach, which enables the
model to learn more effectively from the data mixture at every stage
of training. Beyond these perplexity improvements, we observe a
strong correlation with downstream capability gains.
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Figure 4: Test perplexity on the average and across the 22 individual domains of The Pile. The horizontal axis indicates the
domain name and its corresponding token proportion in the training set. HDS consistently achieves lower perplexity across
nearly all domains, demonstrating its robustness and ability to effectively balance learning dynamics.

Complementing the perplexity results, Figure 1b presents the
evolution of 0-shot accuracy on the MMLU benchmark through-
out the pre-training process. While the AC-ODM baseline exhibits
competitive performance in the earliest stages, HDS demonstrates
a more rapid and sustained trajectory of improvement. Crucially,
HDS surpasses all baselines by the 20k step mark and maintains a
distinct lead until the end of training. This consistent superiority in
test accuracy indicates that the lower perplexity achieved by HDS
translates directly into robust, generalizable representations, rather
than merely overfitting to the validation set language modeling
objective.

Table 1: Evaluation of downstream task performance on the
MMLU benchmark. Accuracy (Acc) is reported.

Algorithm  0-shot  5-shot
TPW 0.20664  0.27469
ODM 0.23514  0.28416
AC-ODM 0.25146  0.29868
HDS 0.26915 0.31064

The downstream performance on the MMLU benchmark, de-
tailed in Table 1, further corroborates these findings. HDS not only
trains faster but also produces a more capable model. In the 0-shot
setting, HDS achieves an accuracy of 0.26915, outperforming all
baselines. Similarly, in the 5-shot setting, HDS attains an accuracy
of 0.31064. This consistent improvement on complex downstream
tasks underscores that the holistic reward function in HDS guides
the pre-training process towards developing more generalizable
and robust representations.

The zero-shot performance on specific downstream tasks, pre-
sented in Table 2, provides additional evidence of the effectiveness
of our approach. HDS demonstrates superior generalization capa-
bilities, outperforming baselines on three out of the four evaluated
datasets. Specifically, HDS achieves the highest accuracy on COPA
(0.71000), PIQA (0.69840), and WinoGrande (0.65120), significantly

Table 2: Zero shot accuracy on downstream tasks using The
Pile pretrained Pythia-1B models.

Method COPA LogiQA PIQA  WinoGrande
TPW 0.54800  0.23810  0.60330 0.50930
ODM 0.68000 0.30720  0.68330 0.59650
AC-ODM  0.69800 0.30110  0.69670 0.58300
HDS 0.71000 0.30550  0.69840 0.65120

surpassing TPW and AC-ODM. While ODM yields a marginal ad-
vantage on LogiQA, HDS remains highly competitive with a com-
parable score of 0.30550. This robust performance across diverse
reasoning and commonsense tasks reinforces the conclusion that
the HDS data mixing strategy effectively facilitates the acquisition
of more transferable knowledge during pre-training.

3.3 Reduction of Perplexity to Baselines

The holistic reward function of HDS is engineered to create a syn-
ergistic learning curriculum by dynamically balancing data quality,
inter-domain influence, and model stability. This allows HDS to
exploit shared knowledge across domains, thereby accelerating
the learning process. Figure 4 presents the test perplexity for each
method on held-out data from all 22 domains, providing a granular
view of their performance.

A critical component driving this robust performance is the
scheduled lexical diversity reward (rgiversity), Which introduces an
explicit curriculum learning dynamic absent in prior methods. This
reward component incentivizes the model to first learn from do-
mains with lower lexical diversity (i.e., simpler, more repetitive lan-
guage structures) during the initial training phases. As the model’s
capabilities grow, the reward schedule shifts to prioritize domains
with higher lexical diversity (i.e., more complex and varied vocabu-
lary and syntax). This "simple-to-complex” progression prevents
the model from being overwhelmed by difficult text early on and
ensures it builds a solid linguistic foundation. For instance, domains
like Ubuntu IRC or OpenSubtitles, characterized by conversational
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and often less complex text [10], are reduced little. Subsequently,
the model is better prepared to tackle the rich, formal, and diverse
content found in domains like FreeLaw or BookCorpus2 [10], lead-
ing to more efficient and stable learning in final stages.

This curriculum-aware scheduling explains why HDS demon-
strates superior or highly competitive performance across the vast
majority of domains, in contrast to methods that might excel in
some areas but falter in others. For instance, in domains with small
to medium data proportions (e.g., NIH ExPorter, Ubuntu IRC, DM
Mathematics), where efficient knowledge extraction is critical, HDS
shows a clear advantage. Its reward mechanism not only identifies
high-utility data but also sequences it appropriately based on its
complexity.

Furthermore, in large-data domains (e.g., Pile-CC, PubMed Cen-
tral, Books3), which form the backbone of the pre-training corpus,
HDS also consistently outperforms other methods. This indicates
that the scheduler does not merely focus on smaller, more challeng-
ing domains but maintains a global, curriculum-informed perspec-
tive, optimizing the data mixture to ensure robust learning across
the entire data distribution. The ability of HDS to dynamically
leverage the strengths of all domains by prioritizing samples that
maximize cross-domain knowledge transfer and model stability,
all while respecting the model’s current learning stage, is a key
factor behind its state-of-the-art performance. This validates the ro-
bustness of our multi-objective approach in complex, multi-domain
pre-training scenarios.

3.4 Computational Cost Reduction Relative to
Others

To provide a comprehensive assessment of efficiency, we analyze
the computational cost required for each method to train a 1B LLM
to a comparable level of performance. We use the final perplex-
ity achieved by the TPW baseline as the convergence target and
measure the steps and time taken by each method to reach it.

The results, summarized in Table 3, highlight the substantial
computational savings offered by HDS. While introducing an in-
telligent scheduling agent (the SAC actor and critic) adds a small
number of parameters (26.5M, a ~2.6% increase), the operational
overhead is minimal. The time per step increases only marginally
from 2.47s to 2.49s—an increase of less than 1%—indicating that the
integration of HDS does not impose a bottleneck on the training
throughput.

HDS reaches the target perplexity in just 17,917 steps. This is a
significant reduction compared to the static TPW baseline, as well
as the dynamic ODM and AC-ODM methods. This translates to a
remarkable speedup ratio of 2.21x relative to the baseline training
time. This efficiency gain stems directly from the superior sample
quality provided by the HDS policy at each step, allowing the model
to learn faster and more effectively.

Furthermore, we analyze the implications of these findings for
scaling to larger model architectures. The computational overhead
of the HDS agent is primarily driven by its forward pass, which
is computationally inexpensive compared to the gradient-heavy
backpropagation of the LLM. As indicated by our hyperparameter
studies, the agent’s size does not need to scale linearly with the
backbone model and remains effective at a small fraction (e.g.,
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Figure 5: Ablation study of the reward components. The vali-
dation perplexity curves show the performance of the full
HDS model against variants with each of the three reward
signals removed (w/o denotes "without").

~0.5%) of the LLM’s parameters. Consequently, as the target model
scales to larger dimensions (e.g., 7B or beyond), the relative cost
of the agent is expected to become asymptotically negligible. This
suggests that the substantial speedup ratios observed here are likely
to persist or even improve in larger-scale scenarios, validating HDS
as a highly cost-effective solution for resource-intensive foundation
model pre-training.

3.5 Ablation Study on Reward Components

To dissect the individual contributions of our multi-objective reward
function, we conducted a comprehensive ablation study. We sys-
tematically removed each of the three reward components—inter-
domain influence (ralign), scheduled lexical diversity (rgiversity), and
model stability (7stability)—and evaluated the impact on the pre-
training performance. For a more granular analysis concerning
the sensitivity of the specific weights assigned to these reward
components, please refer to Appendix B. The results, as illustrated
in Figure 5, reveal the critical and synergistic roles played by each
component.

The full HDS model, which integrates all three rewards, consis-
tently achieves the lowest validation perplexity (red curve), con-
firming that the components work in concert to produce the best
results. The most significant performance degradation occurs when
the inter-domain influence reward is removed (w/o rahgn). As shown
by the purple curve in Figure 5, the final perplexity of this variant
is substantially higher than all others, underscoring that ryj;g, is
the cornerstone of our framework. The widening gap between this
variant and the full model throughout training suggests that with-
out prioritizing data that maximizes positive gradient alignment,
the model struggles to capture the underlying synergies between
domains, severely hampering acceleration and knowledge transfer.

Removing the scheduled lexical diversity reward (w/o 7diversity)
leads to the second-largest decline in performance, represented by
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Table 3: Comparison of model size and computational cost during pre-training. The columns AC, LLM, and AC+LLM show the
parameter counts for the agent, the language model, and the combined system. Time per step, total steps required to match the
final perplexity of the Pile weights (TPW), and the resulting speedup ratio are also reported.

Algorithm AC (Params) LLM (Params) AC+LLM (Params) Time per Step (s) Steps Speedup Ratio
TPW 0 1B 1B 2.47 41667 1.00x
ODM 0 1B 1B 2.47 29162 1.37x
AC-ODM 17.32M 1B 1.02B 2.48 21330 1.87x
HDS 26.5M 1B 1.03B 2.49 17917 2.21x
Table 4: Final perplexity on The Pile test set for Pythia mod-
0.065 els of varying sizes, trained with HDS agents of different
0.06 Book3 Arxiv = Pile-CC parameter counts (expressed as a percentage of the LLM’s
0.055 = DM Mathematics Ubuntu IRC parameters).
£ 005 Params | 0.1% 03% 0.5% 10% 1.5%
z 0.045 70M 2286 21.24 2128 2124 21.58
-E 0.04 160M 1996 19.65 18.88 18.90 18.85
§ 0.035 410M 1495 1456 14.33 1434 14.33
A% 1B 13.24 1264 12.15 1215 12.14
0.03
0025 3.6 Analysis of Dynamic Domain Weights
0.02 o 10000 20000 20000 40000 To further understand the inner workings of our HDS framework,
Traini we visualize the evolution of the domain sampling weights through-
raining Step

Figure 6: Evolution of domain weights for five selected do-
mains with obvious changes during pre-training. The dy-
namic adjustments reflect the policy learned by HDS to opti-
mize the data mixture.

the blue curve. This result validates the efficacy of our explicit cur-
riculum learning strategy. Unlike the stability component, the lack
of Tdiversity results in a distinct performance gap that persists from
the early stages to convergence. Without the "simple-to-complex"
guidance provided by this reward, the model is less efficient at build-
ing its linguistic foundation, resulting in a slower convergence rate.
This highlights the importance of not just selecting high-quality
data, but also scheduling its delivery in alignment with the model’s
evolving capabilities.

Finally, the model trained without the stability reward (w/o
Tstability) performs better than the other two ablated variants but
still consistently falls short of the complete HDS model (orange
curve vs. red curve). This indicates that while promoting smooth
and steady updates via rability is not as impactful as capturing inter-
domain synergies or implementing a curriculum, it remains a valu-
able component. It acts as a regularizer, preventing erratic training
dynamics that could otherwise slightly hinder the model’s learning
trajectory. In summary, this ablation study decisively demonstrates
that all three reward components are integral to HDS’s state-of-
the-art performance, with each addressing a distinct and crucial
aspect—alignment, curriculum, and stability—of the complex LLM
pre-training process.

out the pre-training process. Figure 6 illustrates the dynamic weight
adjustments for domains with obvious changes, offering insight
into how HDS’s policy adapts over time.

Initially, the weights for all domains exhibit sharp fluctuations as
the SAC agent explores the policy space to learn the complex rela-
tionship between data mixture and model performance. Following
this initial exploration phase, clear and meaningful trends emerge.

The weight for Ubuntu IRC, a domain characterized by conver-
sational text and relatively low lexical diversity, quickly stabilizes
at a low value. This aligns perfectly with our curriculum learn-
ing objective (rgiversity),* its simpler linguistic structures are most
valuable during the early stages of training to build a foundational
understanding, after which its marginal utility diminishes, and its
sampling weight is appropriately reduced.

Conversely, the weight for Book3, a domain renowned for its
high-quality, general-purpose, and lexically diverse text, shows
a consistent upward trend, eventually becoming the most heav-
ily weighted domain. This demonstrates the effectiveness of the
Tdiversity component in action. As the model matures and training
progresses (i.e., as t’ increases), the reward function increasingly
prioritizes complex and diverse data to facilitate more advanced
learning, correctly identifying Book3 as a prime source for this
purpose.

The trajectories of the specialized, high-diversity domains like
Arxiv and DM Mathematics are also revealing. Their weights ini-
tially spike, likely driven by high inter-domain influence (raiign) as
the model tackles their unique vocabularies, before settling at a
moderate, stable level. This suggests that while their specialized
knowledge is consistently valuable, HDS learns to balance it against
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the need for broad, general-purpose data from domains like Book3
and Pile-CC.

4 Hyperparameter optimization

Given the immense computational and time costs associated with
LLM pre-training, optimizing the hyperparameters of the HDS
framework is crucial for its practical application. To this end, we
conducted a series of targeted experiments to refine key design
choices and provide empirical guidance for researchers aiming to
apply HDS to larger-scale models.

Our experiments on layer selection strategies for both the state’s
weight norm and the ryjig, calculation (detailed in Appendix C)
yielded clear insights. For the state representation, incorporating
a larger number of the LLM’s layers generally leads to a more com-
prehensive state capture and better performance, albeit at a higher
computational cost. A layer-sampling approach (e.g., selecting all
even- or odd-indexed layers) provides a highly effective trade-off,
maintaining a global view of the training dynamics while improving
efficiency. Conversely, for the alignment reward (ra1ign), select-
ing layers from the latter half of the model tends to yield slightly
better results. This is likely because deeper layers encode richer
semantic information, which is more indicative of the cross-domain
knowledge transfer we aim to optimize.

Furthermore, we rigorously investigated the optimal parameter
count for the Actor and Critic networks relative to the LLM’s size.
The results, presented in Table 4, reveal a consistent pattern across
model scales. The analysis shows that performance generally im-
proves as the agent’s network size increases, but the gains follow a
law of diminishing returns.

For most model scales, an agent size of approximately 0.5% of
the LLM’s parameters strikes an excellent balance, delivering near-
optimal performance without incurring unnecessary computational
overhead.

Based on these findings, we offer the following practical guide-
lines for scaling HDS:

o State Representation: Depending on hardware and time
constraints, select a layer-sampling strategy (e.g., all even-
or odd-indexed layers) to ensure the state’s weight norm cap-
tures a broad, representative snapshot of the LLM’s evolving
weights.

¢ Alignment Reward: For the r,j;gn calculation, prioritize
selecting a few layers from the latter half of the model, as
these are more indicative of the model’s higher-level seman-
tic understanding and facilitate better gradient alignment.

o Agent Network Size: Choose an Actor and Critic network
size that is approximately 0.3% to 1.5% of the target LLM’s
parameter count. A ratio of around 0.5% serves as a robust
and efficient starting point that balances capability with
training throughput.

To empirically validate these guidelines and assess the scalability
of our approach, we conducted a large-scale pre-training experi-
ment on the Pythia-12B model. For this evaluation, we maintained
consistency with the training hyperparameters used in our main
experiments, while the HDS agent’s architecture was configured
strictly according to the practical recommendations derived above
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Table 5: Validation perplexity on The Pile during Pythia-12B
pretraining.

Steps 5,208

ODM 1453 10.01 8.55 7.32
HDS 13.46 8.19 6.04 4.89

10,416 15,624 20,832

(using ~0.5% parameter ratio). The model was trained for a total of
25 billion tokens on The Pile.

The results, detailed in Table 5, clearly demonstrate the effec-
tiveness of HDS when scaled to larger architectures. HDS exhibits
superior convergence properties, consistently achieving lower val-
idation perplexity than the ODM baseline at every checkpoint.
Most notably, the performance gap widens significantly as
training progresses. At step 5,208, the perplexity difference is
approximately 1.07; by the final checkpoint (20,832 steps), HDS
attains a perplexity of 4.89, significantly outperforming ODM’s
7.32—a relative improvement of over 33%. This substantial margin
confirms that the holistic reward function remains robust at scale
and that our proposed scaling strategy effectively translates the
benefits of HDS to large-scale language model pre-training.

5 Conclusion

We introduced the Holistic Data Scheduler (HDS), a novel online
data mixing framework that reconceptualizes LLM pre-training as
a multi-objective reinforcement learning problem in a continuous
control space. By leveraging a sophisticated Soft Actor-Critic agent
guided by a holistic reward function—synergistically integrating
inter-domain influence to capture data synergies, scheduled lexical
diversity to enforce an effective curriculum, and model stability to
regularize updates—HDS consistently outperforms existing static
and dynamic methods. Our extensive experiments on the Pythia
suite demonstrate that HDS significantly accelerates training effi-
ciency, matching the performance of static baselines with 57% fewer
iterations and achieving a remarkable 2.21x wall-clock speedup
with negligible computational overhead. Beyond efficiency, HDS
enhances final model quality, delivering a 13.6% reduction in valida-
tion perplexity and substantial gains in downstream reasoning, in-
cluding a 7.2% improvement on MMLU (0-shot) and state-of-the-art
results on commonsense tasks like COPA and PIQA. Furthermore,
our validation on a 12B parameter model confirms the scalability of
our approach, where HDS maintains a significant performance ad-
vantage over baselines. The success of HDS underscores the value of
moving beyond single-objective optimization, establishing a more
principled and data-centric paradigm for efficiently pre-training
powerful and generalizable large language models. We believe HDS
and the accompanying practical guidelines offer a valuable contri-
bution to the community, paving the way for more cost-effective
and robust LLM development.
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A LLM Model Configuration

Our language model is built upon a 16-layer Transformer architec-
ture. It features a hidden dimension of 2048 and utilizes 16 attention
heads, with all sequences processed at a fixed length of 1024 to-
kens. To encode positional information, we incorporate Rotary
Positional Embeddings (RoPE) [20]. For computational efficiency,
the self-attention mechanism is implemented using FlashAtten-
tion [7], which significantly optimizes memory access patterns and
reduces training time. Model optimization is performed using the
Adam optimizer [14]. We employ a specific learning rate schedule,
beginning with a linear warm-up over the first 833 training itera-
tions from a base rate of 2.5e-5 to a peak of 2.5e-4. Subsequently, the
learning rate follows a cosine decay schedule, eventually returning
to the minimum rate of 2.5e-5. All text data is processed using the
GPT-NeoX-20B tokenizer [5].

B Sensitivity Analysis of Reward Weights

Table 6: Ablation of the three reward weight components
(order: Wajign, Waiversitys Wstability)- Validation Perplexity is re-
ported at 20,832 steps.

Reward Weights Validation Perplexity

(1,10, 10] 12.73
[0, 10, 10] 13.45
[1,0,10] 12.89
[1,10,0] 12.79
(2,10, 10] 12.81
(1,20, 10] 12.78
[1, 10, 20] 12.73

To determine the optimal configuration for the multi-objective
reward function, we investigated the sensitivity of the model’s
performance to variations in the scalar weights associated with
each reward component: Wujign, Wdiversity> and Wszapiliry- Table 6
presents the validation perplexity at 20,832 steps for various weight
combinations.

The baseline configuration of [1, 10, 10] yields the optimal per-
plexity of 12.73. Consistent with our main ablation study, setting
any single component’s weight to 0 results in performance degrada-
tion, with the removal of the alignment weight (wg;ign, = 0) causing
the most significant increase in perplexity to 13.45.

Furthermore, we explored the impact of amplifying the weights.
Doubling wgjign t0 2 0r Waigersiry to 20 results in a slight regression
in performance (12.81 and 12.78, respectively), suggesting that an
over-emphasis on alignment or diversity may disrupt the learn-
ing balance. Interestingly, increasing the stability weight to 20
([1, 10, 20]) maintains the optimal perplexity of 12.73. This indicates
that while the stability reward is essential (as seen by the drop when
Wstability = 0), the model is relatively robust to higher magnitudes
of stability regularization. Based on these findings, we selected
[1,10, 10] as the default configuration to minimize hyperparameter
complexity while ensuring peak performance.



Holistic Data Scheduler for LLM Pre-training via Multi-Objective Reinforcement Learning KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

state_model_weights/8 state_model_weights/7

1.5 1
1
0
0.5
0 -1
-0.5 Step 2 Step
10k 20k 30k 40k 10k 20k 30k 40k

state_model_weights/5 state_model_weights/3

2
0.5
1.5
0
1
-0.5 ~9
0.5
-1
0 Step Step
10k 20k 30k 40k 10k 20k 30k 40k

Figure 7: Evolution of the L2 norm for selected layer weights during the training process. Each subplot corresponds to a different
set of layers used in the state representation. The consistent pattern of initial volatility followed by stabilization highlights the
regularizing effect of the model stability reward (rstability)-

C Hyperparameter Sensitivity Analysis

This section provides detailed results from our hyperparameter op-
timization experiments, specifically focusing on the layer selection
strategies for the state representation and the alignment reward

(ralign)-

C.1 Layer Selection Analysis

We investigated how the choice of layers for constructing the model-
centric components of our framework impacts overall performance.
The results are summarized in Table 7 and Table 8.

Table 7 details the ablation study on layer selection for the state
vector’s weight norm component. The results indicate a clear trend:
incorporating information from a broader set of layers leads to a
more comprehensive state representation and, consequently, better
final perplexity. The optimal performance is achieved when all 24
layers are used. However, this approach incurs the highest compu-
tational cost. The layer sampling strategies, such as selecting all
even or odd layers, provide a compelling alternative. They achieve
a perplexity very close to the optimal result (e.g., 12.14 for even lay-
ers) while significantly reducing the computational overhead. This

demonstrates that layer sampling is a highly efficient and practical
method for constructing a rich yet manageable state representation,
making it an excellent default choice for large-scale applications
where computational resources are a primary concern.

Table 7: Ablation study of selected layers for state represen-
tation. The final perplexity on The Pile test set is reported.

Layer Selection Strategy
Standard HDS (Even Layers) 12.15

Perplexity

All Layers (1-24) 12.14
Odd Layers (1, 3, ..., 23) 12.16
First Half (1-12) 12.35
Second Half (13-24) 12.28

C.2 Alignment Reward

Table 8 presents the results of our ablation study on the layer se-
lection for calculating the alignment reward, rujig,. The findings
suggest that the choice of layers for this component has a more
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subtle, yet discernible, impact on performance. This is intuitive,
as deeper layers in a Transformer are known to capture more ab-
stract and semantic information, which is more likely to represent
the transferable knowledge that the alignment reward is designed
to promote. Conversely, using earlier layers (e.g., blocks 2, 4, 6),
which focus more on syntactic and local features, results in slightly
worse performance. Nonetheless, the differences are not substan-
tial, indicating that the HDS framework is relatively robust to the
specific layer choice for this component. For optimal performance,
however, selecting a few layers from the final third of the model is
recommended.

Table 8: Ablation study of selected layers for the alignment
reward (7,ign). The final perplexity on The Pile test set is
reported.

Block Indexes Perplexity
Standard HDS (12, 14, 16) 12.15
2,4,6 12.20
8, 10, 12 12.19
14, 15, 16 12.15

Chenhao Dang, Jing Ma, and Mingjie Liao

D Analysis of Model Weight Norm Evolution

To provide deeper insight into the training dynamics under HDS, we
analyze the evolution of the L2 norm of the selected layer weights, a
key component of our state vector. Figure 7 illustrates these trajecto-
ries. A distinct and consistent pattern emerges across all monitored
layers: an initial phase of high volatility is followed by a gradual
convergence to a stable equilibrium. This behavior directly reflects
the crucial role of the model stability reward, rability- The initial
sharp fluctuations correspond to the early stages of training, where
the model undergoes rapid and significant parameter updates as it
begins to learn fundamental linguistic patterns. During this phase,
the rgtability component acts as a vital regularizer, penalizing overly
drastic changes in the weight norms. By doing so, it discourages the
SAC agent from selecting data mixtures that would lead to erratic
or unstable updates. As training progresses, the agent learns to
favor policies that promote smoother learning, causing the weight
norms to stabilize. This demonstrates that the rgpiity reward ef-
fectively guides the training process towards a more stable and
predictable trajectory, which is essential for preventing divergence
and ensuring the model can robustly consolidate knowledge, ulti-
mately contributing to the superior final performance of the HDS
framework.
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