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Abstract

This report synthesises findings from 14 peer-reviewed papers ad-
dressing the following research question: How does the training sta-
bility optimization in DeepSeek-V3 influence convergence speed and
final accuracy on code completion tasks across different dataset scales.
12 claims were extracted from source literature; 10 were indepen-
dently verified against retrieved documents. An automated multi-
reviewer quality assessment produced a score of 7.6/10. This report is a
machine-generated literature synthesis and does not constitute original
research.

1 Introduction

This paper examines: A Theoretical Framework for Auxiliary-Loss-Free Load
Balancing of Sparse Mixture-of-Experts in Large-Scale AT Models. Research
question: How does the training stability optimization in DeepSeek-V3 influ-
ence convergence speed and final accuracy on code completion tasks across
different dataset scales?.

2 Methodology

Systematic literature search across multiple databases yielded 14 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.6/10.

3 Results

14 papers retrieved. 12 claims extracted; 10 independently verified. Quality
review score: 7.6/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative

information.

5 Extracted Claims

Claim

Verified Confidence

Sparse Mixture-of-Experts (s-MoE) layers en-
able scaling by activating only a small subset
of experts per token.

Load balancing in s-MoE involves routing tokens
to minimize the number of idle experts.
Minimizing idle experts is important for the ef-
ficient utilization of costly GPUs.

Minimizing idle experts is important for the
thorough training of architecture parameters
across all experts.

The Auxiliary-Loss-Free Load Balancing (ALF-
LB) procedure was proposed by DeepSeek’s
Wang et al. (2024).

The ALF-LB procedure can be cast as a primal-
dual method using a single-shot, constant-time
update per training iteratio

In a stylized deterministic setting, the frame-
work yields a monotonic improvement condition
for the Lagrangian objective

In a stylized deterministic setting, the frame-
work yields a preference rule that moves tokens
from overloaded to underlo

In a stylized deterministic setting, the frame-
work yields an approximate-balancing guaran-
tee.

In the online optimization setting, the objective
exhibits a strong convexity property.

Under certain step-size choices, the online set-
ting leads to a logarithmic expected regret
bound.

Real experiments were conducted on 1B-
parameter DeepSeekMoE models.
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