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Abstract

Auxiliary-loss-free load balancing (ALF-LB)
achieves promising performance in Mixture-
of-Experts large language model (MoE-LLM)
pre-training as it decouples load balancing from
the main objective. However, we observe an
unexplored phenomenon of it: routing imbal-
ance is concentrated in shallow MoE layers.
We attribute this phenomenon to the interaction
among homogeneous shallow layer representa-
tions, limited router discrimination, and stale
expert biases, which together make token as-
signments fragile and load corrections poorly
aligned with the current routing state. To break
the cycle, we propose Dual-Bias Load Bal-
ancing (DLB), which augments the standard
global expert bias with an intra-step micro-bias
residual. DLB introduces the effective bias
beff = bg +∆b, where bg is updated once per
gradient step and ∆b is updated across micro-
batches within the same step. DLB does not
add forward or backward passes and integrates
naturally into existing large-scale MoE training
pipelines. Experiments on large-scale MoE pre-
training show that DLB mitigates expert-bias
staleness, alleviates shallow-layer imbalance,
and yields lower test perplexity and stronger
average downstream performance.

1 Introduction

Mixture-of-Experts (MoE) decouples parameter
scale from per-token computational cost through
sparse activation, establishing itself as a compelling
paradigm for parameter scaling (Shazeer et al.,
2017; Riquelme et al., 2021; Mustafa et al., 2022;
DeepSeek-AI et al., 2025; Yang et al., 2025). A
vital challenge for MoE pre-training is routing bal-
ancing: ensuring that tokens are distributed to the
most suitable experts and avoiding both expert over-
load and expert starvation (Fedus et al., 2022; Zoph
et al., 2022). Otherwise, unbalanced routing can

*These authors contribute equally.
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cause severe hardware under-use, unstable opti-
mization dynamics, and degraded model perfor-
mance.

Existing load-balancing methods for MoE mod-
els largely fall into two choices: auxiliary-loss-
based methods (AL-LB) (Zoph et al., 2022; Qiu
et al., 2025b) and auxiliary-loss-free methods
(ALF-LB) (Wang et al., 2024; DeepSeek-AI et al.,
2025). ALF-LB is especially attractive for large-
scale pre-training because it adjusts routing scores
through an independent expert bias term, avoid-
ing direct gradient interference between the load-
balancing objective and the language-modeling ob-
jective. However, this advantage still comes with
a severe issue: routing imbalance is uneven across
layers, with shallow MoE layers consistently the
most imbalanced (Lo et al., 2025; Mouzouni, 2026;
Manzoni, 2026). As a result, expert starvation con-
centrates in shallow layers, wasting computation,
underutilizing model capacity, and destabilizing
training.

We attribute this phenomenon in ALF-LB to
the interaction of three coupled factors: represen-
tation homogeneity, router, and expert-bias stale-
ness. In shallow layers, hidden states are highly
similar (Riquelme et al., 2021; Hu et al., 2025;
Wang et al., 2026) and router cannot discriminate
each other, which reduces routing-logit margins
and makes routing decisions highly sensitive to
bias perturbations. Meanwhile, as shown in Fig. 2,
the expert bias in ALF-LB is updated via primal-
dual optimization (Han and Zhong, 2025). The
bias used at a gradient step is computed from ear-
lier routing statistics, whereas the routing scores
are produced by the current model state, creating
a temporal mismatch between the load-correction
signal and the routing state to which it is applied.
These factors form a vicious cycle: poor router and
homogeneous shallow representations make rout-
ing fragile, while stale expert bias can amplify this
fragility into persistent load imbalance. Since MoE
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router and representation homogeneity is intrinsic
to training, we focus on expert-bias staleness as a
more tractable intervention point.

To break the vicious cycle, we propose Dual-
Bias Load Balancing (DLB), which augments
the standard global expert bias with a secondary
micro-bias residual updated within each training
step. Leveraging the micro-batch splitting already
present in gradient accumulation and pipeline par-
allelism (Narayanan et al., 2019; Huang et al.,
2019), DLB maintains two complementary terms:
a global bias updated once per gradient step and
a micro residual updated after each micro-batch
forward pass. Since model weights remain fixed
across micro-batches within the same gradient op-
timization step, the micro residual stays aligned
with the current model state and provides a timely
correction to stale expert bias. Furthermore, DLB
does not add extra forward or backward passes and
integrates naturally into existing large-scale MoE
training pipelines. In summary, our contributions
are as follows:

• We identify a phenomenon of ALF-LB,
namely shallow-layer routing imbalance, and
show that shallow layers are substantially
more imbalanced than deeper ones, reduc-
ing computational efficiency, underutilizing
model capacity, and destabilizing training.

• We show that shallow-layer routing imbalance
is associated with three coupled factors, i.e.,
representation homogeneity, router and expert-
bias staleness, which can form a vicious cy-
cle. We further demonstrate empirically that
replacing the stale bias with the look-ahead
bias induces substantial routing changes, es-
pecially in shallow layers.

• We propose DLB, a simple and efficient load-
balancing method that compensates for stale
expert bias with an online-updated micro-bias
residual. DLB does not introduce extra for-
ward or backward passes, integrates naturally
with pipeline parallelism, and improves load
balancing, training stability, and downstream
performance in our experiments.

2 Related Work

Mixture of Experts (MoE) scales the LLM by
sparsely activating only a subset parameters for
each token, thereby separating total model param-
eters from per token computation. Its effective-

ness has been demonstrated by recent LLM fami-
lies, including Mixtral 8×7B (Jiang et al., 2024),
DeepSeek V3 and V4 (DeepSeek-AI et al., 2025;
Xu et al., 2026a), the Ling series (Team et al.,
2025b,a; Li et al., 2026), the Kimi K series (Team
et al., 2026b,a), the GLM 5 series (Zeng et al.,
2026), and Qwen3 MoE (Yang et al., 2025). How-
ever, MoE usually suffers from load balancing dur-
ing the training, which not only causes inefficient
training but also performance degradation. To this
end, methods such as ALF-LB, global batch AL-
LB, and similarity preserving routers improve the
load balancing while preserving expert specializa-
tion (Wang et al., 2024; Qiu et al., 2025b; Omi
et al., 2025). More recent approaches, including
QB (Su, 2026) and BIP (Sun, 2025), formulate
load balancing from an optimal transport perspec-
tive. Complementary architectural designs improve
routing stability by incorporating routing decisions
from preceding layers, constraining expert paths, or
eliminating centralized routing (Qiu et al., 2025a;
Gu et al., 2026; Liu et al., 2026). Despite this
progress, growing evidence suggests that routing
imbalance varies substantially across layers. To
be specific, shallow layers tend to converge more
slowly, develop weaker expert specialization, and
exhibit greater sensitivity to token identity, lan-
guage identity, and perturbations in hidden repre-
sentations (Xue et al., 2024; Muennighoff et al.,
2025; Bandarkar et al., 2026; Zheng et al., 2026).
These observations motivate the use of layer spe-
cific expert budgets and initialization strategies (Lo
et al., 2025; Kang et al., 2025; Yoon et al., 2026;
Huang et al., 2024; Nakamura et al., 2025; Xu et al.,
2026b).

Nevertheless, the mechanism that produces per-
sistent imbalance in shallow layers under ALF-LB
remains insufficiently understood. This study ex-
plore two factors behind this behavior and shows
that expert bias staleness is one of a central mech-
anism. Based on this analysis, we propose DLB,
which introduces an intra step micro bias resid-
ual to provide more timely corrections to routing
decisions. DLB improves load balance without
requiring additional forward or backward passes.

3 Methodology

3.1 Preliminary

The MoE-LLMs replace the dense FFN with a
sparse MoE module consisting of a learned router
and E parallel FFN experts (DeepSeek-AI et al.,
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Figure 1: Shallow-layer routing imbalance in ALF-LB. (a) shows the per-layer MaxVio (Wang et al., 2024) of
a 16B-A1.4B model (Team et al., 2025a), revealing that shallow MoE layers suffer disproportionately severe
imbalance. We attribute this phenomenon to three compounding factors: representation homogeneity, router, and
expert-bias staleness. (b) shows that router inputs in shallow layers exhibit high cosine similarity, especially early in
training. (c) quantifies the impact of stale expert bias correction through two metrics: (1) the routing disagreement
rate, the fraction of tokens whose top-k assignments change when the current bias is replaced by the look-ahead
bias computed from the same step, and (2) routing mIoU, the mean intersection over union of top-k assignments
under the current bias versus the look-ahead bias.

2025; Dai et al., 2024; Team et al., 2025c; Yang
et al., 2025). Formally, given tokens X = {xi}Bi=1,
the router produces gating scores si ∈ RE and
selects a top-k subset of experts per token1:

si = δ (xiWrouter) ,Ai = TopK (si, k) ,

hi = xi +
∑

j∈Ai

gijEj (xi) , (1)

where δ(·) is the gating activation, Wrouter ∈
Rd×E is the router weight, Ej(·) is the j-th expert,
and gij denotes the normalized weighting score

Above routing is prone to load imbalance and
training instability. Compared with AL-LB, the
ALF-LB avoids gradient interference between the
balance and language-modeling objectives, yield-
ing stronger performance in practice (Wang et al.,
2024; Team et al., 2025c,a). Specifically, ALF-LB
introduces a per-expert bias b ∈ RE to correct

1For simplicity, we omit the MoE layer index throughout.

the routing scores before top-k selection, while the
original unbiased scores are used for expert output
weighting:

Ai(b) = TopK (si + b, k) ,

gij(b) =
sij∑

r∈Ai(b)
sir

, j ∈ Ai(b) ,

hi = xi +
∑

j∈Ai(b)

gij(b)Ej (xi) ,

si = sigmoid (xiWrouter) .

(2)

The bias b is initialized to 0 and updated at the end
of each gradient step via a sign-based rule:

bt+1 = bt + µ · sign
(
et
)
, et = c̄− ct , (3)

where µ is the update rate, ct ∈ RE counts the
tokens assigned to each expert at step t, c̄ repeats
the average expert load across experts, and et is the
per-expert load violation.
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3.2 Shallow Layer Routing Imbalance

Although ALF LB is effective, routing imbalance
persists in shallow layers, as shown in Fig. 1(a). We
attribute this behavior to the interaction between
representation homogeneity, MoE router and expert
bias staleness. Homogeneous representations make
expert rankings fragile, while stale biases apply
delayed corrections to an evolving router. Together,
these effects create a feedback loop that sustains
shallow layer imbalance.

As shown in Fig. 1(b), hidden states in shal-
low layers are highly similar, particularly early in
training. Because the shallow layer router remains
weakly discriminative, competing experts receive
scores with narrow margins, making top k assign-
ments sensitive to small perturbations. This insta-
bility, captured by routing mIoU and the disagree-
ment rate, makes bias based correction unreliable.
Hidden states in deeper layers may also be similar,
but better trained routers distinguish them more
effectively2, resulting in more stable routing and
balanced expert loads.

Expert bias staleness introduces a complemen-
tary temporal mismatch, as illustrated in Fig. 1. The
current bias is computed from earlier load statistics
but applied to an updated router state. To quan-
tify this effect, we replace the current bias with the
look ahead bias for the next optimization step and
compare the resulting routes using routing mIoU
and the disagreement ratio, as shown in Fig. 1(c).
The substantial difference confirms that bias stal-
eness materially affects routing. Once imbalance
emerges, delayed corrections lag behind changing
assignments, limiting the recovery of underused
experts and reinforcing imbalance across training
steps. Since representation homogeneity and MoE
router are intrinsic to training, we target expert bias
staleness as the more tractable intervention point.

We next formalize expert-bias staleness and the
diagnostic used in Fig. 1(c). At gradient step t,
let Wt be the current model weights and let bt be
the expert bias available before routing the current
batch. The token-expert assignment matrix is

Rt
ij

(
bt
)
= 1

[
j ∈ TopK

(
si
(
Wt

)
+ bt, k

)]
.
(4)

After all routing decisions in step t are observed,

2See the Appendix for the layer-wise diagnosis of router
discriminative ability.

b1 b2

W0 W1 W2

e0 e1

Gradient
update

Routing
scores

adjustment

Bias term
update

e2

· · ·

· · ·

Step 0 Step 1 Step 2

Step 0 Step 1 Step 2

b0

Expert Load
Statistics

Depends on

Figure 2: The illustration of the expert-bias staleness.
The Wi, bi, and ei denote the weights, expert bias, and
expert load violation at the i-th gradient step, respec-
tively.

ALF-LB updates the bias as

bt+1 = bt + µ · sign
(
et
)
,

et = c̄− ct
(
X;Wt,bt

)
.

(5)

Thus, bt+1 is a look-ahead bias estimated from the
current routing statistics, but it is only available af-
ter the current routing decisions have already been
made. At the next gradient step, this bias is applied
to a new router state after the model weights and
input batch have changed. This delayed dual up-
date is what we refer to as expert-bias staleness. In
Fig. 1(c), we perform a sensitivity diagnostic by re-
computing routing under the look-ahead bias bt+1

and comparing it with routing under bt using the
routing disagreement ratio and routing mIoU. This
diagnostic should not be read as a complete causal
decomposition of weight changes, batch variation,
and bias-update frequency. Rather, it shows that
stale bias correction is large enough to substantially
alter routing decisions, especially in shallow MoE
layers, where routing disagreement reaches nearly
60% in our analysis.

3.3 Dual-Bias Load Balancing
The analysis above suggests that the key limita-
tion of ALF-LB is the temporal mismatch between
stale expert bias and the current routing state. We
therefore propose DLB, which augments the stan-
dard expert bias with an online-updated micro-bias
residual. Specifically, DLB splits a global batch X
into multiple micro-batches Xm and maintains two
complementary terms: a global bias bg, updated
once per gradient step, and a micro residual ∆bm,
updated after each micro-batch forward pass. The
effective bias used for routing micro-batch m is

bt,m
eff = bt

g +∆bt
m , ∆bt

0 = 0 . (6)
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Figure 3: DLB reduces sensitivity to delayed bias correction. Following the diagnostic in Fig. 1(c), we replace the
current bias with the look-ahead bias and compare the resulting routing decisions using routing disagreement ratio
and routing mIoU.

With this effective bias, the MoE module in Eq. 2
becomes:

At,m
i = TopK

(
si + bt,m

eff , k
)
,

gt,mij =
sij∑

r∈At,m
i

sir
, j ∈ At,m

i ,

ht,m
i = xi +

∑

j∈At,m
i

gt,mij Ej (xi) .

(7)

The global term captures long-term load correction
across gradient steps, while the micro residual pro-
vides a short-term correction within the current step.
As shown in Algorithm 1, model weights remain
fixed while ∆bm is updated across micro-batches.
Therefore, unlike the delayed global bias, the micro
residual is estimated and applied under the same
model state, allowing Eq. 7 to reduce the temporal
mismatch in routing decisions. From a primal-dual
optimization perspective (Han and Zhong, 2025),
the model weights W and expert bias b correspond
to the primal and dual variables, respectively. Stan-
dard ALF-LB performs only one delayed dual up-
date per gradient step, whereas DLB adds several
inner dual updates through ∆bm before the next
weight update. This design makes the bias correc-
tion more responsive while preserving the original
global bias update.

DLB also aligns naturally with existing large-
scale training systems. Micro-batch splitting is
already used in gradient accumulation and pipeline
parallelism (Narayanan et al., 2019; Huang et al.,
2019), so DLB only reuses the routing statistics
collected at this granularity and does not require
additional forward or backward passes. Depending
on the synchronization scope used for micro statis-
tics, DLB may introduce different communication

overheads; we discuss this trade-off in Section 4.

4 Experiments

We evaluate the proposed DLB from two comple-
mentary perspectives. First, we compare DLB
against four representative load-balancing meth-
ods for MoE-LLM pre-training: global-batch-size
auxiliary-loss load balancing (GBS-AL-LB) (Qiu
et al., 2025b; Yang et al., 2025), ALF-LB (Wang
et al., 2024), and a hybrid strategy that combines
auxiliary-loss-free load balancing with sequence-
level auxiliary-loss load balancing (ALF-LB +
SEQ-AL-LB) (DeepSeek-AI et al., 2025). Notably,
the load balancing constraints are applied to all the
MoE layers. Second, we perform ablation studies
to disentangle the effects of the balancing batch
size and the update rate of the micro-bias residual.
The appendix provides additional evaluations un-
der alternative LLM settings, including a hybrid
linear-attention MoE model and the Muon (Liu
et al., 2025) optimizer and more ablations.

Experimental Setups. Unless otherwise speci-
fied, the main experiments and ablation studies are
conducted in a large-scale pre-training setting using
an MoE model with 16B total parameters and 1.4B
activated parameters, following Ling (Team et al.,
2025a). Concretely, the model adopts a decoder-
only architecture with 20 transformer layers and 1
MTP layer (DeepSeek-AI et al., 2025). For self-
attention, we use grouped-query attention (GQA)
with 16 query heads and 8 key-value heads. To mit-
igate routing collapse in shallow layers, the feed-
forward network (FFN) in the first Transformer
layer is kept dense, whereas all subsequent layers
are instantiated as MoE layers. Each MoE layer em-
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16B-A1.4B 500B Tokens

LB Method G-LB-BSZ
(λ/µ)

M-LB-BSZ
(λ/ν)

Exp.
ID

Com.
ID

Smoothed
Loss Diff. ↓

∆ ↓
@ 1st MoE Layer

∆ ↓
@ Global

Final
Test PPL

GBS-AL-LB 211(λ=1e-2) - 1 5 +0.0035 +223.42% +47.15% 3.635
GBS-AL-LB 211(λ=1e-3) - 2 5 +0.0037 +430.80% +339.96% 3.638
ALF-LB 211(µ=1e-3) - 3 5 +0.0059 +860.76% +91.93% 3.632
ALF-LB
+SEQ-AL-LB 211(µ=1e-3) 20(λ=1e-4) 4 5 +0.0055 +1381.10% +180.35% 3.637

DLB 211(µ=1e-3) 22(ν=1e-3) 5 - 0.0000 0.00% 0.00% 3.619

Table 1: Training dynamics of different load-balancing methods. Here, “G/M-LB-BSZ”, “λ”, “µ/ν”, “Exp. ID”,
“Com. ID”, and “∆” denote the global/micro load-balancing batch size, the loss coefficient for AL-LB, the update
rate for global/micro expert bias, the experimental ID, the compared experimental ID, and the smoothed relative
difference ratio in MaxVio, respectively. 1st MoE Layer refers to the first MoE block, i.e., the second Transformer
block when the first Transformer FFN is dense.

16B-A1.4B 500B Tokens

Exp. ID Avg.
Knowledge Math

AGIEval MMLU CMMLU MATH GSM8K

1 52.64 37.23 55.49 52.55 34.58 63.91
2 53.11 35.40 55.72 52.96 38.10 63.08
3 52.10 36.41 55.53 53.03 35.96 59.51
4 51.04 34.75 55.43 53.38 31.36 54.44
5 53.56 36.35 56.47 53.92 38.60 63.31

Exp. ID
Code Reasoning Understanding

MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

1 44.80 35.81 76.28 45.52 66.00 66.88
2 48.00 38.31 77.15 45.53 65.59 64.33
3 45.80 36.25 77.31 44.94 65.98 62.39
4 46.60 34.31 78.02 43.03 66.26 63.91
5 44.60 38.38 77.64 48.98 66.58 64.38

Table 2: Performance on different downstream tasks. The “Exp. ID” refers to Table 1. The best and second-best
scores are boldfaced and italic underlined, respectively.

ploys token-choice routing and contains 256 fine-
grained routed experts (Dai et al., 2024); for each
token, 8 routed experts and 1 shared expert are ac-
tivated. Across all experiments, models are trained
from scratch with 2000 linear warmup steps on
high-quality corpora covering multilingual, STEM,
reasoning, and general-knowledge content, under
the 300B-token or 500B-token settings. Unless
noted otherwise, all methods share the same hy-
perparameters and parallelization setup. We use
AdamW with a learning rate of 4.78e-4, and set the
batch size and sequence length to 2048 and 4096,
respectively. In addition, all compared methods
employ router z-loss (Zoph et al., 2022) with a loss
weight of 3.5e-6 to stabilize the magnitude of the
MoE gating logits and apply zero-mean normaliza-
tion to the bias updates (Su, 2025).

Evaluation. We mainly evaluate the proposed
DLB from two perspectives: training dynamics

and zero/few-shot downstream performance. For
training dynamics, we use the smoothed training-
loss difference and the smoothed relative difference
ratio of MaxVio (Wang et al., 2024) at first MoE
Layer and across all MoE layers (i.e., ∆@ 1st MoE
Layer/Global) to assess the effectiveness over the
long-term pre-training period. Given expert loads
c ∈ RE and their average c̄ = 1

E

∑E
j=1 cj , the

MaxVio is defined as

MaxVio(c) = max
j

∣∣∣cj
c̄
− 1

∣∣∣ . (8)

The smoothed relative difference ratio ∆ compares
each baseline’s smoothed MaxVio against DLB
under the same setting. We also report perplexity
on the held-out test set. For downstream evalu-
ation, we consider 11 widely used benchmarks:
AGIEval (Zhong et al., 2024), MMLU (Hendrycks
et al., 2021a), and CMMLU (Li et al., 2024)
for general knowledge; MATH (Hendrycks et al.,
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Algorithm 1 Dual-Bias Load Balancing

Input: MoE model W, global/micro update rates
µ/ν, # of experts E

1: Initialize global bias b0
g ← 0

2: for gradient step t = 0 to T − 1 do
3: Get current global batch X
4: Initialize global counter ctg ← 0 and micro

residual ∆bt
0 ← 0

5: for micro-batch index m = 0 to M − 1 do
6: Set effective bias bt,m

eff ← bt
g +∆bt

m

7: Route Xm with bt,m
eff using Eq. 7 and

obtain assignment map Rt,m ∈ {0, 1}Bm×E

8: Count expert load ctm ← 1 ·Rt,m

9: Synchronize micro-batch counter ctm
(optional)

10: Compute average micro load c̄m ←
1 · 1

E

∑
j c

t
m,j

11: Compute micro violation etm ← c̄m −
ctm

12: Update micro residual ∆bt
m+1 ←

∆bt
m + ν · sign(etm)

13: Accumulate global counter ctg ← ctg +
ctm

14: end for
15: Synchronize global counter ctg
16: Compute average global load c̄g ← 1 ·

1
E

∑
j c

t
g,j

17: Compute global violation etg ← c̄g − ctg
18: Update global bias bt+1

g ← bt
g + µ ·

sign(etg)
19: end for
Output: MoE model WT with global bias bT

g

2021b) and GSM8K (Cobbe et al., 2021) for math-
ematical capability; MBPP (Austin et al., 2021)
and CruxEval (Gu et al., 2024) for code genera-
tion; PIQA (Bisk et al., 2020), BBH (Suzgun et al.,
2023), and HellaSwag (Zellers et al., 2019) for rea-
soning; and SQuAD2.0 (Rajpurkar et al., 2018) for
language understanding.

4.1 Main Results

The main results are summarized in Fig. 1(a),
Fig. 3, Table 1, and Table 2. Taken together, DLB
reduces sensitivity to expert-bias staleness, sub-
stantially improves shallow-layer load balancing,
stabilizes pre-training, and leads to better average
downstream performance in our runs.

DLB reduces sensitivity to expert-bias staleness.
We first test whether DLB addresses the mechanism

that motivates our method, namely the sensitivity of
routing decisions to expert-bias staleness. Follow-
ing the protocol in Fig. 1(c), we replace the current
expert bias with the look-ahead bias and quantify
the resulting routing changes using the routing dis-
agreement ratio and routing mIoU. As shown in
Fig. 3, DLB consistently achieves a lower routing
disagreement ratio and a higher routing mIoU than
ALF-LB. This result indicates that DLB produces
routing decisions that are less affected by the look-
ahead bias, suggesting that the proposed micro-bias
residual reduces the temporal mismatch caused by
stale expert bias.

DLB alleviates shallow-layer routing imbalance.
Fig. 1(a) and Table 1 reveal two key findings.
First, unlike ALF-LB, AL-LB does not exhibit
pronounced shallow-layer routing imbalance; un-
der ALF-LB, experts in first MoE Layer may bear
nearly twice the average load. Second, DLB not
only markedly alleviates shallow-layer routing im-
balance, but also yields smoother load-balancing
dynamics with fewer spikes than the competing
methods. Compared with DLB, baseline methods
exhibit 223%–1381% higher smoothed MaxVio at
first MoE Layer. In addition, the balanced perfor-
mance of DLB is not attributed to reducing the
balancing batch size from global-batch scope to
a micro-batch scope, shown in Exp.4 in Table 1.
These findings are consistent with our hypothesis
that mitigating expert-bias staleness is especially
beneficial in shallow layers, by breaking the vi-
cious cycle between representation homogeneity
and expert-bias staleness.

DLB improves both training and downstream
performance. Table 1 shows that DLB achieves
the best training loss and the lowest test perplexity,
indicating that improved load balancing translates
into better optimization quality rather than merely
more uniform expert utilization. Table 2 further
reports zero/few-shot performance on 11 down-
stream benchmarks, where DLB achieves the best
average score among the compared load-balancing
methods. The gains are concentrated on MMLU,
CMMLU, MATH, CruxEval, PIQA, BBH, and Hel-
laSwag, while results are mixed or comparable on
AGIEval, GSM8K, MBPP, and SQuAD2.0. This
pattern is consistent with the hypothesis that im-
proved shallow-layer load balancing can improve
optimization quality and may contribute to better
downstream performance.
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16B-A1.4B 300B Tokens G-LB-BSZ = 211 M-LB-BSZ = 22 µ = 1e− 3

Setup ν Avg.
Knowledge Math

AGIEval MMLU CMMLU MATH

DLB GBS-MBS 1e-4 50.45 33.00 53.36 50.89 35.02
DLB GBS-MBS 5e-4 50.59 32.16 52.61 50.51 34.26
DLB GBS-MBS 1e-3 51.48 32.98 53.40 50.92 35.02

Math Code Reasoning Understanding

GSM8K MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

60.27 42.20 34.00 76.77 42.65 64.84 61.98
61.79 40.00 36.88 76.99 44.91 64.78 61.61
62.77 43.20 33.88 76.44 47.33 64.51 65.86

Table 3: Ablation studies on the update rate ν of the micro-bias residual ∆b. The best scores are boldfaced.

16B-A1.4B 300B Tokens G-LB-BSZ = 211 µ = ν = 1e− 3

Setup M-LB-BSZ Avg.
Knowledge Math

AGIEval MMLU CMMLU MATH

DLB GBS-DP 211 50.03 33.04 53.48 51.32 34.74
DLB GBS-EP 25 50.53 33.77 52.68 49.59 34.06

DLB GBS-MBS 22 51.48 32.98 53.40 50.92 35.02

Math Code Reasoning Understanding

GSM8K MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

58.45 40.40 34.19 76.77 39.25 64.97 63.71
59.82 43.20 34.94 77.04 42.82 64.33 63.54
62.77 43.20 33.88 76.44 47.33 64.51 65.86

Table 4: Ablation studies on the balancing batch size of the micro-bias residual ∆b. The best scores are boldfaced.

Method Iteration time Relative Delay

ALF-LB 2.476 s -
DLB GBS-MBS 2.521 s +1.8%
DLB GBS-EP 2.507 s +1.3%
DLB GBS-DP 3.312 s +33.8%

Table 5: Computation cost of different balancing scope.

4.2 Ablation Study

In this section, we investigate how the update rate
of the micro-bias residual and its balancing batch
size affect downstream performance. The ablation
results are reported in Table 3 and Table 4. Over-
all, they suggest that DLB is reasonably robust to
moderate hyperparameter changes, while still ben-
efiting from a sufficiently frequent and sufficiently
local micro-bias update.

Effect of the micro-bias update rate. Table 3
studies the update rate ν of the micro-bias residual
while fixing the global setup. A larger update rate
generally yields better overall performance, with
1e−3 achieving the best average score. The gains
are consistent but moderate across 1e−4 to 1e−3,

suggesting that DLB benefits from more responsive
updates without requiring sensitive tuning.

Effect of the micro balancing batch size. Ta-
ble 4 examines different balancing batch sizes for
∆b. The global bias bg is always updated from
routing statistics accumulated over the full global
batch (GBS). By contrast, ∆b is updated from a
smaller scope within each step: 1) GBS-MBS com-
putes the update from the routing statistics of a
micro-batch within each data-parallel (DP) rank, 2)
GBS-EP computes it from the routing statistics of
a micro-batch step across all expert-parallel (EP)
ranks, and 3) GBS-DP computes it from the routing
statistics of a micro-batch step across all DP ranks.

Among these settings, GBS-MBS achieves the
best average performance. This suggests that a
small balancing scope can be enough to mitigate
shallow layer imbalance while avoiding the com-
munication required for cross rank synchronization.
On other hand, expanding the scope also introduces
system costs. Larger micro batches consume more
GPU memory, while broader synchronization in-
creases communication overhead and iteration time,

38200



as shown in Table 5. Thus, GBS-MBS is a good
trade-off choice.

5 Conclusion

We studied a previously underexplored limitation
of ALF-LB: shallow-layer routing imbalance. We
attributed this behavior to the interaction between
representation homogeneity and expert-bias stal-
eness, which together make shallow-layer rout-
ing especially fragile. To address this issue, we
proposed DLB, which complements the standard
global expert bias with a micro-bias residual up-
dated within each gradient step. Experiments show
that DLB reduces sensitivity to delayed bias correc-
tion, improves shallow-layer load balancing, sta-
bilizes training, and yields better perplexity and
average downstream performance, without adding
forward or backward passes. This suggests that
timely bias updates are an effective way to improve
large-scale MoE training.

Limitations

Our empirical conclusions are based on a finite set
of pre-training runs and downstream evaluations,
and some benchmark results may be affected by po-
tential random factors. Although the overall trends
are consistent across the metrics we report, indi-
vidual benchmark scores should still be interpreted
with appropriate caution. In addition, MoE rout-
ing balance can also be influenced by other data,
architectural or optimization choices, such as train-
ing data orchestration, expert configuration, par-
allelism strategy, and optimizer dynamics. When
a model already achieves highly balanced routing
under such settings, the marginal benefit of DLB
may become less pronounced. Finally, DLB does
not add forward or backward passes, but system
overhead can depend on how micro-batch routing
statistics are synchronized across DP and EP ranks.
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A Appendix

Layer Averaged routing probs std

1 0.0018103
2 0.0030487
3 0.0044945
17 0.017193
18 0.018439
19 0.019926

Table 6: Average standard deviation of token-level rout-
ing probabilities (ALF-LB).

Routing diversity diagnosis. The Table 6 shows
the std diagnosis of the routing propabilities based
on the Exp.3 and 5 in the Table 1 denotes that the
diversity of the routing logits is positively related
to the layer depth. Thus the MoE router at deep
layers is able to discriminate the hidden states.

Implementation details. Unless otherwise spec-
ified, all experiments use EP = 8, TP = 1, PP = 1, a
micro batch size of 4, a global batch size of 2048,
and two gradient accumulation steps.

Single-bias mirco-updated Ablation. Here we
conduct a natural ablation, where the original ALF-
LB expert bias is directly updated after each micro-
batch without decomposing it into beff = bg+∆b.
From Table 7, one could find such a operation not
only decrease the global balance batch size and is
harmful for the downstream performance due the
worse expert specialization.

DLB with alternative architectural and opti-
mization choices. We further evaluate whether
DLB remains effective under alternative architec-
tural and optimization choices. Specifically, we
consider a hybrid linear-attention MoE model and

compare results under both AdamW and Muon (Liu
et al., 2025) optimizers. Unless otherwise specified,
most experimental configurations are the same as
the main experiments and ablation studies. The
model has 8.6B total parameters and 0.9B activated
parameters, with 25 transformer layers, 1 MTP
layer and hidden size 1664. It applies full softmax
attention every four layers and uses Lightning Lin-
ear Attention (Qin et al., 2024a,b) in the remaining
layers. Each MoE layer contains 128 routed experts
and 1 shared expert, with 2 routed experts activated
per token. For Muon experiments, we follow the
optimization strategy of Liu et al. (2025).

Table 8 reports the downstream results. Under
AdamW, DLB slightly improves the average score
from 47.67 to 47.77, indicating that it remains com-
petitive on the hybrid linear-attention architecture.
Under Muon, DLB also slightly improves the aver-
age score from 49.24 to 50.70, with improvements
on AGIEval, MMLU, MATH, GSM8K, MBPP,
CruxEval, and BBH. These results suggest that
DLB is not tied to a specific attention architecture
or optimizer.

Other MoE setup. Following above hybrid-
linear model setup, we include additional results
that independently vary the number of routed ex-
perts and the top-(k) routing configuration, as
shown in Table 9. Together, these evaluations
demonstrate that DLB remains effective across var-
ious MoE architectures and training settings.

Layer-wise DLB. DLB is applied to all MoE lay-
ers in the main experiments. Here, we conduct a
shallow-only/deep-only/all-layer ablation to offer
a further investigation. To be specific, the tested
model has 88.8B total parameters and 3.2B acti-
vated parameters, with 72 transformer layers, 1
MTP layer and hidden size 1536. It applies full
softmax attention after every three linear layers and
uses KDA (Zhang et al., 2025) in the remaining
layers, like Ling-3.0-tiny3. Each MoE layer con-
tains 128 routed experts and 1 shared expert, with
8 routed experts activated per token. And we adopt
Muon as optimizer with learning rate 5.08e-4 and
global batch size 2048. From Table 10, one could
find that enabling DLB only in first 4 MoE layers
remain its effectiveness. Notably, the training cor-
pus of the above experiments have been changed
due the computing cluster relocating and these re-
sults can not be comparable against other tables.

3https://huggingface.co/inclusionAI/Ling-3.
0-tiny-base
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16B-A1.4B 150B Tokens G-LB-BSZ = 211 M-LB-BSZ = 22 µ = 1e− 3

Method Avg.
Knowledge Math

AGIEval MMLU CMMLU MATH

DLB MBS 39.68 27.48 44.03 41.25 17.42
DLB GBS-MBS 46.09 31.17 48.44 45.46 30.60

Math Code Reasoning Understanding

GSM8K MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

36.92 29.60 20.94 76.28 31.86 60.82 49.91
54.06 37.00 23.94 76.33 36.25 62.11 61.65

Table 7: Ablation of single-bias mirco updating. The best scores are boldfaced.

Hybrid-Linear 8.6B-A0.9B 500B Tokens G-LB-BSZ = 211 M-LB-BSZ = 22 µ = ν = 1e− 3

Setup Optimizer Avg.
Knowledge Math

AGIEval MMLU CMMLU MATH

ALF-LB AdamW 47.67 31.80 51.92 47.83 34.38
DLB AdamW 47.77 33.18 52.56 49.62 30.04

ALF-LB Muon 49.24 33.53 54.94 52.88 33.02
DLB Muon 50.70 35.29 55.05 52.14 35.44

Math Code Reasoning Understanding

GSM8K MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

54.59 34.40 29.19 76.39 40.83 63.75 59.26
53.90 35.80 31.38 75.95 38.72 63.50 60.92

59.06 39.00 23.00 76.82 39.36 65.14 64.90
59.97 44.20 31.69 76.12 42.40 64.89 60.50

Table 8: Performance of DLB with hybrid-linear attention under different optimizer configurations. The best scores
are boldfaced.

Hybrid-Linear 300B Tokens G-LB-BSZ = 211 M-LB-BSZ = 22 µ = ν = 1e− 3

Method MoE Setup Avg. Knowledge Math

AGIEval MMLU CMMLU MATH

ALF-LB E128A2 47.98 32.73 52.32 49.42 36.88
DLB E128A2 48.18 34.87 52.73 49.87 40.92

ALF-LB E128A8 51.86 34.18 55.75 52.76 38.06
DLB E128A8 52.19 35.93 55.93 52.88 37.14

ALF-LB E256A8 54.64 37.38 57.71 55.38 39.38
DLB E256A8 54.86 36.65 57.28 56.10 41.20

Math Code Reasoning Understanding

GSM8K MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

58.30 39.00 18.38 77.04 38.74 63.15 61.84
57.01 37.80 19.81 77.64 39.98 63.72 55.63

62.32 41.40 30.88 76.77 46.61 65.38 66.37
62.02 43.20 30.50 77.69 43.95 66.14 68.69

66.41 46.00 37.06 77.75 45.48 67.97 70.52
67.48 46.60 34.31 78.13 47.68 67.95 70.04

Table 9: Performance comparison of ALF-LB and DLB under different MoE configurations. The best scores within
each MoE configuration are boldfaced.
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Hybrid-KDA 88.8B-A3.2B 100B Tokens G-LB-BSZ = 211 M-LB-BSZ = 22 µ = ν = 1e− 3

Method Avg.
Knowledge Math

AGIEval MMLU CMMLU MATH

ALF-LB 42.87 28.24 48.91 44.61 20.96
DLB (First 4) 43.59 28.81 48.72 45.26 23.58

DLB (All) 43.87 29.12 49.73 46.85 20.58

Math Code Reasoning Understanding

GSM8K MBPP CruxEval PIQA BBH HellaSwag SQuAD2.0

29.34 31.80 24.31 76.44 37.00 65.89 64.03
28.43 29.40 27.00 77.80 38.50 66.44 65.56
31.77 32.40 25.44 76.88 38.46 66.32 65.00

Table 10: Performance comparison of ALF-LB and layer-wise DLB configurations. The best scores are boldfaced.
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