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Abstract

Mixture-of-Experts (MoE) efficiently trains
large models by using sparse activation to lower
costs, selecting a few experts based on data
characteristics. For MoE, an unbalanced expert
load will lead to inefficient expert utilization
and routing collapse. Existing methods com-
monly achieve an expert-centered balancing
strategy to solve it, prioritizing equal utilization
of experts over semantic alignment between to-
kens and experts. However, this can lead to a
pseudo-balance phenomenon: To ensure ex-
pert load balancing, the same input is randomly
routed to different experts across training steps
instead of the most matching one. It introduces
two critical issues: (1) Severe knowledge over-
lap among experts, resulting in redundant repre-
sentations and inefficient parameter utilization.
(2) Difficulty in forming and stabilizing expert
specialization. These issues limit the scalabil-
ity of models, especially large language mod-
els (LLM). To address these limitations, we
introduce Memory-Aware Routing (MAR),
a training-phase approach that enhances exist-
ing load-balancing strategies. By equipping
each expert with a memory buffer, our method
explicitly models their long-term preferences,
allowing historical experience to guide rout-
ing. This ensures that tokens are routed more
consistently to compatible experts, mitigating
the pseudo-balance problem while maintain-
ing global load balance and fostering expert
specialization. Experimental results show that
MAR improves expert specialization by 35%
and downstream accuracy by 2%-25%, dou-
bles parameter efficiency, and matches baseline
performance with only half the experts.

1 Introduction

In the domain of large-scale deep learning, Mixture-
of-Experts (MoE) models have emerged as a pow-
erful paradigm (Jacobs et al., 1991a; Roller et al.,
2021; Zhou et al., 2022; Jordan and Jacobs, 1994a;
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Figure 1: Pseudo-Balancing Vs. True Specialization
And Results. Top: Pseudo-balancing equalizes load
but misaligns semantics, causing expert overlap and
impeding specialization; true specialization co-routes
similar tokens, yielding distinct expertise and less redun-
dancy. Bottom: MAR-MoE augments load-balanced
Llama-MOoE (baseline MoE) with Memory-Aware Rout-
ing, achieving 50% fewer experts (25% fewer parame-
ters) without loss and a 35% increase in specialization.

Lepikhin et al., 2020). By leveraging a gating mech-
anism to dynamically route computations to a sub-
set of expert subnetworks (Fedus et al., 2022; Jiang
et al., 2024), MoE successfully scales model capac-
ity while maintaining a manageable computational
cost (Dai et al., 2024; Shen et al., 2024; Wei et al.,
2024; Jiang et al., 2024). However, in the absence
of explicit constraints, MoE training often suffers
from severe load imbalance, where a few experts
are overly activated while others remain underuti-
lized (Lepikhin et al., 2020; Fedus et al., 2022;
Zoph et al., 2022; Qiu et al., 2024). This imbalance
leads to inefficient resource usage and limits model
performance improvement.

To mitigate this issue, a variety of expert-
centered balancing strategies have been proposed.
GShard (Lepikhin et al., 2020) improved upon ear-
lier work Shazeer et al. (2017a) by introducing the
differentiable auxiliary loss L,y,x, which has since
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been widely adopted (Fedus et al., 2022; Jiang et al.,
2024; Lieber et al., 2024; Mosaic Research Team,
2024). Related methods (Shazeer et al., 2017b;
Dai et al., 2024; Qiu et al., 2025) advanced load-
balancing with soft constraints, dynamic realloca-
tion, and multi-loss routing, while some explored
auxiliary-loss-free strategies (DeepSeek-Al, 2024).

Although expert-centered load-balancing meth-
ods effectively equalize expert utilization, they
overlook semantic alignment between tokens and
experts during routing. This oversight leads to the
emergence of the pseudo-balance phenomenon.
In practice, to maintain balanced usage, identical
tokens may be randomly routed to different experts
across training steps, preventing their stable assign-
ment to the most semantically appropriate expert.
Figure 1 provides a high-level illustration of this
phenomenon. Consequently, token—expert assign-
ments are unstable over training, preventing experts
from learning consistent data distributions. This
instability induces substantial functional overlap
across experts and hinders the development of true
specialization. Such redundancy not only wastes
parameters but also ultimately constrains the scala-
bility of MoE models.

Recent efforts (Omi et al., 2025; Guo et al., 2025;
Qiu et al., 2025) have focused on mitigating expert
homogenization arising from load balancing con-
straints. Although these methods promote stronger
differentiation among experts, they intervene only
at the parameter or usage-distribution level and do
not explicitly enforce stable token—expert associ-
ations. As a result, the same token may still be
routed to different experts across training steps,
leaving the pseudo-balancing problem fundamen-
tally unresolved and limiting expert specialization.

To address these limitations, we propose
Memory-Aware Routing (MAR), a mechanism
that augments load balancing with memory-guided
routing. The MAR introduces memory buffers to
explicitly capture the long-term preferences of each
expert, guiding the model to avoid assigning simi-
lar information to different experts and effectively
mitigating knowledge overlap. In addition, we de-
fine an expert—token matching score, which quan-
tifies the similarity between an input token and
an expert’s preference vector. This score promotes
consistent routing of tokens to semantically aligned
experts, fostering the emergence and consolidation
of expert specialization. By maintaining global
balance while transitioning from uniform alloca-
tion to differentiated routing, MAR mitigates the

pseudo-balance problem and encourages both func-
tional diversity and stable specialization across ex-
perts. The significant performance improvements
achieved by MAR are highlighted in Figure 1. No-
tably, MAR applied only during training without
incurring extra overhead at inference time.

In summary, our contributions are as follows:

* We first reveal the pseudo-balance phe-
nomenon, where load-balancing mechanisms
reassign the same input to different experts
across training steps, hindering specialization
and wasting parameters, and ultimately limit-
ing model scalability.

* We propose Memory-Aware Routing, where
expert-specific memory buffers model long-
term preferences to guide routing, ensuring
consistent token-to-expert assignment, miti-
gating pseudo-balancing, and promoting func-
tional diversity and stable specialization.

* We conduct extensive evaluations. The ex-
periments illustrate our method reduces the
number of experts by 50% and the total param-
eters by one quarter without sacrificing perfor-
mance, resulting in lower computational cost,
and it enhances expert specialization by 35%
and yields 2%-25% accuracy gains across
multiple tasks.

2 The Pseudo-Balance Phenomenon

In Mixture-of-Experts (MoE) training, load-
balancing strategies are commonly employed to
prevent overuse of certain experts while leaving
others underutilized. However, these strategies of-
ten give rise to the pseudo-balance phenomenon,
wherein identical inputs are forced to be routed to
different experts rather than consistently assigned
to the most semantically aligned ones. we formally
define it below.

Let X denote the input data space, and £ =
{E1, Ea,...,En} the set of N experts. A stan-
dard MoE model employs a routing function R(x)
that assigns an input token x € X to one or more
experts. Formally, we define a pseudo-balanced
routing function Rpeudo(, t) which, for a token
at the training step ¢, assigns it to an expert F; € £
primarily according to load-balancing constraints
rather than token content. Let p(E; | x,t) denote
the probability of routing token x to expert E; at

17321



MoE with Load MoE without Load

Token Index
Wwwn
ODON B NB

47
Epoch 4 5 6 7 8 Epoch 4 5 6 7 8
Expert 0 Expert 1 Expert 2 Expert 3 Expert 4 Expert 5 Expert 6 Expert 7

(a) (b)

N

0.010

i 0.005
—— Stability Distribution —— Stability Distribution

""" Avg Stability: 23.5% ~— | ------ Avg Stability: 74.5%

20 80 101 20 80 100

40 60 40 60
Stability (%) Stability (%)
©) (d)

Figure 2: Experimental Validation of the Pseudo-
Balance Phenomenon. Subfigures (a) and (b) show
expert assignments with and without load balancing:
the balanced model keeps switching experts, while the
baseline stabilizes earlier. Subfigures (c) and (d) mea-
sure assignment consistency across epochs, showing a
68% drop under load balancing.

step t. Under pseudo-balance, this probability sat-
isfies

1
p(E; | x,t) = N VE; € &, Ve e X.
This effect is inherent to the formulation of the

load-balancing loss:

N
Lbalance = & Z Load(i) Di,
=1

where Load(i) denotes the proportion of tokens
assigned to expert ¢ in the current batch, and p; rep-
resents the average gating probability allocated to
expert i. The gradients of this loss, 0L/0p; = af;
and 0L/0f; = ap;, create a symmetric feedback
mechanism that penalizes any expert receiving
more tokens or having a higher routing probabil-
ity. The loss is minimized at the uniform fixed
point f; = p; = 1/E, analytically enforcing equal
usage across experts. To rigorously examine the
resulting pseudo-balance phenomenon, we design
experiments from two complementary perspectives:
training-time expert selection and post-training ex-
pert specialization.

2.1 Expert Selection Dynamics During
Training

To examine the impact of load balancing on routing,
we analyze the stability of expert assignments dur-
ing training. We hypothesize that unstable routing
hinders expert specialization. Comparing a load-
balanced model with a baseline without load bal-
ancing, Figures 2 (a,b) show that even at late train-
ing stages, when routing should have converged,
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Figure 3: Entropy and Expert Transition under Load
Balancing. Subfigure (a) shows normalized routing
entropy and (b) the Top-2 expert transition rate as a
function of the load balance coefficient a.. Both metrics
increase with «, reflecting higher routing randomness
and reduced token—expert consistency.

load balancing induces frequent and seemingly ran-
dom expert switching for identical inputs. In con-
trast, the baseline rapidly converges to stable and
consistent expert assignments. Experimental de-
tails are provided in Appendix A.2.1.

For a quantitative assessment of this instability,
we measured the consistency of expert assignments
across different epochs for the same input sam-
ples. Our results, illustrated in Figure 2 (c) and (d),
reveal a dramatic 68% drop in assignment consis-
tency for the load-balanced model compared to the
baseline. This suggests that expert-centered load
balancing erodes routing determinism, limiting ex-
perts’ ability to accumulate consistent experience
and consequently hindering stable specialization.
We further analyze routing behavior via normal-
ized routing entropy and the Top-2 expert transition
rate, which respectively characterize the dispersion
of routing probability distributions and the tem-
poral instability of expert selection for identical
inputs. As shown in Figure 3, both metrics increase
with the load-balancing coefficient c, demonstrat-
ing that stricter load balancing exacerbates routing
randomness and expert switching, thereby amplify-
ing the pseudo-balance phenomenon.

2.2 Post-Training Analysis of Expert
Specialization

The routing instability observed during training
directly leads to severe knowledge redundancy
among experts. When identical inputs are repeat-
edly routed to different experts, their learned repre-
sentations converge, resulting in substantial func-
tional overlap and reduced parameter efficiency.
To quantify this redundancy, we adopt the
“expert-disabled” evaluation proposed by Dai et al.
(2024), where a varying fraction of top-ranked ex-
perts is progressively masked and the resulting per-
plexity (PPL) degradation is measured. A small per-
formance drop indicates high redundancy, whereas
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Figure 4: Overall framework of MAR. Unlike vanilla MoE, MAR augments router with expert—token matching.
Each expert maintains a memory-based preference vector, which is matched with token representations and fused
with router logits to adjust routing scores. MAR promotes semantically consistent token—expert assignments while

preserving global load balance.

a sharp increase reflects stronger specialization.

As shown in Appendix A.3.1, the load-balanced
model is largely insensitive to expert masking:
PPL remains low even after disabling a substan-
tial number of experts, revealing significant redun-
dancy. In contrast, the baseline model exhibits a
much steeper degradation, indicating clear and non-
interchangeable expert specialization.

These results demonstrate that expert-centered
balancing induces a pseudo-balance phenomenon.
Although global load balance is achieved, increased
routing randomness forces similar inputs across
multiple experts, leading to excessive knowledge
overlap and unstable specialization. As a result,
the fundamental MoE advantage—parameter effi-
ciency through specialization—is undermined, ulti-
mately limiting scalability.

3 Memory-Aware Routing: Towards True
Specialization

In essence, the central question is how we can tran-
sition from pseudo-balance to true expert special-
ization without losing the benefits of load balanc-
ing? To tackle this challenge, we introduce a novel
approach: Memory-Aware Routing (MAR). The
overall framework of Memory-Aware Routing is
illustrated in Figure 4. To address severe knowl-
edge overlap among experts, MAR introduces a
memory buffer that stores representations of re-
cently processed tokens. By aggregating these his-
torical representations, each expert can maintain
a long-term preference vector, which guides rout-
ing decisions and prevents multiple experts from
redundantly learning the same information. To
form and consolidate expert specialization, we pro-
pose the expert—token matching score, defined as
the similarity between an incoming token and an
expert’s preference vector. During routing, this
score is combined with the original routing score

through weighted fusion, encouraging input to be
consistently assigned to semantically aligned ex-
perts, therefore promoting expert specialization.

3.1 Memory Buffer

In our framework, each expert is equipped with an
independent memory buffer that stores the repre-
sentations of tokens it has recently processed. Let
the number of experts be K and the hidden dimen-
sion be d. The memory buffer of the i-th expert
can be expressed as

Bi={n" .k
where hgj ) € R denotes the representation of a
token routed to the expert ¢, and N is the buffer
capacity. To maintain its representational fresh-
ness, the buffer is updated with a FIFO strategy:
Each newly routed token is appended, and once
the buffer is full, the earliest entry is discarded.
This mechanism ensures that the stored vectors
consistently reflect the recent routing history of the
expert, while preventing outdated information from
dominating. Also, FIFO is a straightforward queue
operation with negligible computational cost, en-
abling the model to update its memory efficiently
during training without becoming a performance
bottleneck.

By aggregating the buffered feature vectors, we
obtain a preference vector for expert ¢:

|B|Zh

heB;

My i=1,.K,

d; € Rd.

This preference vector is dynamically updated dur-
ing training, effectively recording the types of in-
formation the expert has processed and guiding
future routing decisions. This ensures each expert
can specialize in the tasks its most proficient at,
fundamentally reducing knowledge overlap among
experts and enhancing the overall specialization
and performance of the entire multi-expert system.
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3.2 Expert-Token Matching Score

To promote expert specialization, we propose the
Expert-Token Matching Score, which explicitly
measures the compatibility between each token
and the long-term preferences of experts. Given
an input token representation = € R?, the gating
network first computes a base score for each expert:
1=1,..., K,

base
5

= Router(z);,
To encourage experts to develop differentiated func-
tional preferences, we define the Expert-Token
score as the cosine similarity between the token

and the expert’s preference vector d;:

_ X - di
el

If d; is a zero vector, the similarity is defined as 0.

The final routing score is then obtained by combin-
ing the two components through weighted fusion:

match
%

s = cos(z, d;)

s = S?ase to- S}L}latch’

where the hyperparameter « € [0, 1] controls the
relative influence of long-term preferences on the
routing decision. Based on the final scores s;, the
model selects the top-k experts for forward com-
putation, and the corresponding token representa-
tions are subsequently written into their memory
buffers to update the expert preference vectors. In
this way, routing decisions no longer rely solely
on instantaneous token features but also incorpo-
rate historical preferences, ensuring that tokens
are directed to semantically aligned and special-
ized experts. This design effectively alleviates the
pseudo-balance phenomenon and fosters functional
diversity and stable expert specialization.

Since MAR is used only during training, the
expert-token matching score is disabled at infer-
ence, where routing reverts to the standard top-
k router. This does not lead to a severe train—
inference mismatch. By encouraging semantically
similar tokens to be routed consistently to the same
experts, MAR promotes more distinctive expert
specialization and reduces arbitrary expert switch-
ing. As experts become more differentiated, their
utilities for a given token become more clearly sep-
arated. Let g = (V, L, fc(z)) denote the marginal
utility of expert e for token . When better-matched
experts consistently yield higher utility, the gap
among {g.} becomes more stable, providing the
router with a more consistent gradient signal:

gZLe = Ppe (ge —~ ijgj)-
J

This gradually encourages the router to assign
higher probability to better-matched experts and
lower probability to less suitable ones. As a re-
sult, the base router internalizes a more stable and
semantically aligned routing policy during train-
ing, allowing much of the learned specialization to
persist even after MAR is removed at inference.

3.3 Complexity and Efficiency

MAR is only applied during training and intro-
duces no additional trainable parameters. Updating
each expert’s preference vector aggregates features
from its buffer with complexity O(/Nd), while to-
ken—expert similarity computation incurs O(Kd)
per token, preserving scalability without creat-
ing training bottlenecks. Empirical comparisons
of peak GPU memory usage and routing latency
between LBL. and LBL+MAR (Appendix A.3.4)
show that the additional training overhead is neg-
ligible. At inference, expert—token matching is
disabled and routing reduces to standard top-k gat-
ing, yielding identical FLOPs, memory footprint,
and latency as vanilla MoE.

4 Experiments
4.1 Experimental Setups

We conduct experiments on four representative
MOoE architectures: Mixtral-MoE (Jiang et al.,
2024), LLaMA-MoE (Zhu et al., 2024), GPT2-
MoE (Lagler et al., 2013), and OLMoE (Muen-
nighoff et al., 2024). For GPT2-MoE, all FFN
layers in Transformers (Vaswani et al., 2017) are
replaced with MoE layers. To comprehensively
evaluate the effectiveness of the Memory-Aware
Routing,we conduct experiments from two perspec-
tives: the pretrain phase and the fine-tuning phase.
In the pretrain phase, we evaluate whether MAR
could overcome parameter redundancy caused by
the expert redundancy. In the fine-tuning phase, we
further verify the performance of the downstream
tasks. Unless noted, all MoE models with load bal-
ancing follow the predominant entropy-based load-
balancing strategy (Lepikhin et al., 2020; Fedus
et al., 2022). Each MoE layer has 8 experts (hidden
size 512) with top-2 routing (Jiang et al., 2024); the
load-balancing loss weight is 0.4. In MAR models,
each expert keeps a memory buffer of 128 with a
memory coefficient 0.5. We use GPT2Tokenizer
(max length 2048), AdamW (Loshchilov and Hut-
ter, 2017) with gradient accumulation and a linear
schedule, and early stopping on validation loss. Ex-
periments run on 5xXRTX 4090 and 2 xL20 GPUs.
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Figure 5: Perplexity convergence of Mixtral-MoE and Mixtral-MoE+MAR during training. Experiments are
conducted on PTB with 4 experts (a) and 8 experts (b), and on WikiText-2 with 4 experts (c) and 8 experts (d).
MAR enables faster PPL reduction and earlier convergence, reducing overall training cost.
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Figure 6: Expert load distribution across training epochs in the Mixtral-MoE+MAR model. Models with MAR
exhibit stable and balanced utilization of experts, indicating the effectiveness of MAR in mitigating expert collapse.

More details are in the Appendix A.2.
4.2 Evaluation

We assess our method using perplexity P for pre-
training and task-specific metrics (e.g., accuracy)
for downstream tasks. We further introduce Key Ex-
pert Dependency (KED) to quantify expert special-
ization. Following Dai et al. (2024), models with
lower expert redundancy are more sensitive to dis-
abling their top-ranked experts. Let IV denote the
total number of experts and n the minimum number
of experts that must remain active during routing
(e.g.,n = 2 fortop-2). Foreachk =1,..., N —n,
we sequentially disable the & top-ranked experts
and record the resulting perplexity P(k), with P(0)
denoting the original perplexity. We then define

N—n

1 P(k) — P(0)

N —n k
k=1

KED =

Higher KED reflects stronger functional differenti-
ation, while lower KED indicates functional over-

lap and parameter redundancy. Baselines use stan-
dard load-balancing loss, while our method applies
MAR. All runs use identical hyperparameters and
optimization.

4.3 Main Results
4.3.1 Pre-training Stage

On the base models Mixtral-MoE, LLaMA-MoE
and GPT2-MoE (with 3 MoE layers), we con-
duct comparative experiments with and without
MAR. We record the expert selections for each
training epoch. As shown in Appendix A.3.2, in
models with standard load balancing, the same in-
puts continue to oscillate between different experts
even in the later stages of training, whereas mod-
els with MAR exhibit stable expert assignments.
This indicates that MAR effectively alleviates the
pseudo-balance phenomenon during training. See
Appendix A.2.2 for experimental settings.

We further compare convergence speed between
the two settings. As illustrated in Figure 5, our
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PTB dataset

WikiText-2 dataset

Method
Num=4 Num=8 Num=4 Num=8
PPL({) KED(1) PPL(}) KED(1) PPL({) KED(1) PPL(}) KED(1)
Mixtral-MoE Model
LBL 74.48 105.32 72.33 129.24 81.37 91.89 78.25 137.64
+MAR (Ours) 69.68 152.95 69.43 186.72 72.96 143.31 72.18 172.30
A -6.43% +45.33% -4.01% +44.52% -10.35% +56.02% -7.76% +25.28%
Llama-MoE Model
LBL 59.34 103.86 56.88 157.31 76.50 242.97 67.38 510.45
+MAR (Ours) 45.18 168.08 44.81 205.29 51.86 289.20 50.97 662.53
A -23.85% +61.80% -21.23% +30.49% -32.18% +19.09% -24.36% +29.82%
GPT2-MoE Model
LBL 62.10 98.45 58.75 145.60 80.25 210.33 70.10 450.12
+MAR (Ours) 54.88 140.72 51.23 195.87 68.90 265.44 62.15 620.50
A -11.63% +42.91% -12.81% +34.58% -14.13% +26.22% -11.34% +37.78%

Table 1: Perplexity (PPL) and Key Expert Dependency (KED) of Mixtral-MoE, Llama-MoE, and GPT2-MoE with
3 MoE layers across different datasets and expert numbers. Memory-Aware Routing (MAR) consistently reduces
PPL and improves KED compared to vanilla load balancing loss (LBL), highlighting parameter efficiency.

MAR models achieve an average PPL reduction of
5% to 20% greater than the baseline model over
the same number of training steps. It also reached
stable performance in approximately 20% fewer
iterations. This demonstrates that MAR lowers
training cost and accelerates convergence.

We additionally investigated the effectiveness
of MAR in preserving expert load balance during
training. To this end, we visualize the distribution
of expert load across epochs, as shown in Figure 6.
The results demonstrate MAR effectively supports
a balanced use of experts, avoiding the collapse
observed in the absence of load balancing methods.
More detalis are presented in Appendix A.3.3.

For model performance, we evaluate perplexity
(PPL) as the primary metric and Key Expert De-
pendency (KED) to measure expert specialization.
Table 1 shows that MAR substantially improves ex-
pert specialization, resulting in an average gain of
35% in KED. In both base models, MAR achieves
superior performance while using only half the
number of experts (reducing total parameters by
25%). This highlights simultaneous gains in param-
eter efficiency and training efficiency. Furthermore,
we compare MAR with other load-balancing strate-
gies (Qiu et al., 2025; Wang et al., 2024; Guo et al.,
2025; Omi et al., 2025), including shared-expert
architectures (DeepSeek-Al et al., 2024), and Ta-
ble 2 demonstrates that MAR provides consistent
improvements across all baselines.

To evaluate scalability, we apply MAR to GPT2-

WikiText-2 Dataset PTB Dataset

Expert Number
Expert Number

25 50 75 0
Perplexity (PPL)
== LBL

Perplexity (PPL)
B LBL+MAR

Figure 7: Comparison of LBL and MAR across different
expert scales (4, 8, 16) on WikiText-2 and PTB datasets.

MoE with 12 MoE layers—four times the param-
eters of the 3-layer variant—pre-trained on Open-
WebText (Gokaslan et al., 2019). Table 3 confirms
the same trends, indicating that MAR consistently
enhances expert specialization and parameter uti-
lization across different model scales. We further
assess scalability with respect to the number of ex-
perts by comparing LBL and MAR with 4, 8, and
16 experts. Figure 7 shows that MAR achieves con-
sistently lower perplexity across all expert numbers,
with performance gains persisting as the number of
experts increases.

4.3.2 Fine-tuning Stage

For fine-tuning, we initialize with the open-source
OLMOoE 1B-7B model (Muennighoff et al., 2024)
and conduct experiments with and without MAR
across four representative downstream tasks: lan-
guage modeling, knowledge application, com-
monsense reasoning, and mathematical reason-
ing. Specifically, We evaluate language mod-
eling on PTB (Marcinkiewicz, 1994) using per-
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PTB dataset

WikiText-2 dataset

Method
Mixtral LLaMA Mixtral LLaMA

PPL(}) KED(1) PPL()) KED() PPL() KED() PPL() KED()
Global Batch LBL 70.42 160.51 42.25 188.37 73.34 168.32 55.03 535.21
+ MAR (Ours) 67.79 217.05 40.74 236.91 70.44 192.23 49.66 688.33
A 373%  +3523%  -3.57T%  4+2577%  -395% < +1421%  -9.76%  +28.61%
Aux Free 70.83 154.03 42.21 189.41 73.56 166.73 54.06 601.54
+ MAR (Ours) 67.52 225.98 41.28 243.24 70.01 198.24 50.56 669.29
A -4.67%  +46.71%  -2.20%  +28.42%  -4.83%  +1890%  -6.47%  +11.26%
Lo+Lv 71.95 141.48 42.11 167.55 76.12 149.13 54.44 595.21
+ MAR (Ours) 68.98 198.67 41.77 214.43 71.97 183.66 50.07 674.86
A 4.13%  +4042%  -0.81%  +27.98%  -545%  +23.15%  -8.03%  +13.38%
SimBal 72.30 139.59 42.02 176.87 77.07 145.75 54.31 595.95
+ MAR (Ours) 69.01 191.88 40.54 221.92 71.24 188.50 50.03 679.04
A -455%  +37.46%  -3.52%  +2547% @ -1.56%  +29.33%  -7.88%  +13.94%
Shared Experts 71.64 159.29 36.72 235.24 73.98 172.64 40.32 710.32
+ MAR (Ours) 69.32 205.31 36.25 254.57 69.96 212.39 39.50 714.82
A 324%  +28.89%  -1.28% +8.22% 543%  +23.02%  -2.03% +0.63%

Table 2: Performance of applying MAR on top of different load-balancing strategies. ‘Global Batch LBL’ refers to
Qiu et al. (2025). ‘Aux Free’ refers to Wang et al. (2024). ‘Lo+Lv’ refers to Guo et al. (2025). ‘SimBal’ refers to
Omi et al. (2025). MAR consistently reduces PPL and improves KED. Gains indicate relative improvements of

MAR over the baseline.
Method Num=8 Num=16
PPL(]) KED(?) PPL({) KED(1)
LBL 52.45 91.89 48.24 124.26
+MAR (Ours) 47.94 13514 43.71 163.05
A -8.6% +47.1% -9.4% +31.2%

Table 3: Perplexity (PPL) and Key Expert Dependency
(KED) of GPT2-MoE with 12 MoE layers.

Method PTB MMLU SVAMP BBH GSMS8K

PPL(}) Acc(?) Acc(f) Acc(h) Acc()
LBL 17.02  43.06 10.60 17.12 7.66
+MAR 1549 44.08 1330 18.16 8.26
A -89% +22% +254% +6.07% +7.8%

Table 4: Performance comparison of OLMoE 1B-7B
with and without Memory-Aware Routing (MAR) on
PTB, MMLU, SVAMP, BBH, and GSM8K.

plexity (PPL), knowledge application on MMLU
(Hendrycks et al., 2021), commonsense reasoning
on BBH (Suzgun et al., 2022), and mathematical
reasoning on GSMS8K (Cobbe et al., 2021) and
SVAMP (Patel et al., 2021). Experimental details
are provided in Appendix A.2.3.

Table 4 demonstrate that models with MAR con-
sistently outperform their counterparts, achieving
performance improvements of 2%—25% across all

task, further validating the effectiveness of the pro-
posed method in practical applications.

4.4 Ablation Study

we conduct ablation studies on the memory influ-
ence factor o and the memory buffer size (Ap-
pendix A.2.4). Results show that « = 0.5 and a
buffer size of 128 achieve the best balance between
current and long-term preferences. We further com-
pare different memory buffer update strategies and
alternative formulations of the expert—token match-
ing score (Appendix A.3.5), where the FIFO strat-
egy achieves the best trade-off between computa-
tional efficiency and performance.

S Conclusion

In this work, we first reveal a key limitation of
expert-centered load balancing in MoE models: the
pseudo-balance phenomenon, where the same input
is routed to different experts across training steps
for global balancing, rather than consistently to the
most semantically aligned expert. This leads to
high functional overlap among experts and hinders
the formation of distinct specialization, thereby
limiting the scalability of MoE models. To ad-
dress this, we propose Memory-Aware Routing
(MAR), which augments traditional load balanc-
ing with memory-guided routing. MAR ensures
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that tokens are consistently assigned to the most
compatible experts, maintaining balanced usage
while improving assignment stability and rational-
ity, effectively mitigating the pseudo-balance issue.
MAR increases expert differentiation by 35%, al-
lows halving the number of experts without per-
formance loss (improving parameter utilization by
25%), and achieves 2%—25% performance gains
across downstream tasks. Our findings show that
effective routing is the key to promoting true expert
specialization. A promising area for future research
is to explore how to amplify this specialization
through improved routing, ultimately leveraging
the core benefits of MoE models.

6 Reproducibility statement

To support reproducibility, we document model
architectures, hyperparameters, and training proce-
dures in the main text and Appendix A.2.2, with
preprocessing, evaluation metrics, and additional
results reported in Appendices A.3.3 and A.2.3.

Limitations

While Memory-Aware Routing (MAR) effectively
mitigates pseudo-balancing and promotes expert
specialization, several limitations remain. MAR
introduces additional hyperparameters, such as
the memory buffer size and fusion coefficient a,
whose optimal values may vary across models and
datasets. The method also assumes relatively stable
expert preferences during training; under highly
non-stationary data distributions, historical mem-
ory can become stale and slow routing adaptation.
Although MAR incurs only minor overhead during
training and leaves inference unchanged, memory
maintenance may become more costly when scal-
ing to extremely large expert sets. In the future, we
will explore adaptive memory update mechanisms,
hyperparameter-free routing formulations, and ex-
tensions of MAR to more dynamic, multi-task, and
cross-modal MoE scenarios.
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A Appendix

A.1 RELATED WORK
A.1.1 Mixture of Expert

Recent years have witnessed rapid progress in
large foundation models (Achiam et al., 2023; Bai
et al., 2025; Du et al., 2026). As a promising scal-
ing paradigm, Mixture-of-Experts (MoE) increases
model capacity while keeping computation man-
ageable by sparsely activating only a small sub-
set of experts for each input. Mixture-of-Experts
(MoE) traces back to the statistical learning litera-
ture, where Jacobs et al. (1991b); Jordan and Jacobs
(1994b) introduced (hierarchical) mixtures trained
with EM to encourage specialization among sub-
networks. In modern deep learning, Shazeer et al.
(2017¢) revived MoE at scale with sparsely-gated
layers that route each token to a small subset of ex-
perts, achieving large capacity without proportional
compute. Building on this, Du et al. (2022) demon-
strated trillion-parameter MoE language models
with strong few-shot performance at lower training
energy than dense baselines. Recent open models

also validate MoE’s quality/efficiency in practice.
Mixtral 8x7B (Jiang et al., 2024) attains strong
results with two-expert routing per token; DBRX
employs fine-grained MoE with smaller experts to
improve Pareto efficiency (Mosaic Research Team,
2024). DeepSeek-V2 (DeepSeek-Al et al., 2024)
combines architectural changes (e.g., MLA) with
fine-grained MoE to reduce active parameters and
KV cache costs while maintaining performance.

A.1.2 Load Balancing

Unconstrained gating in MoE tends to overuse a
few experts, leaving others idle. To counter this,
Shazeer et al. (2017a) introduced the importance
loss Limportance and load loss Ljyaq, which Lep-
ikhin et al. (2020) distilled into a differentiable
auxiliary loss L. Its effectiveness has been val-
idated by Fedus et al. (2022) and widely adopted
in practice (Jiang et al., 2024; Lieber et al., 2024;
Mosaic Research Team, 2024). In related efforts,
DeepSeek-Al (2024) explored an auxiliary-loss-
free strategy with expert-specific biases. While
these approaches mitigate imbalance, they still suf-
fer from the pseudo-balance problem, where iden-
tical inputs are inconsistently routed across steps,
leading to unstable mappings, knowledge redun-
dancy, and limited specialization. To alleviate ex-
pert redundancy, Omi et al. (2025) softly enforces
orthogonality among router weights; Guo et al.
(2025) introduces a joint orthogonality—variance
objective to improve specialization; and Qiu et al.
(2025) relaxes micro-batch balancing via global
synchronization to enhance domain specializa-
tion. However, these methods primarily drive
inter-expert differentiation rather than enforcing to-
ken—expert consistency, leaving the pseudo-balance
problem fundamentally unresolved.

A.2 IMPLEMENTATION DETAILS

A.2.1 Demonstration of a pseudo-balance
phenomenon

We build our model upon a lightweight Mixture-
of-Experts Transformer that follows the design
paradigm of Mixtral-MoE (Jiang et al., 2024).
Specifically, the architecture, extends a Trans-
former backbone by replacing the standard feed-
forward sublayer with a Mixture-of-Experts (MoE)
module. Each Transformer block first applies
multi-head self-attention with a hidden dimen-
sion of 1024 and 8 attention heads, followed by
the MoE sublayer. The MoE module consists of
eight experts, where each expert is implemented
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as a two-layer feed-forward network of dimension
512 — 512 — 512 with GELU activation. A
learned router assigns tokens to experts using top-2
gating, and the final output is obtained by weight-
ing the selected experts with softmax-normalized
routing scores and combining their outputs. Resid-
ual connections and layer normalization are applied
after both the attention and MoE sublayers.

In models augmented with load balancing, we
incorporate an entropy-based regularization term
into our training objective. This term, Lpajance, €N-
courages the model to distribute tokens uniformly
across all experts. Let Load(i) denote the empir-
ical load of the i-th expert, calculated as the frac-
tion of tokens assigned to it within a batch. The
load-balancing loss is then formulated as a scaled
entropy term:

N

Lbpalance = Z Load(i) Di,
=1

where N = 8 is the number of experts and o = 0.4.
Here, Load(7) denotes the proportion of tokens
assigned to expert ¢ in the current batch, and p;
represents the average gating probability allocated
to expert 7. Minimizing this loss encourages the
distribution of expert loads to approach a uniform
distribution, thus preventing a few experts from
being overutilized while others remain idle. The
hyperparameter « is used to balance the importance
of the load-balancing objective against the primary
task loss.

The model employs a vocabulary size of 50,257
(for GPT-2 tokenizer compatibility), a maximum
sequence length of 2,048, three Transformer layers,
and a final linear projection that maps hidden states
to vocabulary logits. Training is conducted on
the Penn Treebank (PTB) dataset (Marcinkiewicz,
1994), where the corpus is tokenized using the GPT-
2 tokenizer and sequences are padded or truncated
to 2,048 tokens. Optimization is performed with
AdamW at a learning rate of 5x 10~°, using a linear
warm-up of 1,000 steps. To stabilize training, gradi-
ent clipping with a maximum norm of 1.0 and gra-
dient accumulation over four steps are employed.
The effective batch size is four sequences per step,
and models are trained for up to 100 epochs with
early stopping based on validation loss, using a
patience of three epochs.

During training, we jointly monitor the cross-
entropy loss and the load-balancing term, while
also analyzing expert routing behavior. In particu-

lar, we record the routing distributions across ex-
perts, the per-layer utilization statistics, and the
temporal dynamics of load balancing. These analy-
ses provide insights into the specialization stability
of experts and the overall effectiveness of the pro-
posed routing mechanism.

A.2.2 Experiment on the pre-training phase

We conduct pretraining experiments across multi-
ple Mixture-of-Experts (MoE) architectures to sys-
tematically evaluate the effect of different model
configurations on language modeling performance.
Specifically, we examine three backbone structures,
Mixtral-MoE (Jiang et al., 2024), Llama-MoE (Zhu
et al., 2024), and GPT-2-MoE (Lagler et al., 2013),
each augmented with varying numbers of experts
and layers.

For the Mixtral-MoE and the Llama-MoE con-
figuration, we train models with three MoE layers
and either 4 or 8 experts per layer. These models
contain 150M and 200M total parameters, respec-
tively, with approximately 135M active parameters
during inference. The detailed architectural and
training settings follow those outlined in Appendix
A2.1.

Our GPT2-MoE model builds upon the GPT-2
architecture by incorporating Mixture-of-Experts
(MoE) layers into the Transformer blocks. Each
block consists of LayerNorm, causal self-attention,
and an MoE feed-forward subnetwork, where the
conventional MLP is replaced with eight experts,
each implemented as a two-layer feed-forward net-
work with GELU activation. For every token, the
router selects the top-2 experts and assigns normal-
ized weights through a softmax function. To ensure
balanced utilization of experts, a load-balancing
loss is added to the objective with a coefficient of
0.4. The overall model follows an autoregressive
design with twelve Transformer layers, twelve at-
tention heads, a hidden dimension of 768, and a
maximum sequence length of 1024. Token and
positional embeddings are used at the input, while
the output head is weight-tied with the token em-
bedding.

The training data is stored in memory-mapped
binary format containing tokenized sequences
for both training and validation. Each batch is
constructed by randomly slicing fixed-length se-
quences, eliminating the need for padding or at-
tention masks. The training objective combines
the standard language modeling cross-entropy loss
with the auxiliary load-balancing loss, while valida-
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tion is performed solely on the language modeling
component to provide a clean measure of general-
ization. Optimization is carried out using AdamW,
with weight decay applied to weight parameters
but excluded for biases and LayerNorm parameters.
The learning rate starts from 6 x 10~%, warms up
for the first 2000 steps, and then decays following
a cosine schedule to a minimum of 6 x 1075, Gra-
dient clipping at 1.0 is applied to stabilize training.
To achieve larger effective batch sizes, we adopt
gradient accumulation over 40 steps by default,
which scales automatically when distributed train-
ing is enabled. Training supports both float16 and
bfloat16 mixed precision with automatic gradient
scaling.

All Mixtral-MoE and Llama-MoE models
are pretrained on the Penn Treebank (PTB)
(Marcinkiewicz, 1994) and WikiText-2 (Merity
et al., 2016) datasets. For the GPT-2-MoE mod-
els, we pretrain on OpenWebText (Gokaslan et al.,
2019), a large-scale corpus designed to approxi-
mate the distribution of the original GPT-2 training
data, in order to assess scalability under web-scale
data. All pretraining experiments are conducted on
the task of language modeling, where the objective
is to minimize the token-level cross-entropy loss
with an additional load-balancing regularization
term for MoE routing.

The choice of datasets is aligned with the scale
of the models under consideration. PTB and
WikiText-2 are relatively small dataset, which
makes them suitable for medium-sized models,
where training efficiency and rapid experimenta-
tion are prioritized. In contrast, larger GPT-2-MoE
models require exposure to significantly more di-
verse linguistic patterns to realize their capacity.
Therefore, we employ OpenWebText, a 40 GB cor-
pus with web-scale coverage, to ensure that these
models can fully exploit their parameterization and
demonstrate scalability.

In the comparative experiments, both the base-
line models and those enhanced with Memory-
Aware Routing (MAR) were trained under an iden-
tical load-balancing strategy, as specified in Ap-
pendix A.2.1. This ensures that any observed dif-
ferences in performance can be attributed solely
to the introduction of MAR rather than variations
in routing regularization. For all MAR-augmented
models, the buffer size was consistently fixed at
128, and the memory impact factor was set to 0.5,
providing a stable configuration for evaluating the
effectiveness of memory-guided routing.

A.2.3 Experiment on the fine-tuning phase

For fine-tuning, we initialize with the open-source
OLMOoE 1B-7B model (Muennighoff et al., 2024)
and conduct experiments with and without MAR
across four representative downstream tasks. The
datasets used for each task are summarized below:

* Language Modeling: Penn Treebank (PTB)
(Marcinkiewicz, 1994). PTB contains approxi-
mately one million words from the Wall Street
Journal and is a widely used benchmark for
evaluating language modeling performance.
We use perplexity (PPL) as the evaluation met-
ric.

Knowledge Application: Massive Mul-
titask Language Understanding (MMLU)
(Hendrycks et al., 2021). MMLU covers
multiple domains including humanities, sci-
ence, and professional knowledge, testing the
model’s ability to recall and apply factual in-
formation.

* Commonsense Reasoning: BIG-bench Hard
(BBH) (Suzgun et al., 2022). BBH consists of
challenging problems that require multi-step
reasoning and knowledge beyond memoriza-
tion, evaluating the model’s common-sense
reasoning ability.

* Mathematical Reasoning: GSM8K (Cobbe
et al., 2021) and SVAMP (Patel et al., 2021).
GSMBSK is a collection of grade-school-level
math word problems, while SVAMP evalu-
ates the robustness and generalization of arith-
metic reasoning.

Each data set is pre-processed to be compati-
ble with the OLMOoE tokenizer, and standard train-
validation splits are used. This setup allows us to
systematically assess the impact of MAR on both
general language modeling and task-specific rea-
soning performance.

A.2.4 Ablation Study

To further analyze the key design choices of Mem-
ory Aware Routing, we conduct ablation experi-
ments from two perspectives: the influence param-
eter o of the interest distribution and the memory
buffer size. The results are shown in Table 5.

The ablation study is conducted on the Mixtral-
MoE model with three MoE layers, each containing
four experts. The experiments are performed on the
PTB dataset (Marcinkiewicz, 1994), focusing on
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Memory-related Memory Impact Factor « Buffer Size
hypetparameters 500 05 08 64 128 256
PPL 7448 73.82 69.68 74.02 75.64 69.68 71.32

Table 5: Ablation study on memory-related hyperparameters. Moderate values of the memory impact factor
(av = 0.5) and buffer size (128) yield the lowest PPL. Extremes at either end of these hyperparameters result in
degraded performance, highlighting the necessity of a balanced configuration for optimal routing effectiveness.

language modeling. For consistency, the load bal-
ancing strategy and the load balancing weight are
set as in Appendix A.2.1. All other model hyperpa-
rameters, such as hidden size, number of attention
heads, and maximum sequence length, are kept
identical to the base configuration. Training is per-
formed on the same hardware setup as described in
Appendix A.2.1, ensuring that comparisons reflect
only the effect of the ablated components. This
study aims to isolate the contribution of individual
mechanisms within the Mixtral-MoE architecture
and to quantify their impact on model performance.

We first examine the effect of a on model per-
formance. When o = 0, the model relies solely on
instantaneous features, leading to severe pseudo-
balance and insufficient expert specialization. As «
increases from 0.2 to 0.5, the perplexity (PPL) de-
creases by 5%, indicating that incorporating mod-
erate historical interest effectively breaks pseudo-
balance and accelerates the convergence of expert
specialization. The best performance is achieved
at o = 0.5, where instantaneous features and long-
term preferences reach an optimal balance. How-
ever, further increasing « to 0.8 degrades perfor-
mance by 6%, suggesting that excessive reliance
on historical interests introduces expert “path de-
pendence” and overfitting to past patterns, thereby
weakening generalization ability.

Next, we investigate the impact of buffer size
on modeling the interest distribution. With a small
buffer (64), too few historical samples are retained,
making the interest distribution sensitive to short-
term fluctuations and leading to unstable expert
specialization. At a buffer size of 128, historical
and instantaneous information are better balanced:
short-term noise is suppressed without introducing
stale information, resulting in the best performance.
When the buffer size increases to 256, although
more history is preserved, the interest distribution is
diluted by outdated samples, reducing the model’s
sensitivity to current inputs and ultimately degrad-
ing performance by approximately 2%.

In summary, the combination of moderate histor-
ical memory and instantaneous features is crucial
for the effectiveness of MAR. In our experiments,
the optimal configuration is achieved at @ = 0.5
and a buffer size of 128. These findings validate
the soundness of our design and further highlight
that a proper balance between short-term features
and long-term preferences is key to efficient expert
specialization and stable model convergence.

A.3 MORE ANALYSIS

A.3.1 The Pseudo-balance Phenomenon

As depicted in Figure 8, the load-balanced model
demonstrates significantly less sensitivity to expert
masking. Its perplexity remains low even when
a considerable portion of its top experts are dis-
abled, which indicates a high degree of redundancy.
Conversely, the baseline model, which lacks load
balancing, experiences a much steeper decline in
performance. This confirms the successful special-
ization and non-interchangeability of its experts.
Thus, these results provide direct evidence that ex-
pert balancing methods lead to substantial knowl-
edge overlap.

To investigate the pseudo-balancing phe-
nomenon, we compared the training dynamics of
models with and without load balancing. Figure
9 indicates that without the load-balancing regu-
larization, the routing network tends to activate
only a small subset of experts, leaving the majority
largely unused and resulting in severe load imbal-
ance. With the introduction of the load-balancing
regularizer, Figure 10 shows that expert activa-
tions become more uniform, achieving an appar-
ent global balance. However, this superficial bal-
ance impedes the formation of stable expert special-
ization, highlighting the inherent tension between
expert-centered load balancing and expert differen-
tiation—a fundamental challenge in MoE training.

To quantify this effect, we measured the stan-
dard deviation of expert utilization rates, capturing
the uniformity of each expert’s activation across
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Figure 9: Expert load distribution across training epochs in the model without LBL. Without LBL, the model tends
to activate only a small subset of experts, and this imbalance becomes progressively more severe over the course of

training.

all training tokens. Table 6 shows that without
load balancing, the expert utilization standard de-
viation is approximately 0.8, whereas adding the
regularizer reduces it to around 0.2, demonstrating
a significant improvement in expert usage unifor-
mity.

A.3.2 Expert selection of MAR

Figure 11 illustrates that while standard load-
balanced models show input assignments con-
stantly oscillating between experts even late in
training, models with MAR maintain stable ex-
pert assignments. This directly shows that MAR
effectively solves the pseudo-balance problem.

A.3.3 Effectiveness of MAR in Maintaining
Balance

We further analyzed the effectiveness of Memory-
Aware Routing (MAR) in maintaining expert load
balance on two additional base models: Llama-
MoE and GPT2-MoE. The results, shown in Figure
12 and Figure 13, indicate that MAR also achieves
stable and consistent expert utilization with a low
standard deviation on these models.

For the evaluation metric, we also adopt the stan-
dard deviation of expert utilization rates to mea-
sure the degree of load balance across experts. As
shown in Table 7, models with MAR maintain an
expert utilization standard deviation of approxi-
mately 2.57. Although this value is slightly higher
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Figure 10: Expert load distribution across training epochs in the model with LBL. Under the constraint of LBL, the
model successfully balances the utilization of experts, leading to a more even load distribution.
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Figure 11: Expert routing stability comparison between baseline Mixtral-MoE and Mixtral-MoE+MAR. This figure
compares how tokens are routed to experts in the training epochs. The Baseline MoE shows unstable routing, as the
same tokens are sent to different experts. In contrast, MAR MOoE has a stable pattern, showing successful expert

specialization.

than that achieved by conventional load-balancing
strategies, we argue that it more faithfully reflects
the true distribution of the data. Forcing expert
utilization to be perfectly uniform would result
in some tokens being assigned to experts with in-
consistent semantics, thereby introducing pseudo-
balance. In contrast, the moderate deviation ob-
served under MAR indicates that experts are spe-
cializing according to the semantic characteristics
of the data, which is essential for achieving mean-
ingful specialization and avoiding artificial pseudo-
balance.

A.3.4 Evaluation of MAR Overhead

To substantiate our claim that MAR introduces neg-
ligible overhead, we provide a quantitative com-
parison of GPU memory usage and routing latency
between LBL and LBL+MAR, as summarized in
Table 8. The results indicate that MAR incurs only
a minor increase in peak GPU memory (+0.3 GB)
and routing latency (+0.8 ms), confirming that its

computational overhead is minimal.

A.3.5 Memory Buffer Update Strategies

We conducted additional experiments comparing
FIFO, LRU, LFU, and RAND. Table 9 indicates
that FIFO achieves nearly identical PPL to the
strongest baselines and consistently ranks among
the top two across datasets, while being substan-
tially more efficient—approximately 2-3 x faster
than LRU/LFU. These findings suggest that FIFO
provides the most favorable quality—efficiency
trade-off in large-scale training.

Regarding the similarity metric, we adopt cosine
similarity due to its scale-invariant property, which
ensures more stable behavior in high-dimensional
embeddings. Additionally, it incurs lower com-
putational cost compared to Euclidean distance,
aligning well with our efficiency-oriented setting.

EMA-based, attention-weighted, or representa-
tional update schemes introduce additional compu-
tations—such as similarity evaluation, ranking, or
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Expert Selection Rates per Epoch (Llama-MoE+MAR)

—~30 Epoch 1 . Epoch 2

[0} [0}

Zu 20 18.5 16.4 E

c . c

210 2

[} [}

Q Qo

g, [}

n E1l E2 E3 E4 E5 E6 E7 E8 n E1l E2 E3 E4 E5 E6 E7 E8
Expert Expert

=130 Epoch 5 - Epoch 6

[} ()

§ 20 18.6 16.5 E 18.3

c - c

210 2

|9} |9}

Q Qo

& o &

E1 E2 E3 E4 E5 E6 E7 E8
Expert

E1l E2 E3 E4 E5 E6 E7 E8
Expert

- Epoch 3 -

X X

[} Q

-+ -+

© ©

o o

c C

ke K]

-+ -+

(9} (9}

Q Q

Q ()

Y E1 E2 E3 E4 E5 E6 E7 E8 Y 7FE1 E2 E3 E4 E5 E6 E7 E8
Expert Expert
Epoch 7 Epoch 8

17.9

Selection Rate (%)
Selection Rate (%)

E1 E2 E3 E4 E5 E6 E7 E8
Expert

E1l E2 E3 E4 E5 E6 E7 E8
Expert

Figure 12: Expert load distribution across training epochs in the Llama-MoE+MAR model. Models with MAR
exhibit stable and balanced utilization of experts, indicating the effectiveness of Memory-Aware Routing in

mitigating expert collapse.

Method Epoch1 Epoch2 Epoch3 Epoch4 Epoch5 Epoch6 Epoch7 Epoch8 Avg
Load Balance  0.0857  0.0696  0.0331 0.0484  0.0829  0.0500  0.0866  0.0500 0.0633
No Balance 12.00 15.65 16.35 19.71 19.16 22.04 24.63 27.60 19.14

Table 6: Expert load standard deviation of Mixtral-MoE with LBL and without LBL.

sampling—at every forward pass. At our training
scale, such complexity would substantially reduce
throughput and is therefore impractical. Conse-
quently, we employ the lightweight and effective
FIFO strategy, as validated by our experiments.

A.3.6 Efficient Implementation of
Memory-Aware Routing

In the main text, updating each expert’s prefer-
ence vector by aggregating features from its buffer
has complexity O(Nd) per expert, where N is the
buffer size and d is the hidden dimension. How-
ever, this computation can be optimized to O(1)
per update using a running sum. Specifically, for
expert ¢ with buffer B;, let the current preference

vector be .
d; = > h
’Bz‘ heB;

When a new token representation hpey is appended
and the oldest entry hgq is evicted, the preference
vector can be updated incrementally as

1

di — dz + 7(hnew -

hold),
|Bi

avoiding a full summation over the buffer. This
ensures that each update has constant time com-
plexity O(d), independent of the buffer size IV, en-

abling scalable training even with very large mem-
ory buffers.

Similarly, token—expert similarity computations
remain O(K d) per token, and no additional mem-
ory beyond the buffer itself is required. This effi-
cient implementation allows MAR to be applied in
large-scale experiments with long buffers without
introducing significant training overhead.
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Expert Selection Rates per Epoch (GPT2-MoE+MAR)
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Figure 13: Expert load distribution across training epochs in the GPT2-MoE+MAR model. Models with MAR
exhibit stable and balanced utilization of experts, indicating the effectiveness of Memory-Aware Routing in
mitigating expert collapse.

Method Epoch1l Epoch2 Epoch3 Epoch4 Epoch5 Epoch6 Epoch7 Epoch8 Avg

w/o LBL 12.00 15.65 16.35 19.71 19.16 22.04 24.63 27.60 19.14
LBL 0.0857 0.0696  0.0331 0.0484 0.0829 0.0500 0.0866  0.0500 0.0633
LBL+MAR 2.63 2.39 2.62 2.71 2.52 2.58 245 2.63 2.57

Table 7: Expert load standard deviation of Mixtral-MoE without LBL, with LBL and with MAR. LBL is the standard
load balancing loss, and MAR is our proposed Memory-Aware Routing. The results show that MAR significantly
decreases the load standard deviation, indicating more equal expert utilization.

Metric LBL LBL +MAR Absolute change
Peak GPU memory (GB) 12.3 12.6 +0.3
Training Routing latency (ms) 7.8 8.6 +0.8

Table 8: Comparison of LBL and LBL+MAR in terms of GPU Memory Usage and Routing Latency. Measured
on NVIDIA RTX 4090, with batch size = 16. Peak GPU memory and average routing latency (average time per
forward pass, in ms) are taken at the same number of training steps.

Strategy  Loss PPL  Time (min)

FIFO 3.7374 41.99 137.0

LRU  3.7371 41.98 313.8

PTB LFU 3.7601 42.95 302.0
RAND  3.7507 42.55 150.4

FIFO 3.8044 44.90 79.4
LRU  3.8123 45.26 169.1
LFU 3.8011 44.75 165.3
RAND 3.8157 4541 81.6

Dataset

WikiText-2

Table 9: Comparison of memory buffer update strategies. FIFO ranks among the top two strategies on both
datasets while achieving substantially higher training efficiency (approximately 2—3x faster than LRU/LFU). Time
is measured under the same number of training steps.

17337



