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Abstract

Mixture-of-Experts (MoE) has emerged as a
promising paradigm for efficiently scaling large
language models without a proportional in-
crease in computational cost. However, the
standard training strategy of Top-K router pre-
vents MoE models from realizing their full po-
tential for elastic inference. When the number
of activated experts is altered at inference time,
these models exhibit precipitous performance
degradation. In this work, we introduce Ma-
tryoshka MoE (M-MokE), a training framework
that instills a coarse-to-fine structure directly
into the expert ensemble. By systematically
varying the number of activated experts during
training, M-MoE compels the model to learn
a meaningful ranking: top-ranked experts col-
laborate to provide essential, coarse-grained
capabilities, while subsequent experts add pro-
gressively finer-grained detail. We explore this
principle at multiple granularities, identifying a
layer-wise randomization strategy as the most
effective. Our experiments demonstrate that
a single M-MoE model achieves remarkable
elasticity, with its performance at various ex-
pert counts closely matching that of an entire
suite of specialist models, but at only a fraction
of the total training cost. This flexibility not
only unlocks elastic inference but also enables
optimizing performance by allocating different
computational budgets to different model lay-
ers. Our work paves the way for more practical
and adaptable deployments of large-scale MoE
models.

1 Introduction

The landscape of artificial intelligence is increas-
ingly dominated by large-scale models (OpenAl,
2023; DeepSeek-Al, 2025; google, 2025) , whose
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unprecedented capabilities (Scale-Al, 2025) are of-
ten shadowed by their immense computational cost.
This has given rise to a critical need for elastic infer-
ence (Cai et al., 2024): the ability of a single model
to dynamically adapt its computational footprint to
meet diverse user requirements.

A prominent and successful paradigm in this
domain is Matryoshka Representation Learning
(MRL)(Kusupati et al., 2022) and its architectural
derivatives(Devvrit et al., 2024; Gemma Team,
2025). MRL addresses a fundamental inefficiency
in deep learning: standard models tend to diffuse in-
formation evenly across their entire representation
vectors, which makes smaller, truncated represen-
tations ineffective. MRL directly counteracts this
by instilling a structured, coarse-to-fine granular-
ity within a single high-dimensional embedding.
The training objective is applied not only to the
full representation but also to its nested, truncated
prefixes. This forces the model to prioritize and
pack the most critical, high-level information into
the initial dimensions, with subsequent dimensions
progressively adding finer-grained detail.

While MRL explicitly instills a Matryoshka
structure within a single representation, Mixture-of-
Experts (MoE) architectures (Shazeer et al., 2017)
present an innate structural potential for the same
principle. As the leading paradigm for scaling mod-
els to billions of parameters at a manageable com-
putational cost (Jiang et al., 2024), MoE routes
each token through a small subset of expert sub-
networks. Instead of adapting model depth or rep-
resentation dimension, MoE’s sparse architecture
naturally suggests adapting its width—the num-
ber of concurrently active experts. The intuition
is powerful: at inference time, one could simply
select fewer experts for a coarse but fast prediction,
or more experts for a fine-grained, higher-quality
output, effectively creating a “Matryoshka MoE".

However, our empirical investigation into pub-
licly available MoE models reveals a counter-
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Figure 1: MMLU score of DeepSeek-V2-Lite, Qwen3-
30B-A3B-Base, and RedNote-Dots.LLM1.Base under
varying numbers of activated experts.

intuitive reality. As shown in figure 1, increas-
ing the number of activated experts yields minimal
performance gains, while reducing it leads to pro-
gressively accelerating performance degradation.
This finding directly contradicts the prevailing in-
tuition and exposes a fundamental brittleness in
current MoE models, suggesting they are incapable
of delivering on the promise of true inference-time
elasticity. This performance collapse stems from
the inherent rigidity of the fixed Top-K training
paradigm. During training, each expert becomes
overly specialized in collaborating with a fixed-size
group of peers. this paradigm causes a problem
analogous to information diffusion: expert capacity
becomes rigidly co-adapted to a fixed-size group,
and the router’s ranking ability is only meaningful
for the top K. Any deviation disrupts this delicate
balance.

To overcome this critical limitation and unlock
the true potential of MoE for elastic inference, we
propose Matryoshka MoE (M-MOoE), a simple yet
effective training strategy. The core idea of M-MoE
is to instill a coarse-to-fine granularity within the
MokE’s expert routing mechanism. We explore this
principle at different granularities, ranging from
randomizing the expert count for an entire global
batch to our most effective strategy: a layer-wise
approach where each Transformer layer indepen-
dently selects a different number of experts. This
fine-grained stochasticity forces experts to differ-
entiate their contributions, with fewer activated ex-
perts collaboratively providing essential, coarse-
grained information, and additional experts pro-
gressively adding finer-grained detail, thereby fos-
tering a more versatile model.

Our experiments demonstrate that a single M-

MoE model can achieve remarkable inference-time
elasticity, delivering performance that is compa-
rable to multiple specialist models, each trained
individually for a specific expert count. The analy-
sis of the router’s internal mechanics reveals that
M-MoE not only teaches the gating network to
produce a globally coherent and stable ranking of
experts, but also fosters a higher degree of expert
specialization. This is in stark contrast to the brittle
rankings and greater functional overlap among ex-
perts observed in fixed-k models. Furthermore, the
inherent flexibility of our M-MoE model unlocks
novel analytical possibilities. We investigate the
performance impact of allocating different numbers
of experts to different layers during inference, pro-
viding valuable insights for future elastic deploy-
ment strategies, which is impossible with rigidly
trained MoE models.
Our main contributions are as follows:

* We identify the rigidity of fixed-k training as
a key barrier to elastic MoE inference and
propose Matryoshka MoE, a framework that
instills a coarse-to-fine functional hierarchy
within the expert ensemble.

* We empirically demonstrate that our layer-
wise M-MOoE strategy is highly effective, pro-
ducing a single, elastic model that rivals the
performance of an entire suite of specialist
models at a fraction of the training cost.

* Through detailed analysis, we show that M-
MokE induces stable expert rankings and func-
tional specialization, unlocking the ability to
analyze and deploy novel layer-wise inference
strategies.

2 Preliminary

In this section, we provide an overview of the
Mixture-of-Experts (MoE) architecture and its stan-
dard routing mechanism, which form the founda-
tion of our work.

2.1 Mixture-of-Expert Transformers

The Mixture-of-Experts (MoE) paradigm is a pow-
erful architectural innovation for efficiently scaling
Large Language Models. In the context of the
Transformer architecture, which forms the back-
bone of modern LLMs, MoE is typically imple-
mented by replacing the standard, dense feed-
forward network (FFN) sublayer within each Trans-
former block. This modification transforms the
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FFN into a collection of N independent expert net-
works {E1, Eo, ..., En}, each retaining the origi-
nal FFN’s structure.

Accompanying the set of experts is a lightweight
gating network, or router, GG. For each input token
X, the router dynamically selects a sparse subset of
these experts to process the token. The final output
of the MoE layer, y, is a weighted combination of
the outputs from the selected experts:

N
y=> w;-Eix), (1)
=1

where w; is the weight assigned by the router to the
t-th expert. In sparsely-gated MoEs, most of these
weights are zero, ensuring that only a small frac-
tion of experts are computationally active for any
given input. This conditional computation allows
MOoE models to possess a vast number of param-
eters without a proportional increase in FLOPs,
enabling significant gains in model capacity and
performance (Rajbhandari et al., 2022).

2.2 Top-k Routing

The most prevalent mechanism for implementing
the sparse selection in MoE models is Top-k routing
(Shazeer et al., 2017; Jiang et al., 2024; Yang et al.,
2025). Given an input token x, the gating network
G first computes a logit score s; for each of the
N experts, typically via a linear transformation
followed by a softmax function:

s = Softmax(x - W), 2)

where W, is the learnable weight matrix of the
router. The softmax can also be replaced with a
sigmoid function.

The Top-k routing strategy then selects the k
experts corresponding to the highest scores in s.
Let 7 be the set of indices of these top k experts.
The weights w; from Equation 1 are then defined
as:

= if ¢ €

w; = Sersi ! T 3)
0 ifi ¢ T

The value of k is a critical hyperparameter that

remains fixed throughout both the training and in-

ference phases.

3 Matryoshka MoE

The core principle of Matryoshka MoE (M-MoE) is
to introduce diversity into the number of activated

experts during training, therefore compelling the
router to learn a truly meaningful ranking: the top-
ranked experts are incentivized to capture the most
essential, high-level information, while progres-
sively lower-ranked experts contribute increasingly
fine-grained specializations. In this section, we ex-
plore several distinct strategies for implementing
this principle.

3.1 Batch-level Matryoshka

The foundational Matryoshka strategy is to ran-
domize the expert count, k, at the batch level. This
can be implemented at two distinct granularities,
reflecting different trade-offs between randomiza-
tion frequency and implementation simplicity in
distributed training.

The first granularity is the global batch, which
represents the entire dataset processed for a single
optimizer step. In this setting, one value of k is sam-
pled and applied uniformly to all data within that
global batch. The second, more dynamic granular-
ity is the micro-batch. A micro-batch corresponds
to the subset of data consumed in a single forward
pass by a model instance. Here, a new value of k&
can be sampled for each micro-batch, introducing
a higher frequency of variation.

For either granularity, a single value kgy, is
drawn from a uniform distribution:

kdyn ~U [kmina kmax] . (4)

This kg, is then applied to all tokens and all MoE
layers within the designated batch (global or micro).
While Batch-level M-MoE establishes a crucial
baseline, it enforces a uniform expert count across
all layers, a rigid constraint that we address next.

3.2 Layer-wise Matryoshka

To better accommodate the functional specializa-
tion of different model layers and prevent over-
specialization, we propose Layer-wise M-MoE.
This advanced strategy decouples the choice of the
number of active experts, k, across different layers,
pushing the Matryoshka principle to its full poten-
tial. For any given token, each MoE layer is free
to activate a different number of experts, forcing
the representations at each stage of the network to
be robust to varying computational widths from
the preceding layer. This maximal stochasticity
hypothesizes that different layers may benefit from
different levels of expert capacity. We explore two
primary strategies for sampling the per-layer expert
count, k;.
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Uniform Sampling. The most straightforward
implementation of layer-wise stochasticity is to
sample k; for each layer [ from a discrete uniform
distribution:

kl ~ Z/[[kminv kmax]- (5)

This approach treats all possible expert counts as
equally likely, ensuring a broad and unbiased ex-
ploration of the elasticity space during training. It
serves as our baseline strategy, designed to build
a general-purpose elastic model without making
prior assumptions about which expert configura-
tions are more important to learn.

Capacity-Aware Weighted Sampling. The prin-
ciple of uniform sampling might overlook a critical
aspect of model scaling: configurations that ac-
tivate more experts possess greater capacity and
may require more extensive training to fully realize
their potential (Tian et al., 2025; Zhao et al., 2025).
To account for this, we introduce a principled,
temperature-controlled framework for Capacity-
Aware Weighted Sampling.

We define a score for each expert count &k, which
is a simple monotonic function f(k) reflecting its
capacity. We then transform these scores into a
probability distribution using a softmax function
with a temperature parameter, 7:

P(k; = k) o exp <f(f)) . (6)

By choosing f(k) = log(k), our sampling for-
mula simplifies to a power law, P(k; = k) oc k'/7,
which provides an intuitive control over the distri-
bution’s shape. This principled framework allows
for a systematic exploration of the trade-offs be-
tween providing sufficient training signal to high-
capacity modes and ensuring robust performance
across the entire elasticity spectrum.

3.3 Alternative: Probability-Based
Matryoshka

As an alternative approach that also embodies the
Matryoshka principle of variable activation, we in-
vestigate probability-based routing. Following the
work of Dynamic-MoE (Huang et al., 2024), we
employ Top-p routing with a probability thresh-
old, p. The number of activated experts, k,(x),
is determined on a per-token basis by the router’s

confidence:

k’
kp(x) = min {k:’ \ Z softmax(s) ;) > p} ,

i=1
(N
where softmax(s) ;) are the router’s softmax proba-
bilities sorted in descending order. This method in-
herently introduces activation diversity and serves
as an interesting point of comparison to our primary
K-randomization based methods.

4 Experiment

We conduct a series of experiments to validate
the effectiveness of the M-MoE framework. We
compare our proposed methods against a standard
Top-k baseline in a continual pre-training scenario.
Next, we explore the new possibilities unlocked
by our layer-wise training strategy through fine-
grained, layer-specific inference patterns. Finally,
we present an in-depth analysis of the router’s me-
chanics to show that M-MoE fosters superior ex-
pert specialization and ranking stability. We also
provide additional analyses in the appendix, includ-
ing the efficiency, load balancing behavior, and
lightweight from-scratch pre-training results.

4.1 Setup

Model. Our experiments are based on a 20-
billion parameter MoE model. The architecture
consists of 56 Transformer layers, each employing
group query attention. The MoE layers contain a
total of 96 experts. During a standard forward pass,
only k experts are activated each layer, resulting
in 0.5 B active parameters when £ = 1, and 1.5 B
when k = 6.

Baselines and Methods. We evaluate the follow-

ing training strategies:

* Top-k: The standard baseline where the
model is trained with a fixed number of ac-
tivated experts.

* Top-p: As described in Section 3.3, the num-
ber of activated experts is calculated with a
probability threshold. The average number
of activated experts for top-p(p=0.1) is 5.2,
which results in FLOPs close to Top-k = 6
setting, and is higher than our M-MoE.

* M-MoE-global-batch: As described in Sec-
tion 3.1, where a single k € [1, 6] is sampled
for each global training batch.
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* M-MoE-micro-batch: k € [1, 6] is sampled
for each micro-batch.

* M-MokE-layer: As described in Section 3.2,
where each layer independently samples a k €
[1,6]. All M-MOoE strategies sample & from a
uniform distribution over the designated range,
unless 7 is specified.

Training. Our main experiments are conducted
in a continual pre-training setting. We start from a
base model that was pre-trained for 1T tokens, all
layers activating a single expert, where all layers
activate a single expert, following the computation-
ally efficient setting adopted in Hu et al. (2025).
Starting from this checkpoint, we apply the differ-
ent M-MOoE strategies and the Top-k baseline for
an additional training phase of 80B tokens, which
represents a computationally feasible regime in
which we consistently observe measurable perfor-
mance differences. This setup simulates a practical
scenario where one wishes to equip an existing
MOoE model with elastic capabilities without the
prohibitive cost of retraining from scratch (Wang
et al., 2024b, 2026a). Unlike the setup in Devvrit
et al. (2024), where their elastic model was trained
for a token count equivalent to the sum of its spe-
cialist baselines (e.g., 4x for 4 widths), we train
our single M-MoE model for the same number of
tokens as a single baseline. This provides a more
challenging evaluation, as we simultaneously op-
timize for six different widths within the training
budget of one.

4.2 Main Results

The comprehensive results of our continual train-
ing experiments are presented in Table 1. The first
section of the table shows the performance of spe-
cialist Top-k models. As expected, each model
performs best at its native activation count (e.g.,
Top-k (k=6) at £k = 6) but suffers a severe per-
formance collapse when evaluated with a differ-
ent number of experts, particularly when reducing
to k = 1. This confirms the inherent rigidity of
the standard training paradigm. In stark contrast,
the M-MoE models, shown in the second section,
demonstrate remarkable elasticity. They maintain
strong performance across the entire spectrum of
expert counts from £k = 1 to £ = 6. Critically,
at lower activation counts (k = 1 and k£ = 2),
all M-MoE variants significantly outperform the
degraded specialist models.

Among the M-MoE strategies, M-MoE-layer
consistently delivers the most robust performance,
achieving the highest scores among the elastic mod-
els at nearly every evaluation point. This indicates
that introducing stochasticity at the layer level is
the most effective approach for learning versatile
and generalizable expert representations, success-
fully realizing the goal of a single, truly elastic
MoE model.

4.3 Layer-wise Inference

The M-MoE-layer model, which is trained with
layer-decoupled stochasticity, unlocks the ability
to deploy novel inference strategies where different
parts of the model operate with different compu-
tational budgets. We explore this capability using
our continually trained M-MoE-layer model. The
model’s 56 layers are divided into four sequential
groups of 14 layers each.

Our investigation is centered on a baseline uni-
form activation pattern, [2, 2, 2, 2], which corre-
sponds to activating 2 experts for every layer in
the network. From this baseline, we explore how
performance changes when we vary the number
of active experts in specific layer groups, effec-
tively redistributing the computational budget. As
detailed in Table 2, we test two scenarios:

* Increasing Capacity: We evaluate patterns
with a higher average of 2.5 experts per layer,
distributing the additional capacity differently
across the four layer groups.

* Decreasing Capacity: We test patterns with
a lower average of 1.5 experts per layer to see
which parts of the network are more resilient
to a reduction in computation.

The results provide compelling evidence that
earlier layers are more critical to the model’s per-
formance. When increasing the average expert
count to 2.5, the [3, 3, 2, 2] configuration—which
allocates extra experts to the first half of the
model—achieves the most significant performance
boost. Allocating the same extra capacity to the
latter half ([2, 2, 3, 3]) results in a much smaller
improvement over the baseline. This conclusion
is reinforced when decreasing capacity. Reducing
experts in the first half ([1, 1, 2, 2]) leads to a sharp
performance drop. In contrast, configurations that
preserve capacity in the early layers while reducing
it in later ones) are far more robust. This asymme-
try strongly suggests that for a given computational
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Table 1: Comparison of specialist Top-k models and elastic M-MoE models. For each specialist model, performance
at its native expert count is marked with an asterisk (*). Task abbreviations are: ARC-C (ARC Challenge), OBQA
(OpenBookQA), WinoG. (Winogrande). For stable analysis, we bold and underline the best and second-best scores
for each inference k value in the MMLU and Avg columns.

Training Method Inf. k MMLU ARC-C BoolQ HellaS. LogiQA OBQA WinoG. Avg
Specialist Baselines (Top-k)

Top-k (k=1) 1% 52.01 52.22  67.43  70.38 20.95  40.00  67.64  54.23
Top-k (k=2) 1 35.54 3259  65.08  49.09 30.11 3260  61.17  43.74
P 2% 52.16 5230  70.73  71.47 3149 4200  69.93  55.73
1 4150  40.02  63.46  59.28 28.42  33.60  62.19  46.92
Top-k (k=4) 2 50.42 51.62  66.33  70.41 20.03  41.20  68.67  53.95
4% 53.43 5444  69.11  72.41 20.95 4340  69.93  56.10
1 35.52  43.17  61.93 5847  29.34  29.00  60.38  45.40
Top-k (k=6) 2 48.90  52.17 6275  69.87  29.11 3840  66.38  52.51
P 4 53.25 55.03  69.30  72.22 30.57  43.80  69.61  56.25
6% 54.32 55.46  70.92  72.88 31.34  43.80  70.48  57.03

Elastic Models (trained on k € [1,6])
1 3554  43.01  63.09  55.52 27.96  30.40  60.06  45.08
Top-p (p=0.1) 2 48.03  53.16 6459  71.08 30.88  41.60  65.67  53.57
P-p (=0 4 52.46  54.86  68.50  T72.15 30.57  42.60  69.06  55.74
6 53.06  54.86  69.57  71.89 30.72  41.20  70.48  55.97
1 50.78  51.54  67.52  T71.01 20.34 4120  67.96  54.19
2 50.94 5247  69.33  71.83 30.57  43.00  67.80  55.13
M-MoE-global-batch 52.27 5401 7070 7228  30.11 4340  69.53  56.04
6 52.28  54.35  70.09  72.25 20.80  42.80  70.32  55.98
1 51.00  53.24  69.69  70.50 30.11 4220 6827  55.00
MMoE-micro-batch, 2 51.64  53.75  69.69  71.74 2842 4260  68.03  55.12
4 52.72 55.03  70.06  72.23 20.34 4560  70.01  56.43
6 52.89 5478  69.91  72.05 20.80  43.20  70.40  56.15
1 51.69 51.19  69.39  69.96 32.26  41.00  66.77  54.61
M-MoE-laver 2 52.71 53.50  71.44  72.43 31.49 4240  68.82  56.11
y 4 53.77 54.95  72.84  72.39 31.64  42.00  69.22  56.69
6 53.56  54.95 7272 T1.70 31.95  43.00  69.14  56.72
1 50.62 52.82  67.09  68.83 30.41 3860  68.43  53.83
M-MoE-layer (r=2) 2 53.42 53.75  67.43  72.41 31.80  43.00  70.40  56.03
ob-layer (= 4 54.33 55.20  68.84  72.17  32.10  43.80 71.74  56.88
6 54.14 55.55  69.36  71.79 32.10  43.80  71.82  56.94

budget, prioritizing the capacity of earlier layers is
a more effective optimization strategy.

4.4 Matryoshka Routing

A core tenet of our Matryoshka MoE framework is
that it should instill a nested, hierarchical structure
within the expert routing mechanism. An ideal
M-MOoE router would learn a globally meaningful
ranking where the Top-1 expert is the single most
important contributor, the Top-2 experts form the

best pair, and so on. This implies a critical property:

the set of experts selected for a smaller budget
(ksmai) should be a proper subset of the experts
selected for a larger budget (kj4,g¢). In contrast, a
standard Top-k router is only trained to identify a
good fixed-size team, and its ranking may become
arbitrary outside that specific context.

To verify the existence of this nested routing
behavior, we measure the consistency of the expert
ranking across different budgets. We compute the
Spearman rank correlation of router logits for a
relevant set of experts—defined as the union of
experts selected under a high budget (kjq-ge = 6)
and a low budget (kgnq). We term this metric
Focused Spearman Correlation.

We apply this analysis to both the baseline Top-k
(k = 6) model and our M-MoE-Layer model, us-
ing kjqrge = 6 as the reference and varying kg1
from 1 to 5. The results, visualized in Figure 2,
provide a stark contrast. The Top-k model (top
panel) fails to exhibit a Matryoshka structure. The
correlation plummets as kg, deviates from its
trained value of 6, turning the heatmap dark. Con-
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Table 2: Performance of the M-MoE-layer model under various layer-wise inference strategies. Bold scores indicate

the largest performance deviation from the baseline.

Activation Pattern Avg. k MMLU ARC-C BoolQ HellaS. LogiQA OBQA WinoG. Avg

Baseline

[2,2,2,2] 2.0 52.71 53.50 71.44 72.43 31.49 42.40 68.82 56.11
Increasing Capacity

[3,3,2,2] 2.5 53.35 53.33 71.01 72.92 32.26 43.00 68.98 56.41
[2,3,3,2] 2.5 53.13 53.84 71.44 72.46 30.88 42.40 67.80 55.99
[2,2,3,3] 2.5 52.90 53.75 71.74 72.25 30.88 41.80 68.98 56.04
Decreasing Capacity

[1,1,2,2] 1.5 51.63 53.75 69.88 71.51 31.20 41.40 68.59 5542
[2,1,1,2] 1.5 52.56 52.05 71.62 71.26 31.95 41.20 68.19 55.55
[2,2,1,1] 1.5 52.78 52.90 71.07 71.23 31.95 40.60 68.11 55.52
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Figure 2: Heatmaps illustrating the router’s expert ranking consistency for the Top-k (k = 6) model (top) and our
M-MoE-Layer model (bottom). A bright color signifies a high correlation, indicating a strong nested, Matryoshka-

like ranking structure.

versely, the M-MoE-Layer model (bottom panel)
demonstrates a remarkably strong and consistent
Matryoshka property. The heatmap remains bright
across nearly all layers and values of kg,,q;;- This
is compelling evidence that M-MOoE training forces
the router to learn a coherent, global, and hierar-
chical ordering of its experts. This learned nested
structure is the fundamental mechanism behind the
model’s elasticity: activating more experts is anal-
ogous to revealing the next layer of a Matryoshka
doll, with each additional expert building upon the
coarse-grained foundation provided by the smaller,
nested set. This property underpins the model’s
ability to gracefully scale its performance with its
computational budget.

4.5 Expert Specialization

We hypothesize that the Top-k paradigm may in-
advertently encourage functional overlap among
experts, whereas the variability of M-MoE training
should foster greater specialization. To investigate
this, we analyze the geometric relationships be-
tween the router’s gating weights. Each expert’s
gating weight can be viewed as a vector in a high-
dimensional space, whose direction signifies the
expert’s preferred input features. A high degree of
specialization implies that different experts should
attend to different features, meaning their corre-
sponding weight vectors should be as orthogonal
as possible. We quantify this specialization using
the Mean Off-Diagonal Similarity (MODS). For
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Figure 3: Comparison of MODS for the Top-k and our
model. Lower MODS indicates greater expert special-
1zation.

each MoE layer, we compute the cosine similarity
matrix of its L2-normalized expert gating vectors.
The MODS is then defined as the average of the
absolute values of the off-diagonal elements of this
matrix. A low MODS value signifies high orthogo-
nality and thus a high degree of expert specializa-
tion.

We applied this analysis to both the Top-k (k=6)
baseline and our M-MoE-Layer model. The results,
plotted across all MoE layers, are presented in Fig-
ure 3. The results reveal a significant and consistent
advantage for our M-MoE-Layer model. As shown
in the figure, its MODS curve is markedly lower
than that of the Top-k baseline across nearly the
entire depth of the network. This provides strong
quantitative evidence that M-MoE training success-
fully cultivates a set of more distinct and special-
ized experts. The reduced similarity implies that
each expert has carved out a more unique functional
niche, minimizing redundancy within the model.

Interestingly, both models exhibit a similar over-
all trend: the MODS value is relatively high at the
first MoE layer, experiences a sharp drop in the
subsequent layers, and then gradually increases to-
wards the end of the model. This may suggest that
experts in the initial layers handle more general,
foundational tasks, while specialization peaks in
the middle layers. Towards the final layers, a de-
gree of functional convergence might be necessary
to integrate complex features for the final output.

5 Related Work
5.1 Expert Routing

While Top-K routing is the standard practice in nu-
merous state-of-the-art LLMs (DeepSeek-Al, 2025;
Yang et al., 2025), its inherent rigidity has long

motivated a line of research into more dynamic
routing strategies. One popular approach replaces
the fixed K with a probability threshold (Huang
et al., 2024; Yang et al., 2024), where the number
of activated experts is determined by a cumulative
probability score. Guo et al. (2025) and Yuan et al.
(2025) make models learn to dynamically assign
more experts to critical tokens, and Zhang et al.
(2025) adopt an adaptive threshold-based router
that allocates experts according to token impor-
tance while continually adapting a model to new
domains. These explorations focus on discovering
an optimal routing policy to improve performance,
and the resulting models are still deployed with
a fixed inference behavior as they are not trained
to accommodate different expert counts. From a
system perspective, Liu et al. (2025); Singh et al.
(2025); Wu et al. (2024) enhance communication
efficiency and resource allocation for better system
throughput. Gu et al. (2025) explore how to extrap-
olate capabilities to higher expert counts than the
training phase during instruction tuning, where ad-
ditional router loss introduce load-balancing chal-
lenges during pre-training. Our work distinctively
targets the computationally intensive pre-training
stage, investigating how to instill a coarse-to-fine
functional hierarchy within the expert ensemble of
foundation models to maximize the utility of the
pre-training budget.

5.2 Matryoshka Representation Learning

Matryoshka Representation Learning
(MRL) (Kusupati et al., 2022) is a frame-
work for creating a single, adaptable representation
where nested, truncated subspaces remain effective.
It has been successfully applied in tasks like rec-
ommendation systems in both vision and language
domains (Wang et al., 2024a; Lai et al., 2024). The
core principle has been extended from the output
layer to internal model components (Devvrit
et al., 2024; Wang et al., 2026b). The principle’s
versatility is further demonstrated by its application
in multimodal learning (Cai et al., 2025; Hu et al.,
2024) and for addressing knowledge sharing
challenges in federated learning (Yi et al., 2024).

5.3 Adaptive Computation

Our work is also related to a broad line of research
on adaptive computation, which makes the cost of
a model input-dependent so that more computation
is spent where it is needed. Early work learns to
halt recurrent computation individually for each
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position (Graves, 2016; Dehghani et al., 2018), and
this idea was subsequently extended to adaptive
depth in sequence-to-sequence models (Elbayad
et al., 2019). In LLMs, early-exit decoding assigns
a different number of layers to each generated to-
ken (Schuster et al., 2022; Elhoushi et al., 2024),
while Raposo et al. (2024) instead cap the num-
ber of tokens that participate in each layer, which
keeps the total compute predictable while its distri-
bution over positions and depth remains dynamic.
The same principle appears beyond the token di-
mension: Lan et al. (2025) treat visual features at
different granularities as experts and route each
image-instruction pair to a suitable granularity.

These methods share our objective of escaping
a one-size-fits-all computational cost, but they dif-
fer from ours in who chooses the operating point.
There, the model itself judges how much computa-
tion an input deserves, and the budget is either an
average outcome or fixed before training. Elastic
inference poses the converse problem: the budget is
dictated externally by the deployment environment,
may change from request to request, and the model
must remain accurate at every operating point it is
asked for.

6 Conclusion

We introduce Matryoshka MoE, a simple yet pow-
erful training framework that resolves the inher-
ent brittleness of fixed-k MoE models and unlocks
their potential for elastic inference. By training
with a variable number of experts, we successfully
build a coarse-to-fine hierarchy within the expert
ensemble. The result is a single, versatile model
capable of delivering performance comparable to a
suite of specialist models. M-MoE’s structural flex-
ibility facilitates practical performance-efficiency
trade-offs and opens new research into layer-wise,
heterogeneous inference strategies.

Limitations

Although M-MoE closely tracks the performance
of specialist models across the elasticity spectrum,
a small gap remains at the largest expert budget.
We hope future work will eliminate it, for instance
through objectives that more explicitly supervise
the incremental contribution of lower-ranked ex-
perts. M-MoE is primarily evaluated under con-
trolled training and inference settings, while its
full benefits are expected to be most pronounced
in large-scale distributed deployment scenarios

with optimized system-level scheduling; in less
optimized environments, elastic expert activation
may introduce additional implementation overhead.
Due to computational constraints, our experiments
are conducted at an intermediate training scale, and
thus mainly provide preliminary but promising ev-
idence of the proposed elastic behavior. A more
comprehensive validation across larger model and
data scales, including industrial-scale deployment,
is left to future work.
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A Use of Large Language Models

In preparing this manuscript, we utilized Large Lan-
guage Models as an assistive tool. The LLM’s role
was confined to aiding in writing and implementa-
tion tasks. Specifically, it was used for language
polishing, such as rephrasing sentences for clarity
and correcting grammar. Additionally, it assisted in
writing the Python script with matplotlib used for
plotting experimental results and in formatting the
LaTeX code for some tables. The human authors
critically reviewed and edited all LLM-generated
outputs, and retain full responsibility for the fi-
nal content, methodology, and conclusions of this
work.

B Details of Experiment Setup

Data. The model is trained on a diverse and
high-quality dataset comprising a mixture of public
and proprietary sources. This includes subsets of
Numotron-CC (Su et al., 2025), deduped dclm (Li
et al., 2024), deduped Fineweb-edu (Penedo et al.,
2024), a large corpus of code (Wang et al., 2025),
and synthetic data designed for reasoning tasks.

Training. All experiments were conducted us-
ing the Megatron-LM (Shoeybi et al., 2019) on a
cluster of NVIDIA A100 40G GPUs. The initial
pre-training of our base model from scratch for 1
trillion tokens consumed approximately 180,000
GPU hours. Our main experiments, which in-
volved the continual pre-training of our various
M-MOoE strategies and baselines for an additional
80B tokens (as detailed in Section 4.2), collectively
consumed an additional 90,000 GPU hours. We
trained the model with a sequence length of 4096, a
global batch size of 16 million tokens, and a micro-
batch size of a single sequence (4096 tokens). To
efficiently scale training, we employed a hybrid
parallelism strategy combining a pipeline-model-
parallel-size of 2, a context-parallel-size of 2, and
an expert-model-parallel-size of 8, with a tensor-
model-parallel-size of 1. We used the AdamW
optimizer with a weight decay of 0.1, 31 = 0.9,
B2 = 0.95, and an epsilon of 10~%. The learning
rate followed a Weighted Sample Decay (WSD)
schedule with a linear decay profile, reaching a
peak of 2.6e-4 after a 2,000-step warmup.

Evaluation. We use the
Im-evaluation-harness framework (Gao
et al.,, 2024) for automated evaluation. Per-
formance is measured on a suite of common

open-source

sense and knowledge-intensive benchmarks,
including MMLU (Hendrycks et al., 2021), ARC
Challenge (Clark et al., 2018), BoolQ (Clark
et al., 2019), HellaSwag (Zellers et al., 2019),
LogiQA (Liu et al., 2020), OpenBookQA (Mi-
haylov et al., 2018), and Winogrande (Sakaguchi
et al., 2020). All evaluations are performed in a
5-shot setting, and we use identical demonstrations
across all compared models, as few-shot results
are sensitive to how in-context examples are
retrieved and organized (Wu et al., 2023). All
datasets and evaluation frameworks used in this
paper are publicly available for research purposes.
We use these artifacts in accordance with their
respective licenses and intended academic use
policies. Dataset statistics and task descriptions
can be found in the original cited papers.

C Reproducibility Details

To enhance the reproducibility of our key findings,
this section provides illustrative pseudo-code for
the core components of our methodology.

C.1 Layer-wise M-MoE

As described in Section 3.2, the layer-wise M-MoE
strategy introduces stochasticity at each layer. The
pseudo-code below illustrates the core implementa-
tion for the uniform sampling variant, where a new
number of experts, k, is sampled at the beginning
of each router’s forward pass.

def forward(self, input):
# Sample a new k for every forward

pass
self.topk = random.randint(self.
k_min, self.k_max)

# ... rest of standard MoE forward
pass ...

Listing 1: Core logic for the M-MoE-layer router.

C.2 Focused Spearman Correlation

In our analysis of Matryoshka Routing (Sec-
tion 4.4), we introduced the Focused Spearman
Correlation metric to quantify the consistency of
the router’s expert ranking. The core logic, shown
for a single token, is provided below. It takes as
input two distinct logit vectors—one from an infer-
ence run with k4.4 and another with £, ,—and
computes the rank correlation on their union of
selected experts.

def get_focused_correlation(

logits_large, logits_small,
k_small):

k_large,
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# Get top experts from each
respective logit vector
indices_large = torch. topk(
logits_large, k_large).indices
indices_small = torch. topk(
logits_small, k_small).indices

# Find the union of relevant experts

relevant_indices = sorted(list(
set(indices_large.tolist()) |
set(indices_small.tolist())

))

# Correlate scores from their
original logit vectors
scores_large = logits_largel[
relevant_indices]

scores_small = logits_smalll
relevant_indices]

corr, = spearmanr (scores_large,

scores_small)
return corr

Listing 2: Calculating Focused Spearman Correlation
for one token.

C3

To quantify expert specialization, as discussed in
Section 4.5, we use the Mean Off-Diagonal Similar-
ity (MODS) metric. A lower MODS score, indicat-
ing higher orthogonality among router weight vec-
tors, signifies greater specialization. The pseudo-
code below outlines the calculation.

Mean Off-Diagonal Similarity

def calculate_mods(gate_weights):
# L2-normalize each expert's weight
vector
normalized_weights = F.normalize(
gate_weights, p=2, dim=1)

# Compute the cosine similarity

matrix

sim_matrix = torch.matmul(
normalized_weights,

normalized_weights.T

)

# Mask the diagonal and average the

rest
num_experts = gate_weights.shapel[0]
mask = 1 - torch.eye(num_experts)

off_diagonal_abs_sum =
mask) .abs () .sum()

mods = off_diagonal_abs_sum / (
num_experts * (num_experts - 1))

(sim_matrix =x

return mods

Listing 3: Core logic for calculating MODS.

D Additional Experiments
D.1 Efficiency Analysis

Implementation Complexity. M-MoE intro-
duces negligible complexity to the training pipeline.

The core mechanism requires only minor modifica-
tions to randomize the number of activated experts
(k) during the forward pass. This approach remains
fully compatible with existing MoE training and
deployment frameworks without requiring custom
CUDA kernels or complex architectural changes.

Training Throughput. We evaluated the train-
ing throughput (measured in tokens per A100 40G
GPU per second) of M-MoE compared to standard
Top-k baselines. As shown in Table 3, the through-
put of M-MoE (where £ is sampled from [1, 6]) is
comparable to the Top-k (k = 4) baseline. The per-
formance gap between extreme settings (e.g., k = 1
vs. k = 6) is relatively moderate. This is primarily
because communication overhead often becomes
the bottleneck in large-scale distributed training,
masking the computational differences between
varying activation strategies. Crucially, the effi-
ciency gain of M-MoE lies in its economy: a single
training run produces a versatile model deployable
across multiple inference budgets, eliminating the
cost of training separate specialist models for each
target k.

Table 3: Training throughput comparison. M-MoE
achieves a training speed comparable to the fixed k = 4
baseline.

Activation Strategy Throughput (tokens/gpu/s)

Top-k (k = 1) 4076.4
Top-k (k = 2) 3746.2
Top-k (k = 4) 3211.6
Top-k (k = 6) 2876.9
M-MoE (k € [1,6]) 3230.2

Inference Speed. For standard deployment, M-
MOoE uses the exact same routing logic as stan-
dard Top-k models, resulting in zero overhead com-
pared to a baseline trained with fixed k. To demon-
strate the predictability of inference performance,
we compared fixed-£ strategies against a heteroge-
neous layer-wise strategy (activating 3 experts for
even layers and 5 for odd layers, averaging k = 4).
As shown in Table 4, the heterogeneous strategy
yields an inference speed highly consistent with the
fixed k = 4 setting.

D.2 Load Balance Analysis

To address the concern regarding load balancing
and the potential for a “routing shortcut" in our M-
MoE model, we present a detailed analysis of its

33106



Table 4: Inference speed comparison. The heteroge-
neous strategy (k = 3/5) demonstrates performance
consistent with its average cost (k = 4).

Inference Strategy Speed (tokens/s)

k=1 9.01
k=2 8.09
k=3 7.34
k=4 6.72
k=5 6.20
k=6 5.75
Layer-wise Mixed (k € {3,5}) 6.66

behavior during training. We compare our M-MoE-
layer model against the Top-4 specialist baseline,
focusing on the continual learning phase of our
experiments. Our analysis utilizes two key metrics:
the auxiliary load balancing loss and the direct
distribution of tokens per expert.

Figure 4 shows the load balancing loss for both
models. While the M-MoE-layer exhibits a brief
period of temporary imbalance during the ini-
tial phase of continual training, it rapidly stabi-
lizes. Subsequently, its load balancing loss be-
comes stable, indicating that the model achieves
and maintains a stable and effective load distribu-
tion throughout the remainder of training.

For a more direct assessment, Figure 5 visualizes
the token distribution across experts. The shaded
areas represent the range between the minimum
and maximum number of tokens assigned to any
single expert within a global batch. The dashed hor-
izontal lines indicate the theoretical average num-
ber of tokens per expert under a perfectly uniform
load distribution. This value represents the ideal
scenario where every expert receives an identical
number of tokens. It is calculated by dividing the
total token assignments in a global batch (global
batch size x experts per token) by the total number
of experts. Notably, for the M-MoE-layer model
which randomly routes each token to k experts
where k € {1,...,6}, the average number of ex-
perts per token is 3.5. This setting is comparable to
the Top-4 baseline, resulting in similar theoretical
average token loads as shown in Figure 5.

The visualization demonstrates a clear and im-
portant trend for both models: the shaded regions
progressively narrow and converge toward their re-
spective average lines as training advances. This
convergence provides strong evidence against the
routing shortcut hypothesis. It confirms that no

single expert is consistently favored (as the maxi-
mum value decreases) or starved (as the minimum
value increases), and the token load becomes in-
creasingly equitable across all experts over time.
This affirms that the routing mechanism in M-MoE
learns to distribute the load effectively without cre-
ating detrimental shortcuts.

D.3 Impact of Longer Continual Pre-training

To investigate how our proposed M-MoE frame-
work scales with additional training, we extended
the continual pre-training of the best-performing
M-MokE-layer model. Starting from the 80B token
checkpoint in Section 4.2, we trained the model
for an additional 128B tokens, for a total of 208B
tokens of continual pre-training.

The training dynamics are visualized in Figure 6.
At the start (O steps), the base model, which was
only trained with k=1, shows a large performance
gap when evaluated with more experts. The M-
MOoE training rapidly closes this gap; within the
first 1,000 steps (16B tokens), the performance
curves for all k values converge and begin to im-
prove in unison. This visually confirms the effec-
tiveness of our method in quickly instilling the
Matryoshka property.

The final results at the 208B token checkpoint,
presented in Table 5, show that the model’s per-
formance continues to improve consistently across
all inference configurations compared to the 80B
checkpoint. This indicates that the model had not
yet reached saturation and benefits from further
training. This experiment further validates that the
M-MoE strategy is a scalable and robust approach
that continually benefits from more training data
and compute.

E From-Scratch Pre-training

We also validated our approach through a relatively
lightweight pre-training from scratch, where both
specialist Top-k models and the M-MoE model
were trained for 80 billion tokens.

E.1 Loss Curve

Since benchmark scores can be unstable during the
early stages of pre-training from scratch, we pro-
vide the training loss curves in Figure 7. As can be
observed, the M-MoE model demonstrates training
stability and performance that is fully comparable
to the Top-k specialist baselines.
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Load Balancing Loss Comparison
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Figure 4: Comparison of the auxiliary load balancing loss for the M-MoE-layer and the Top-4 specialist baseline
during continual training. The M-MoE model shows rapid stabilization after an initial adaptation phase.

166 Token Distribution Per Expert
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Figure 5: Token distribution per expert for the M-MoE-layer and Top-4 baseline. The shaded areas show the range
from the minimum to the maximum number of tokens assigned to any expert. The dashed lines represent the
theoretical average under perfect load balance. The narrowing of the shaded regions indicates that token distribution
becomes more equitable as training progresses.
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Table 5: Performance of the M-MoE-layer model after 208B tokens of continual pre-training. The final column

shows the average score.

Inf. k MMLU ARC-C BoolQ HellaS. LogiQA OBQA WinoG. Avg

1 52.63 51.62  70.31  70.41 31.34 41.60 67.72  55.09
2 53.89 54.18  71.22 7285 31.03 43.60 68.51 5647
4 55.03 54.52 72.20 72.62 31.18 44.80 70.24 57.23
6 54.59 54.78 7291  72.05 31.34 44.40 70.32  57.20

Table 6: From-scratch pre-training results. We compare Specialist Baselines and M-MoE at 80B tokens, and provide
extended training results for M-MoE at 160B tokens to demonstrate expert utilization. Best scores for each inference

setting within 80B tokens are in bold.

Training Method Inf.k MMLU ARC-C BoolQ HellaS. LogiQA OBQA WinoG. Avg
Specialist Baselines (Top-k)
Top-k (k=1) 1* 27.91 35.75 57.13 52.41 27.04 35.20 51.30 40.96
Top-k (k=2) 1 24.74 26.19 39.14 26.42 24.12 25.40 50.43 30.92
P A 2% 30.40 35.92 57.34 55.21 28.11 35.80 54.70 42.55
1 23.50 33.45 48.90 34.21 25.35 29.00 52.17 35.23
Top-k (k=4) 2 28.86 35.86 47.52 54.28 28.26 35.20 53.99 40.57
4% 30.96 38.31 54.98 56.53 28.42 35.00 54.14 42.62
1 25.94 25.77 48.29 42.89 27.19 28.80 53.59 36.07
Top-k (k=6) 2 25.49 36.60 44.80 54.88 28.11 35.00 53.83 39.82
P 4 29.00 38.74 49.39 56.90 28.26 35.20 55.17 41.81
6%* 30.20 38.99 54.39 56.97 29.80 35.20 56.59 43.16
Elastic Model (M-MoE)
1 28.71 36.52 56.27 52.75 26.27 33.60 53.43 41.08
M-MoE-laver 2 30.52 37.71 56.13 56.02 27.04 36.80 54.22 42.63
y 4 30.76 38.91 55.25 56.08 27.80 35.80 54.06 42.67
6 30.34 37.80 57.52 55.47 27.19 35.60 54.30 42.60
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Figure 6: MMLU score of the M-MoE-layer model eval-
uated at different inference expert counts (k=1, 2, 4, 6)
throughout continual pre-training. The x-axis represents
training steps from the start of M-MoE training.

E.2 Downstream Task Results

The results, presented in Table 6, corroborate our
main findings even at this earlier stage of training.
The specialist models exhibit significant perfor-
mance degradation when evaluated with only one

active expert (k = 1), again demonstrating the brit-
tleness of the fixed-k training paradigm. In contrast,
the M-MoE-layer model shows remarkable robust-
ness. This confirms that the benefits of the M-MoE
training strategy are fundamental to the learning
process and not merely an artifact of the continual
training setup.

Regarding the observation that performance ap-
pears relatively flat across varying k at the 80B
checkpoint, we attribute this primarily to the early
stage of pre-training. At this phase, training dynam-
ics naturally favor the greedy optimization of top-
ranked experts, limiting the immediate marginal
contribution of lower-ranked experts. This trend is
also visible in the specialist baselines. To investi-
gate the long-term behavior of expert utilization,
we extended the training of the M-MoE model to
160 billion tokens. Detailed results are provided
in Appendix E.3. Unlike the early-stage behavior,
the 160B results demonstrate a clear upward trend
in average performance as k increases, confirm-
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Training Loss Comparison
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Figure 7: Comparison of training loss curves for our M-MoE-layer model and several Top-k specialist baselines (k=1,
2,4, 6) during 80B token pretraining. All models were trained from scratch using identical data and configurations.

ing that the model successfully learns to leverage
lower-ranked experts for further improvements as
optimization matures.

E.3 Extended Training Results at 160B
Tokens From Scratch

To verify whether the flat performance trend across
different k values is specific to the early pre-
training stage, we extended the training of the M-
MOoE model from 80B to 160B tokens. Table 7
presents the performance of the M-MoE model un-
der different inference settings (k € {1,2,4,6}) at
this later checkpoint.

In contrast to the 80B checkpoint, the 160B re-
sults show a consistent improvement in Average
score as k increases (from 45.50 at K = 1 t0 46.97
at k = 6). This confirms our hypothesis that as
the model matures, the specific roles of experts be-
come better differentiated, allowing the model to
effectively utilize additional experts (lower-ranked
ones) to enhance performance.

F Discussion: Mechanistic Perspective on
M-MoE

A central question in understanding the behavior
of M-MoE is why the model preserves elasticity
and does not collapse into the co-adaptive behavior

commonly observed in standard static-k MoE ar-
chitectures. In this section, we provide an interpre-
tation of the training dynamics that distinguishes
M-MoE from standard MoE.

Standard MoE Encourages Expert Co-
Adaptation. In a standard MoE model, all
k activated experts jointly optimize the loss at
every training step. Since the model is trained
exclusively on the aggregated output of the full
k-expert ensemble, the experts naturally become
mutually dependent. This co-adaptation intensifies
as training progresses: the experts increasingly
specialize in complementary micro-functions that
are only optimal when combined with the others.
As aresult, the representation learned by any strict
subset of experts is insufficient, and reducing k
during inference leads to notable performance
degradation. This is an intrinsic tendency of
static-k MoE optimization.

M-MOoE Introduces a Hierarchical and Nested
Inductive Bias. In contrast, M-MoE explicitly
trains nested subsets of experts. The smallest sub-
set is required to independently optimize the ob-
jective, forming a stable core representation. Ad-
ditional experts are trained to capture the resid-
ual error left by the smaller group. This design
induces a hierarchical decomposition reminiscent
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Table 7: Performance of M-MoE at 160B tokens. Unlike the 80B checkpoint, the model exhibits clear performance

gains as the number of activated experts (k) increases.

Model Inf. k MMLU ARC-C BoolQ HellaS. LogiQA OBQA WinoG. Avg
1 32.94 43.34 62.51 59.60 28.88 34.40 56.83 45.50

M-MoE 2 34.89 44.20 57.16 63.01 29.49 37.60 57.46 46.26
4 35.24 44.37 60.31 63.12 28.73 37.60 58.56 46.85
6 34.93 44.03 62.26 62.56 28.42 37.40 59.19 46.97

of classical coarse-to-fine structures such as PCA
components (Abdi and Williams, 2010) or nested
subspace models (Rauba and van der Schaar, 2025).
The optimization objective thus enforces a strict
ordering of representational importance: the core
subset must remain functional at all times, while
additional experts provide incremental refinement.
This structure prevents the collapse observed in
standard MoEs and makes elasticity a stable, con-
vergent behavior.

Connections to Broader Matryoshka-Style
Training. This hierarchical residual-learning
mechanism is consistent with phenomena observed
in other Matryoshka-style training frameworks
across different modalities and architectures (Cai
et al., 2025; Yi et al., 2024; Hu et al., 2024). These
works independently show that nested-subset ob-
jectives naturally promote robust coarse-to-fine rep-
resentations and prevent destructive co-adaptation
during long training.

F.1 Qualitative Generation Example

We provide a representative example here to illus-
trate how model responses change with different
numbers of activated experts. Since the base model
has limited instruction-following capability, we use
a one-shot example to guide the model toward a
specific output format.

This example illustrates that varying the number
of activated experts leads to clear differences in
output structure and reasoning quality. In the fixed
Top-k model, using a smaller k£ during inference
results in severe formatting and reasoning errors,
while a larger k gradually improves correctness.
In contrast, our M-MOoE training preserves better
performance and accurate reasoning even at small
k.

Input to the model

Solve the following problem step by step. Here is an
example:

Question: James decides to run 3 sprints 3 times a
week. He runs 60 meters each sprint. How many
total meters does he run a week?

Answer: He sprints 3 * 3 =9 times. So he runs 9 *
60 = 540 meters. #### 540

Now solve the next problem:

Question: Eliza’s rate per hour for the first 40 hours
she works each week is $10. She also receives an
overtime pay of 1.2 times her regular hourly rate. If
Eliza worked for 45 hours this week, how much are
her earnings for this week?

Answer:

\. J

Outputs under different &

Fixed Top-6 Model

k=1: Eliza’s earnings are 40 * 10 + 45 * 12 = 1020.
Now solve the next problem...

k=2: Eliza works 40 hours a week. She earns 40 *
10 = 400 dollars a week. She earns 400 + 400
* 1.2 = 680 dollars a week. #### 680...

k=4: Eliza’s earnings for this week are 40 * 10 + 5 *

10 * 1.2 = 460. #### 460...

=6: Eliza’s earnings for this week are: 40 * 10 +
1.2 #10 * 5 =400 + 60 = 460 #### 460...

M-MoE Model

k=1: Eliza’s regular pay is 40 * 10 = 400. Eliza’s
overtime pay is 5 * 10 * 1.2 = 60. Eliza’s total
pay is 400 + 60 = 460. #### 460...

\

G Potential Risks

While elastic inference improves deployment flex-
ibility, improper allocation of expert budgets at
inference time may lead to degraded model quality
or inconsistent behavior across different computa-
tional settings.
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