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Abstract

Mixture-of-Experts (MoE) models scale large lan-
guage models efficiently by sparsely activating
experts, but once an expert is selected, it is exe-
cuted fully. Hence, the trade-off between accuracy
and computation in an MoE model typically ex-
hibits large discontinuities. We propose Mixture
of Slimmable Experts (MoSE), an MoE architec-
ture in which each expert has a nested, slimmable
structure that can be executed at variable widths.
This enables conditional computation not only
over which experts are activated, but also over
how much of each expert is utilized. Conse-
quently, a single pretrained MoSE model can
support a more continuous spectrum of accuracy-
compute trade-offs at inference time. We present
a simple and stable training recipe for slimmable
experts under sparse routing, combining multi-
width training with standard MoE objectives. Dur-
ing inference, we explore strategies for runtime
width determination, including a lightweight test-
time training mechanism that learns how to map
router confidence/probabilities to expert widths
under a fixed budget. Experiments on GPT mod-
els trained on OpenWebText demonstrate that
MoSE matches or improves upon standard MoE
at full width and consistently shifts the Pareto
frontier for accuracy vs. cost, achieving compara-
ble performance with significantly fewer FLOPs.

1. Introduction

Large language models (LLMs) continue to benefit from
scale, but the associated training and inference costs (com-
pute, energy, and latency) increasingly constrain their de-
ployment and accessibility (Radford et al., 2019; Brown
et al., 2020; Grattafiori et al., 2024). Mixture-of-Experts
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(MoE) architectures address this challenge by sparsely acti-
vating experts, allowing parameter counts to grow without
proportional increases in per-token computation. This con-
ditional computation principle dates back to sparsely-gated
MOoE layers (Jordan & Jacobs, 1994; Shazeer et al., 2017)
and has been refined in large-scale systems such as switch
transformers and subsequent MoE LLMs (Fedus et al., 2022;
Liu et al., 2024; Jiang et al., 2024; Agarwal et al., 2025;
Yang et al., 2025). As a result, MoE models have become a
dominant paradigm for scaling LLMs efficiently (Du et al.,
2022; Jiang et al., 2024; Agarwal et al., 2025).

However, despite sparse expert selection, once an expert is
activated, it is almost always executed at full capacity. This
design choice leaves a substantial dimension of conditional
computation unexplored: the ability to adapt the amount
of computation allocated within each activated expert. In
practice, different tokens, contexts, and experts vary widely
in their computational needs, suggesting that expert capacity
itself should be elastic rather than fixed.

We introduce Mixture of Slimmable Experts (MoSE), an
MOoE architecture that equips each expert with slimmable
widths via nested subnetworks. MoSE generalizes condi-
tional computation in MoE models by decoupling expert
selection from expert capacity: the router determines which
experts are active, while execution width controls how much
of each expert is used. This enables a single pretrained
model to flexibly trade off accuracy and compute at infer-
ence time, without retraining or modifying expert parame-
ters. For example, one can:

(1) run all activated experts at a uniform width to obtain a
smooth quality-compute curve, or
(ii) adapt widths per token based on router outputs.

Beyond uniform width control, MoSE enables adaptive
width allocation conditioned on router confidence. We fur-
ther propose a lightweight test-time training procedure that
learns a low-dimensional mapping from router outputs to
expert widths under a fixed compute budget, while keep-
ing all model parameters frozen. This allows MoSE to
automatically allocate computation where it is most benefi-
cial at inference time, yielding consistent improvements in
compute-quality trade-offs with negligible adaptation cost.
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Figure 1. Comparison between standard MoE and MoSE. In the standard case, the router selects a fixed number of full-width experts
and activates all their parameters. In the proposed method, the router not only selects multiple experts but also adjusts their widths,
allowing more experts to contribute under the same parameter budget. This increases expert diversity without increasing total compute

cost, potentially improving model accuracy at the same efficiency.

‘We make the following contributions:

* We propose MoSE, an MOoE architecture with
slimmable experts that enables conditional computa-
tion over both expert selection and expert capacity.

* We present a simple and stable training recipe for
slimmable experts under sparse routing, requiring no
changes to the standard MoE pipeline.

* We introduce inference-time width allocation strate-
gies, including a lightweight test-time training
method that learns compute-aware width assignment
under fixed budgets.

» Through extensive experiments on GPT models, we
show that MoSE consistently dominates Pareto fron-
tiers, achieving better performance at comparable or
lower inference FLOPs across model scales and routing
configurations.

2. Methodology
2.1. Mixture-of-Experts

We consider a decoder-only transformer in which the feed-
forward network (FFN) in each block is replaced by an MoE
layer. The MoE layer consists of n experts (€1, &2, ...,E&,)
and a router/gating network G. The experts are neural net-
works, each with their own parameters. For a token rep-
resentation (input) € R?, a gating network G produces
scores G(x) over n experts and selects a sparse subset of
experts, thereby saving computations through the sparsity
of G(x) (typically using top-k). Let us denote &; () as the
output of the i-th expert network for the given input . The
output y of the MoE module can be written as follows:

Y= G(x)i&i(x). (1)

We save computation whenever G(x); = 0, since we do not
need to compute &;(x).

2.2. MoSE: Mixture of Slimmable Experts

MoSE extends the standard MoE formulation by equipping
each expert with slimmable (ordered) widths. Instead of
executing a selected expert at full capacity, MoSE allows for
controlling how much of each expert is used by adjusting
its internal width. This introduces an additional axis of
conditional computation: beyond selecting which experts
are active, the model can adapt the capacity of each active
expert.

Each expert &; in MoSE is implemented as a transformer
FFN with an expansion ratio of 4 (most language models
follow this setting), consisting of two fully connected layers.
For € R, a full-width expert computes

Ei@) = o (@W(y) + 03 ) Wik, + bl @)
where W) € R4 and W) ¢ R44x4 4(.) denotes
a nonlinear activation function (e.g., GELU (Hendrycks
& Gimpel, 2016)). The intermediate hidden dimension

dominates the computational cost of the expert, making it
the natural target for slimmability.

To enable slimmability, we define a discrete set of width
multipliers (this can also be a continuous set)
A= {wh N

JWint, 0<wy <---<w.=1.0, (3)

and let m(w) = [w - 4d] denote the active hidden size. The
width-w version of expert &;, denoted as £;”, is obtained by
slicing the intermediate dimension:

Wi (w) = WL, - m(w)],

P
Wi (W) = Wi [ m(w), .

“

Figure 2 illustrates this mechanism for w = 0.5. All widths
share parameters through this nested structure.
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Figure 2. Slimmable expert in MoSE. Example with w = 0.5,
where only half of the intermediate units of the expert FFN are
activated by slicing the hidden dimension.

MOoSE forward computation. Given x, the gating network
G selects a sparse set of experts as in standard MoE (top-k).
For each selected expert £;, MoSE additionally assigns a
width w € A. The MoSE output is then

n

y=Y G@):g! ™ (x), ®)

i=1

where computation is skipped whenever G(x); = 0, and the
cost of each active expert scales with m(w(x)). When all
w(zx) = 1.0, MoSE reduces to standard MoE.

2.3. MoSE Pre-Training

Pre-training must ensure that experts perform well across
multiple widths while preserving stable MoE routing. We
optimize the standard language modeling objective, aug-
mented with MoE-specific regularization and stochastic
multi-width training.

To train a single MoSE model that is usable at many widths
while keeping training overhead minimal, we sample two
widths per iteration: (i) the full width w,.x and (ii) one
random width w ~ Uniform (wmin, Wmax ). Concretely, for
each mini-batch, we run the model twice and backpropagate
through the sum (or average) of the two losses. This strategy
is inspired by random width training (Tastan et al., 2025)
in slimmable networks and provides a simple pre-training
mechanism with low overhead compared to other sampling
strategies that involve more than two widths at a time. Let
Lim(w) denote the standard autoregressive next-token loss
evaluated when all MoSE experts run at width w. Our
primary objective is

1
LLMI\%SE = 5 (£LM<wmax) + ELM(’U))),

w ~ Uniform(wmin, Wmax)-

Q)

As in standard sparsely-gated MoE training (Shazeer et al.,
2017), we incorporate auxiliary losses to stabilize routing
and prevent expert collapse. Specifically, the auxiliary ob-
jective includes a load balancing loss, which encourages an
even distribution of tokens across experts within a batch,
and a router z-loss (Zoph et al., 2022), which penalizes large
router logits and improves numerical stability.

Notably, although the training uses uniform widths, our
results show that the learned representations generalize well
to non-uniform, router-conditioned allocations at inference
time.

2.4. MoSE Inference

After pre-training, MoSE supports multiple inference-time
execution modes that differ in how widths are assigned to
activated experts. Throughout, we assume the router selects
a sparse set S(x) (where G(x); = 0), and we only assign
widths to the experts in this sparse set S(x).

(1) Uniform-width execution. The simplest mode uses
a single global width w € [Wyin, Wmax] (or w € A if dis-
cretized) for all activated experts (w(z) = w in Equation 5).
This provides a stable and easily controlled compute-quality
trade-off and matches the width control used during pre-
training.

(2) Router-conditioned widths (normalized probability
mode). We next assign widths using the router probabili-
ties. Let p;(x) denote router probabilities normalized over
the selected experts:

G(x):

pi(x) = 2jes@) 9@);° i€ S(). O

Given a sharpness parameter y > 0, we define unnormalized
width scores

and normalize them into allocation weights

qi(x;y) = % )
Intuitively, v controls how concentrated the widths are:
v — 0 yields uniform allocation across active experts,
while larger « increasingly concentrates width on higher-
probability experts. In this normalized-probability mode,
we fix v = 1.0, yielding a direct proportional mapping from
router probabilities to expert width. In contrast, the test-time
training mode learns « from data, allowing the probability-
to-width mapping to adapt to the compute budget.

Budgeted width assignment. Given a per-token width
budget I' € (0,|S(x)|) measured in “full-expert widths”
(e.g., T = |S(x)| matches standard MoE with full width
experts), we assign widths
wi(x;y) =T qi(w;y), i€S(x). (10)

We then map w; into a valid execution width by enforcing
bounds and (optionally) discretizing (Equation 3):

w;(x) = Proj [ (w;(x; 7)), (11)

where Proj denotes a simple projection/clipping.
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Table 1. Pre-training and zero-shot evaluation results of MoE and MoSE across model sizes and training budgets. Results are reported on
OpenWebText and WikiText-103 for language modeling perplexity, and on LAMBADA and Winograd Schema Challenge (WSC) for
zero-shot evaluation. * denotes lower FLOPs at comparable or better performance (Section 3.3). The best results are highlighted in bold.

MODEL TOKENS METHOD OPENWEBTEXT WIKITEXT-103 LAMBADA LAMBADA WSC
[PPL] [PPL] [AcC] [pPL] [acc]
MoOE 41.82 160.13 0.152 123.527 0.4982
3B MOSE (w=1.0) 39.02 154.85 0.145 113.031 0.5092
GPT2-SMALL MOSE* (TTT) 38.48 153.24 0.164 110.129  0.5201
(55M) MOE 31.03 120.48 0.187 65.413 0.5165
15B MOSE (w=1.0) 31.26 121.50 0.203 50.437 0.5421
MOSE” (TTT) 30.81 120.20 0.214 51.085 0.5458
MoOE 27.75 89.22 0.206 39.808 0.5201
3B MOSE (w=1.0) 27.66 89.56 0.217 39.075 0.5128
GPT2-STANDARD MOSE* (TTT) 27.32 89.41 0.224 39.060 0.5165
(322M) MoOE 20.81 77.22 0.294 18.280 0.5311
15B MOSE (w=1.0) 20.65 76.93 0.336 16.516 0.5495
MOSE” (TTT) 20.38 76.99 0.338 16.430 0.5531

(3) Test-time training for width identification. Finally,
we propose a lightweight test-time training (TTT) mecha-
nism that learns how to map router probabilities to widths
by optimizing the single scalar «y (shared across layers) or
a small set {v,} (layer-specific), while keeping all model
and expert weights fixed. Concretely, for a short adapta-
tion stream De,1ih, We minimize the language modeling loss
under the router-conditioned width policy:

v* = arg Inin'y>0 EmEDcalib [‘CLM(')/; F)] (12)

where Lim(7v;T) is computed by running MoSE with
widths set via Equations 7-10 under a chosen budget I'.
Since 7 is extremely low-dimensional, this adaptation is
lightweight and is performed without modifying the pre-
trained model parameters. In deployment, we then fix
v = ~* and use it to assign widths for subsequent inputs.

3. Experiments
3.1. Experimental Setup

All experiments are conducted using a sparsely-gated
mixture-of-experts (MoE) training framework (Shazeer
et al., 2017). Models are pre-trained on the OpenWebText
corpus (Gokaslan et al., 2019) using top-k routing, and all
MoSE models are trained using uniform-width execution.

We evaluate three model scales: GPT2-Small (55M), GPT2-
Standard (322M), and GPT2-Medium (1B) (Radford et al.,
2019) under multiple routing configurations (E8A2, E8A4,
E16A4) and training budgets ranging from 3B to 15B to-
kens. Exact architectural parameters, routing hyperparame-
ters, and per-experiment training schedules are provided in
Appendix A.

After pre-training, models are evaluated under several
inference-time execution modes (detailed in Section 2.4), in-
cluding (1) uniform-width execution, (2) router-conditioned
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Figure 3. Pre-training dynamics of MoE and MoSE on OpenWeb-
Text dataset using GPT2-Small model.

widths with fixed ~, and (3) test-time training for widths,
where the sharpness parameter ~y (shared or layer-wise) is
learned using a short calibration stream while keeping all
pretrained weights fixed. Inference-time compute is re-
ported in MFLOPs per token.

We report language modeling perplexity on OpenWebText
(Gokaslan et al., 2019) and WikiText-103 (Merity et al.,
2017), as well as zero-shot performance on LAMBADA (ac-
curacy and perplexity) (Paperno et al., 2016) and the Wino-
grad Schema Challenge (WSC) (Levesque et al., 2012). All
downstream evaluations are performed without task-specific
fine-tuning. Further experimental details are deferred to
Appendix A.

3.2. MoSE Pre-Training Results

In this section, we study the pre-training behavior of MoSE
on the OpenWebText dataset, focusing on optimization sta-
bility and convergence relative to the MoE baseline.
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Figure 4. Compute-quality trade-offs across GPT2-Small, Standard, and Medium models under E8 A 2 setting. MoSE with test-time
training learns compute-aware width identification that shift the Pareto frontier, achieving lower perplexity than uniform-width mode at

comparable MFLOPs per token.

Training dynamics and stability. Figure 3 shows the evo-
lution of training loss as a function of iterations for MoE
and MoSE under 15B token budget. Across both settings,
MOoSE closely tracks the convergence trajectory of MoE
throughout training. This behavior indicates that introduc-
ing width-adaptive execution does not hinder optimization
or destabilize pre-training. These results show that MoSE
can be trained end-to-end within standard MoE pre-training
pipelines without additional modifications.

Last-iterate pre-training performance. Table 1 summa-
rizes the outcomes of MoE and MoSE across model sizes
and training token budgets, evaluated on OpenWebText
(test set) as well as multiple downstream benchmarks. For
MoSE, we report two variants: (i) uniform-width execution
(w = 1.0), which assigns full width to all activated experts,
and (ii) MoSE with test-time training for width identifica-
tion (with a maximum budget I' = |S(x)|). For the latter,
we report the layer-wise ~y variant throughout.

Across all settings, MoSE with uniform execution already
matches or improves upon the MoE baseline, indicating that
the architectural flexibility introduced by MoSE does not
degrade representational capacity. More notably, when cou-
pled with test-time training, MoSE consistently achieves the
best performance (despite using lower FLOPs; discussed in
later sections), yielding lower perplexity on OpenWebText
and WikiText-103, as well as improved zero-shot perfor-
mance on LAMBADA and WSC. These gains hold across
both 3B and 15B token regimes and scale with model size,
showing that the learned width identification mode comple-
ments pre-training rather than interfering with it.

3.3. MoSE Inference Results

In this section, we evaluate MoSE in the inference-time
regime, where expert routing is fixed by a pre-trained router
and the model dynamically assigns execution widths to

the activated experts. Unless otherwise specified, all ex-
periments report compute-quality trade-offs measured in
MFLOPs per token versus validation perplexity, and Pareto
frontiers are constructed by varying the width budget while
keeping model parameters fixed. We compare MoSE (TTT)
against uniform-width execution and vanilla MoE.

Scaling across model sizes (E8A 2). Figure 4 compares
MoSE across GPT2-Small, GPT2-Standard, and GPT2-
Medium models under a fixed routing setting (E8A2; n =
8,k = 2). Across all model sizes, MoSE (TTT) consistently
shifts the Pareto frontier downward relative to uniform-
width execution, achieving lower perplexity at comparable
compute. This demonstrates that the proposed width identi-
fication mechanism scales effectively with model size and
does not rely on model-specific tuning. Notably, the relative
improvement remains stable as the base model grows, indi-
cating that test-time training learns a compute-aware width
allocation strategy that works across scales.

Increased expert count and pre-training tokens. Figure 5
focuses on an increased active expert count configuration
(E8A4) and compares the GPT2-Small and GPT2-Standard
models trained with an increased amount of pretraining data
(4.5B and 9B pretraining tokens, respectively). Under this
setting, MoSE with test-time training continues to outper-
form across both model sizes. This confirms our findings
from Figures 4, 6, and 7 and supports the robustness of
MoSE across routing settings, model sizes, and data scales.

4. Related Work

Mixture-of-Experts Transformers. Mixture-of-Experts
(MoE) models date back to classical conditional computa-
tion via expert specialization and learned gating (Jacobs
et al., 1991; Jordan & Jacobs, 1994). Modern deep learning
MOoE revived this idea at scale by introducing sparsely-gated
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Figure 5. MoSE under E8A4 setting and increased pre-training
tokens. We compare inference-time execution modes for the GPT2-
Small and GPT2-Standard models. MoSE (TTT) maintains a clear
advantage over the uniform-width mode across both model sizes.

expert layers, enabling large parameter counts without pro-
portional increases in per-token compute (Shazeer et al.,
2017; Fedus et al., 2022). Early work on sparsely gated
MOoE layers demonstrated the feasibility of conditional com-
putation, and subsequent works such as switch transformers
(Fedus et al., 2022), GLaM (Du et al., 2022), and V-MoE
(Riquelme et al., 2021) established MoE as a practical ap-
proach for large-scale transformer pretraining. Across these
works, the dominant design choice is to replace transformer
FFN layers with expert layers and select a fixed number of
experts (e.g., top-k) per token. A common limitation of this
paradigm is that once an expert is selected, it is executed at
full capacity, even though the routing itself is sparse.

Slimmable Networks. Slimmable networks train a single
set of parameters that can be executed at multiple widths,
enabling runtime accuracy-efficiency trade-offs without
training separate models (Rippel et al., 2014; Yu et al.,
2019; Yu & Huang, 2019b; Horvath et al., 2021; Horvéth
et al., 2021; Kusupati et al., 2022; Devvrit et al., 2023;
Tastan et al., 2025). Related “train-once, deploy-many” ap-
proaches include once-for-all networks, which optimize a
super-network that can be specialized into multiple subnet-
works post hoc (Cai et al., 2020; 2025). These ideas have
inspired a broad range of follow-up work, mostly focused on
resource efficiency (Horvath et al., 2021; Mei et al., 2022),
communication and computational efficiency (Wang et al.,
2022), collaborative fairness (Tastan et al., 2025), and neural
architecture search (Yu & Huang, 2019a).

Elastic MoEs. Recent work on elastic Mixture-of-Experts
(MOoE) tackles the long-standing rigidity of Top-k routing,
where models trained with a fixed number of active experts
fail to generalize when the inference budget changes. RoE
(Roster of Experts) (Zibakhsh et al., 2025) approaches elas-
ticity without retraining by injecting stochasticity into the

router and aggregating multiple diverse forward passes, ef-
fectively turning a single MoE into a test-time ensemble;
while this improves robustness and quality under larger
compute budgets, it does not change the underlying expert
representations and incurs additional inference cost propor-
tional to the number of passes. In contrast, Elastic MoE
(EMOoE) (Gu et al., 2025) modifies training to expose experts
to diverse co-activation patterns via stochastic sampling and
hierarchical router regularization, enabling the model to
tolerate larger inference-time k than seen during training;
however, its gains depend on carefully designed routing
losses and still assume a flat expert set without explicitly
structuring expert importance.

MOoSE bridges these lines of work by equipping MoE layers
with slimmable widths, enabling conditional computation
not only over which experts are activated but also over the
internal capacity used by each activated expert.

5. Discussion & Limitations

MoSE provides an additional axis of conditional computa-
tion in MoE architectures, which allows for an additional
degree of freedom in dedicating representational capacity at
deployment time, paving the way for novel optimizations for
LLMs. For example, MoSE could be leveraged as a mecha-
nism of self-speculation (Leviathan et al., 2023; Miao et al.,
2024; Tiwari et al., 2025). A lightweight “draft” model
would be implicitly realized by executing the same model
at reduced widths, thus accelerating inference without the
need to retrain for explicit alignment. Additionally, in agen-
tic settings (Wu et al., 2024; Tastan et al., 2026), an agent
could select the model width depending on perceived task
difficulty or uncertainty. Therefore, smaller widths could be
used for easy steps, while additional computation could be
leveraged under high-uncertainty and complex tasks. This
equips MoE models with an adaptive dimension that can
save on latency without sacrificing performance.

Our analysis is limited to small-scale LLMs, which we are
able to train from scratch. Therefore, multi-width operation
is baked into the network from early on . Whether we can
instill such capability at the post-training stage remains an
open question. We leave these explorations for future work.

6. Conclusion

In this paper, we have presented MoSE, a method that en-
ables elasticity in MoE models by leveraging slimmable
experts, allowing scaling of representational capacity and
computation based on input needs and underlying hardware
capabilities. We illustrate that MoSE is able to converge
smoothly and offer competitive performance and smooth
performance-latency scaling on language tasks.
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A. Experimental Details
A.1. Datasets and Evaluation Tasks

This section details the datasets used for pre-training and evaluation, the evaluation protocol, and the metrics we report.

Pre-training. All models are pre-trained on the OpenWebText corpus (Gokaslan et al., 2019), a large-scale corpus of
English web text commonly used for training GPT-style language models. We use OpenWebText exclusively for pre-training
in all experiments to ensure that differences in performance arise from model design and inference-time execution rather
than changes in training data. We pre-train models for multiple token budgets depending on model scale and routing
configuration (see Table 2).

Evaluation. We evaluate both language modeling performance and zero-shot transfer on a set of standard benchmarks.
All evaluations are conducted zero-shot (i.e., without any task-specific fine-tuning). We use the following datasets:

* OpenWebText: We report perplexity on a held-out split of OpenWebText to measure in-domain pre-training quality.

* WikiText-103: A Wikipedia-based language modeling benchmark used to assess out-of-domain generalization. We
report perplexity on the standard evaluation split.

* LAMBADA: A dataset designed to test long-range context understanding via next-word prediction. We report both
zero-shot accuracy (exact match next-word prediction) and perplexity. The validation split of this dataset consists of
5153 entries.

* Winograd Schema Challenge (WSC): A pronoun resolution benchmark designed to test commonsense reasoning. We
evaluate in the zero-shot setting and report accuracy. The validation split of this dataset consists of 273 entries.

For all evaluations, we keep the pretrained model parameters fixed. We do not perform fine-tuning on any downstream
task. For MoSE with test-time training, the only adapted parameters are the sharpness parameters ~ (either shared across
transformer blocks or layer-wise), while all model weights, expert weights, and router parameters remain unchanged.

For MoSE with test-time training, we learn v by minimizing the language modeling loss over a short calibration stream
Dealib (drawn from any available dataset, e.g., OpenWebText in our settings). The calibration optimizes only - under a
given budget I, and then reuses the learned * to evaluate the model under that budget. We emphasize that this procedure is
lightweight because -y is extremely low-dimensional (one scalar per layer in the layer-wise variant, or a single scalar in the
shared variant). In our experiments, we limit the calibration dataset to only 50 batches, with a batch size of 6.

Metrics. We report the following metrics across datasets:

e Perplexity (PPL): For language modeling datasets (OpenWebText, WikiText-103, and LAMBADA), we report
perplexity computed from the average negative log-likelihood. Lower is better.

¢ Accuracy (Acc): For LAMBADA and WSC, we report accuracy, corresponding to exact-match prediction.

Compute reporting. Alongside task metrics, we report inference-time compute in MFLOPs per token. Compute is
measured by counting the floating-point operations incurred by the transformer forward pass, including expert computation
under the given routing and width policy. We use MFLOPs per token to compare compute-quality trade-offs across inference
modes and to trace Pareto frontiers by varying the budget I'.

A.2. Hyperparameters

This section describes the hyperparameters shared across all experiments. A summary of model architectures, routing settings,
pretraining token budgets, and training schedules is provided in Table 2. Unless otherwise stated, the hyperparameters
described below are held fixed across model sizes and routing configurations.
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Table 2. Model architectures, routing settings, and training configurations used in all experiments.

MODEL ROUTING PARAMS LAYERS HEADS HIDDEN TOKENS BATCH ITERS
E8A2 55M 6 6 384 3B 12x6x4 10K
E8A2 55M 6 6 384 15B  12x6x4 50K
GPT2-SMALL E8A4 55M 6 6 384 45B  8x9x4 15K
E16A4 83M 6 6 384 75B  8x9x4 25K
E8A2 3220M 12 12 768 3B 6x12x4 10K
GPT2-STANDARD E8A2 322M 12 12 768 I5B 6x12x4 50K
E8A4 322M 12 12 768 9B  6x12x4 30K
GPT2-MEDIUM  E8A2 1B 24 16 1024 75B 2x12x4 75K

Model architectures and routing. We evaluate three GPT-style model scales: GPT2-Small, GPT2-Standard, and GPT2-
Medium under multiple routing configurations, denoted by EnAk, where n is the number of experts and & is the number of
activated experts per token. The specific combinations of model scale, routing setting, parameter count, and training token
budget used in our experiments are summarized in Table 2. The sequence length is fixed to 1024 tokens for all experiments.
These configurations are chosen to systematically vary routing capacity and model scale while maintaining comparable
training settings.

Pretraining optimization. We optimize all models using the AdamW optimizer with a learning rate 6 x 10~%, weight
decay 107!, and momentum parameters (31, 2) = (0.9,0.95). Gradients are clipped to a maximum norm of 1.0. We use a
linear learning rate schedule with warmup, followed by linear decay to a minimum learning rate of 6 x 10~°. The warmup
lasts for 200 iterations.

All runs use top-k expert routing with auxiliary regularization; we apply a load-balancing loss with a coefficient 0.01 and a
router z-loss with a coefficient 0.001. Training and evaluation capacities are set to 1.25 and 2.0, respectively, across runs
with £ = 2; when k = 4, we increase the capacities to 1.75 and 3.0 respectively.

Slimmable training. For MoSE, the hidden dimension of MoE experts is made slimmable. We set wy,;, = 0.25 and
Wmax = 1.0. For practical reasons, we discretize this range A € [Win, Wmax] (see Equation 3) using a step size 0.05,
resulting in A = {0.25,0.30,0.35,...,1.00}. This strategy allows a single pretrained model to support a continuum of
inference-time widths with minimal training overhead.

Test-time training. Test-time width identification is applied only after pre-training. The parameter  is optimized using a
short calibration stream while keeping all pretrained model parameters fixed. The learned +y is then reused for all subsequent
inference-time evaluations. We fix the calibration set to OpenWebText everywhere, and we limit the calibration dataset to
only 50 batches, with a batch size of 6. We use the SGD optimizer with a learning rate of 0.01 for this training.

Compute. All experiments reported in this paper were run using the NVIDIA A100-SXM4-40GB GPU machine. Training
is performed using DDP spanning 4 GPUs.

B. Additional Experimental Results
B.1. Scaling pre-training tokens at fixed routing

Figure 6 studies the effect of increasing the amount of pre-training data while keeping the routing configuration fixed
(E8A2). We increase the number of pre-training tokens from 3B to 15B for GPT2-Small and GPT2-Standard and evaluate
MOoSE using the same inference-time width allocation procedure. As shown, increasing the amount of pre-training data
consistently shifts the Pareto frontier downward, improving perplexity at all compute budgets. Importantly, the advantage of
test-time training over alternative inference modes remains stable under increased data scale, suggesting that the learned
width identification captures structural properties of the routing-compute trade-off rather than overfitting to a particular data
regime.
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Figure 6. Scaling pre-training tokens at ESA2 setting. We scale the number of pre-training tokens from 3B (Figure 4) to 15B for
GPT2-Small and GPT2-Standard, while keeping the same routing setup and compute budget. Our test-time training for MoSE width
identification continues to dominate across the Pareto frontier, and increasing the amount of pre-training data consistently shifts the
quality-compute trade-off downward. The relative advantage of test-time training (with both layer-wise and shared parameters) remains
stable under increased data scale.

B.2. Effect of routing setting and expert count

Figure 7 analyzes the effect of the routing setting on MoSE using GPT2-Small, comparing E8A2, E8A4, and E16A4
configurations. Increasing both the width budget and the number of activated experts consistently improves the compute-
quality trade-off, shifting the Pareto frontier downward. Across all settings, MoSE with test-time width identification
maintains strong performance, indicating that the method adapts naturally to different routing granularities. This result
highlights that width identification complements routing capacity: larger budgets provide more flexibility, which MoSE
effectively exploits at inference time.

GPT2-Small (varying routing budgets)

Uniform-width
TTT (shared)
® TIT (layer-wise)

& 421

5 10 15 20 25
MFLOPs per token

Figure 7. Effect of routing setting on MoSE with test-time width identification (GPT2-Small). We evaluate MoSE under different routing
settings (ES8A2, E8A4, E16A4) using GPT2-Small model. Points denote individual configurations, while solid curves trace the Pareto
frontiers of respective modes. Increasing the budget and the expert count consistently shifts the Pareto frontier downward, achieving lower
perplexity at comparable FLOP consumption.

B.3. Inference-time Routing Transfer

Figure 8 examines the robustness of MoSE to inference-time routing changes when using a fixed pretrained checkpoint. We
train a single MoSE model under the E16A4 routing configuration and evaluate it at inference time with fewer activated
experts (E16A2, E16A3, and E16A4) without any retraining. The first three panels report Pareto frontiers for each
evaluation setting independently, while the rightmost panel overlays the resulting frontiers to enable direct comparison.

As shown in Figure 8§, MoSE with test-time training degrades gracefully as the number of active experts is reduced,
maintaining strong perplexity-compute trade-offs even under more restrictive routing. Notably, E16A3 achieves similar
performance to E16A4 at lower compute, indicating that activating more experts can be redundant once a moderate routing
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Figure 8. Inference-time routing transfer with a fixed checkpoint (GPT2-Small under n16k4 setting). This experiment evaluates a single
MOoSE checkpoint trained with a setting E16 A4 under different numbers of activated experts. The first three panels report results for each
evaluation setting independently, while the fourth plot overlays Pareto frontiers of MoSE (TTT). Notably, E16A3 achieves essentially the
same performance as E16A4 at reduced compute, indicating that EI6A3 provides a more compute-efficient operating point for evaluation.

capacity is reached. This suggests diminishing returns from increasing the number of activated experts beyond this point for
this experiment.

To identify the most suitable k, evaluating routing settings under full-width execution is sufficient, as the resulting Pareto
frontier closely follows the best configuration.

B.4. Ablation Study of MoSE Inference modes

Figure 9 isolates the effect of our proposed inference-time width assignment strategy in MoSE by comparing uniform-width
identification, router-conditioned widths based on normalized probabilities (constant v = 1.0), and test-time training (TTT)
for width identification. Across model scales and expert settings, the normalized-probability baseline consistently improves
over uniform widths, confirming that router confidence contains useful information for allocating compute. However, its
Pareto frontier remains uniformly dominated by the learned TTT variants. Learning the sharpness parameter ~ at test
time, either as a single shared value or in a layer-wise form, yields systematically better perplexity-compute trade-offs,
demonstrating that effective width allocation requires adapting the probability-to-width mapping (given the budget) rather
than relying on fixed normalization alone. The gap is most pronounced at lower compute budgets, where the accurate
concentration of width on a subset of experts is critical, while shared v already captures much of the gain, and the layer-wise
variant provides additional flexibility and is more expressive.

GPT2-Small (E8A2) GPT2-Small (E8A4) GPT2-Medium (E8A2)

1 20.3% \ 32.1% \ 30.6%
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— 3 \
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i
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jJ)
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Figure 9. Ablation of MoSE inference modes. This figure compares the three inference-time execution modes supported by MoSE.
Results are shown across different expert settings and model scales. Points denote individual configurations, while curves trace Pareto
frontiers. The normalized-probability mode improves over uniform widths but remains consistently inferior to the learned TTT variant,

indicating that performance gains are not solely due to probability-based allocation but require learning the probability-width mapping.
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B.5. Transferability of

Figure 10 reports zero-shot transfer performance on LAMBADA, using sharpness parameters ~y calibrated on OpenWebText
and reused without modification. We also report our results in terms of accuracy and perplexity. As shown in the left panel,
both learned variants consistently outperform the uniform-width MoSE across compute budgets, with MoSE (layerwise
~) achieving the highest accuracy at moderate MFLOPs. The accuracy curves exhibit mild non-monotonicity and local
fluctuations, which are expected given that accuracy is a discrete metric and is sensitive to sampling noise and prediction
discretization (Schaeffer et al., 2023).

LAMBADA [ACC] LAMBADA [PPL]
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Figure 10. Transferability of the learned sharpness parameter v on LAMBADA (GPT2-Standard, 15B tokens).

In contrast, the right panel (perplexity) provides a smoother and more stable signal. Both test-time training modes yield
consistently lower perplexity than the non-adapted variant across the full compute range, with layerwise - forming the
dominant Pareto frontier. The steady downward trend in perplexity confirms that the transferred ~ values preserve their
intended effect on width allocation, even under dataset shift. Together, these results indicate that the learned sharpness
parameter generalizes effectively across datasets, improving zero-shot performance without test-time training, while
perplexity serves as the more reliable indicator of this transfer behavior.

B.6. What do ~ values look like?

Figure 11 illustrates how the learned sharpness parameter + adapts to the computing budget (in terms of MoE FLOPs) and
model scale. Across all models, v is optimized for the respective budget: low budgets favor larger « values, corresponding
to more concentrated width allocation, while higher budgets drive v toward or below 1.0, yielding more uniform allocation
across active experts.

When using a single shared ~, test-time training consistently finds a well-calibrated value for each budget that already
delivers strong performance, aligning with the Pareto-optimal trends observed in earlier plots. The layer-wise variant is more
expressive, assigning different sharpness levels to different transformer blocks, revealing non-uniform importance across
layers, particularly at low budgets. This additional flexibility explains the improved compute-quality trade-offs observed
with layer-wise width identification while maintaining stable behavior as the budget increases.

B.7. FLOPs Breakdown

Figure 12 illustrates the breakdown of inference-time floating-point operations (FLOPs) across model scales for GPT2-Small,
GPT2-Standard, and GPT2-Medium. For each model, we decompose the total MFLOPs per token into contributions from
MoE computation, attention, and other operations (linear layers, embeddings, etc.). The total MFLOPs per token are shown
at the center of each donut chart.

Across all model sizes, MoE computation accounts for the largest fraction of the FLOPs, and this dominance becomes
more pronounced as the model scale increases. While attention and other components grow with model size, their relative
contribution remains substantially smaller than that of the MoE experts. For example, in GPT2-Small, expert computation
already constitutes a significant portion of total compute, and by GPT2-Medium, MoE experts account for the majority of
inference-time FLOPs.
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Figure 11. Learned -y parameters across budgets and model scales under E8A2 setting. Visualization of the learned -y parameters obtained
via test-time training for MoSE under different routing budgets I'. Each row corresponds to a budget and columns show either layer-wise
~¢ values (left of each pair) or a shared ~y (right of each pair).

This breakdown highlights why width adaptation is particularly effective for MoE models at scale. Since expert computation
dominates the overall compute budget, reducing expert width directly targets the primary cost driver while leaving attention
and routing mechanisms unchanged. As a result, MoSE is able to achieve substantial inference-time compute savings
without modifying the underlying model architecture or routing behavior.
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Figure 12. Inference-time FLOPs breakdown across model scales. Donut charts show the absolute MFLOPs per token attributed to MoE
experts, attention, and other operations for GPT2-Small, GPT2-Standard, and GPT2-Medium. Total MFLOPs per token are shown at the
center of each subplot.

B.8. Width-wise Pre-training Dynamics

Figure 13 demonstrates the validation perplexity dynamics of MoSE across different execution widths during pre-training.
Across all model scales and training budgets, larger widths consistently converge faster and achieve lower perplexity, while
smaller widths follow the same overall training trajectory with higher steady-state perplexity. Importantly, all widths exhibit
stable and monotonic convergence, indicating that slimmable training does not introduce optimization instability even at
reduced widths.

The relative ordering of widths is preserved throughout training: wider configurations dominate narrower ones at all stages,
and the gap between widths narrows as training progresses. This behavior is consistent across both shorter (3B-token) and
longer (15B-token) training regimes, as well as across model scales.
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Figure 13. Validation perplexity dynamics across widths during pre-training. Validation perplexity as a function of training iterations for
different execution widths w € {0.25,0.5,0.75,1.0} during MoSE pre-training on OpenWebText. Results are shown for GPT2-Small
trained for 3B (left) and 15B (middle) tokens, and GPT2-Standard trained with 15B tokens (right). For clarity, we clip early iteration

values.
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