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Abstract

Expert pruning is a practical deployment tech-
nique for Mixture-of-Experts (MoE) models. It
reduces resource usage and mitigates expert re-
dundancy, but its success depends strongly on
the calibration set used for pruning. In domain-
general settings, it is unclear which properties
of the calibration data drive good pruning out-
comes, and the effects of calibration perturba-
tions are often unintuitive. We observe, for
example, that calibration sets in different lan-
guages can lead to very similar pruning results
despite appearing dissimilar on the surface. To
address this, we propose Expert Calibration
Lens, a lightweight analysis tool that compares
expert activation patterns across datasets to
predict the impact of calibration perturbations
without repeatedly running expensive pruning
procedures. We use activations that are quick
to compute and evaluate the resulting analysis
for downstream task performance.

1 Introduction

Mixture of Experts (MoE) architecture is a standard
approach for scaling Large Language Model (LLM)
capacity without a proportional increase in infer-
ence cost (Jiang et al., 2024; Riquelme et al., 2021;
Dai et al., 2024). By activating only a subset of
parameters per token, MoE models achieve strong
performance while keeping compute budgets man-
ageable during training and inference. However, de-
ploying MoE language models remains costly due
to their memory footprint and operational complex-
ity of serving sparse architectures at scale. Post-
training expert pruning is an appealing alternative
for reducing the effective model size and overlap-
ping experts (Chen et al., 2022; Li et al., 2025; Xie
et al., 2024). A crucial component, yet often over-
looked, of this process is the calibration set, a set
of sequences used to determine which experts are
important and therefore retained.

In practice, calibration outcomes are unintuitive:
increasing the number of samples does not always

improve pruning outcomes, and calibration sets
in different languages can lead to similar results.
These perturbation effects make pruning decisions
brittle and expensive to diagnose because validating
them typically requires running multiple ablations.

We propose Expert Calibration Lens, a system
that profiles calibration data using collected acti-
vations and presents both within-dataset and cross-
dataset analyses. Given a dataset A and a perturbed
or alternative dataset B, the system provides uni-
variate summaries for A and B and bivariate com-
parisons between them, derived from their activa-
tion statistics. This allows users to carefully esti-
mate the effect of calibration perturbations, such
as format, size, or domain, without rerunning full
pruning procedures. Our system would be use-
ful for Machine Learning practitioners, foundation
model researchers, and engineers deploying MoE
systems who require fast pruning iteration and cali-
bration optimization.

Expert Calibration Lens includes a web-based
interface and a model wrapper for the GPT-OSS
MoE architecture. We plan to extend the wrap-
per to be model-agnostic with future development
efforts. A public demo page is accessible at
http://4.151.237.144:8886/'. Expert Calibra-
tion Lens is part of the FoxBrain project, a family
of LLMs developed by the Al research center at
the Foxconn Research Institute (Hon Hai Tech-
nology Group). The core system is currently main-
tained under a proprietary license with open-source
consideration for future development.

2 System Description

Our system comprises three core components: an
activation collection pipeline, a rigorous analytical
backend, and an interactive web interface.

'A short system demonstration video is accessible at
https://tinyurl.com/expertcalibdemo
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Expert Calibration Lens
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Figure 1: Main interface of Expert Calibration Lens. The interface hosts two univariate and bivariate metric cards
(Left), and a generated ablation window and graph view (Right).

2.1 Activation Collection Pipeline

Our collection pipeline operates as a non-intrusive
attachment to capture routing semantics without
altering the computational graph.

Model Interception and Logged Signals To ob-
serve calibration behavior without repeatedly prun-
ing the model, we attach a wrapper around each
MoE MLP module. The wrapper intercepts the for-
ward pass at the router output and records router
distributions and optional expert contribution prox-
ies, while leaving the computational graph and
model outputs unchanged.

Dense router distribution. For sample ¢, MoE
layer [ € {1,...,L}, and token position ¢, let
gilt € R denote the router logits over E ex-
perts. We compute the dense routing distribution
vector p; ;. € AF-1 ag:

i = softmax(gi ). ey

This distribution is defined prior to any top-K trun-
cation used by sparse routing. We log the individual
probability p;; ;. for each experte € {1,..., E'},
which enables analysis of near-threshold experts
and routing uncertainty.

Padding-aware token accounting. If an atten-
tion mask a;; € {0, 1} is available, we define the
number of non-padding tokens

s
T; = Z g, 2)
=1

and we record only padding-aware statistics
(padding positions are treated as zeros in stored ten-

sors). This ensures dataset comparisons are token-
weighted rather than biased by padding length.

Optional expert contribution proxy (feature en-
ergy). In addition to router distributions, the
wrapper can optionally record a lightweight proxy
for per-expert contribution after sparse routing is
applied. Let K; ; ; denote the set of top-K experts
selected for token ¢ in layer /, and let w; ;¢ . be
the corresponding renormalized routing weight for
e € Kt Lety;iie € R denote the expert
output vector.

We define a nonnegative contribution proxy
Eilte as:

Eipte=1le € Kiy4 w?,l,t,e Hyz‘,l,t,eH;, (3)

which accumulates over tokens and examples, as
described below. This signal is intended as a fast
heuristic for expert “importance” and does not ex-
actly reproduce any particular pruning objective.

On-disk shard format (per layer). During cal-
ibration inference, each MoE layer writes a se-
quence of shard files layerXXX_shardYYY.pt.
Each shard contains a list of batch records. A batch
record stores:

* example_ids of shape [B],

* ntokens of shape [B] (equal to T; for each
sample),

* routing_probs of shape [B, S, E] (stored in
bfloat16), where padded positions are zeroed,

* optionally, per-sample accumulated energy
summaries (e.g., [B, F]) if enabled.
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Figure 2: Evaluation performance across different cali-
bration set sizes shows that scaling up calibration does
not necessarily yield better post-prune performance. We
fixed the number of retained experts to be 24.

This design avoids storing text and keeps per-token
logging limited to router outputs.

Derived statistics index. Raw routing_probs
tensors are too large to scan repeatedly for inter-
active analysis. Therefore, a one-time indexing
step compiles the shard files into a compact dataset-
level bundle derived_stats.pt. For each exam-
ple ¢ and layer [, we store the unnormalized per-
expert probability sums

S
prob_sum,; . = Z it Pilt,e “)
t=1

along with the token denominator token_count; =
T;. If energy is enabled, we analogously store

S
energy_sum,;; , = Z Qi,t CNCIEY ;1 ¢ - (&)
t=1

From these derived statistics, the backend can com-
pute token-weighted subset signatures (Section 2),
enabling fast analysis over calibration perturbations
without pruning multiple times. From these derived
statistics, we compute the signatures defined below.

Token-weighted dataset signature. Given a
dataset (or subset) S, we define the layerwise
expert-utilization signature

T;
ZieS Etzl DPilte
Yies Ti

Bi(S)le] = (6)

By construction, Zle P,(S)[e] =1 (up to numer-
ical error).
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Figure 3: Structural Jaccard similarity of retained ex-
perts across varying calibration sequence counts. The
analysis evaluates up to 128 sequences at intervals of
2. Activations converge after approximately 32—64 se-
quences, indicating that the resulting expert pruning
mask stabilizes rapidly without requiring large amounts
of calibration data.

Feature energy (expert contribution proxy).
Building on our token-level energy proxy &; e,
we aggregate the token-level proxy into a dataset-
level energy signature for each expert e. Let S de-
note the dataset and 7; the number of non-padding
tokens for sample ¢ € .S. We define the per-dataset
energy as:

1 L
== Eitter (D

Ey(S)le] =
2iesTi €S t=1

Note that F;(S) is a proxy for expert contribution,
it does not reproduce the pruning objective exactly,
but it is fast to collect and empirically predictive
(Section 3).

2.2 Analytical Backend

The backend processes the precomputed index to
execute queries against the routing behavior. It
evaluates how a calibration dataset stimulates the
MokE architecture with respect to univariate metrics
and cross-dataset (bivariate) metrics.

2.2.1 Univariate Metrics

To quantify how a dataset utilizes the model’s ca-
pacity, we compute the following layer-wise heuris-
tics from the token-weighted signature P;(S) in
Equation 6.

Sparsity (%): Identifies long-tail, underutilized
experts. It computes the percentage of experts in
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Figure 4: The proprietary FoxBrain pretraining dataset (Traditional Chinese) and the C4 dataset (English) exhibit
high Jaccard similarity in their routing behavior. This structural alignment translates directly to downstream
evaluations, yielding highly overlapping retained experts and comparable performance scores.

layer [ that fall below a critical mass threshold
(e.g., Pi(S)[e] < 0.01). High sparsity indicates the
dataset relies on a highly constrained subset of the
model’s total capacity.

Variance (¢2): Measures the dispersion of prob-
ability allocation across the E' experts. Higher vari-
ance implies more disproportionate routing concen-
tration.

Effective Experts (Neg): Translates variance
into an intuitive metric representing the actual num-
ber of mathematically active experts via the inverse
participation ratio:

1
SE L P(S)[e]2 + e

For an architecture with £ = 32, an Neg of 3.5
implies that the layer mathematically behaves as
if it had only 3.5 uniform experts activated by the
current dataset.

Netr =

®)

Shannon Entropy (#): Quantifies the “uncer-
tainty” of the router’s distribution:

E
H=—>_ P(S)[e]loga(P(S)[e] +¢) (9
e=1

Low entropy indicates highly opinionated, sharp
routing paths tailored to the domain, whereas high
entropy indicates a more dispersed, generalized
distribution of capacity.

2.2.2 Bivariate Metrics

The core predictive capability of the Expert Cal-
ibration Lens is to evaluate how two datasets (A

and B) align dynamically. By computing struc-
tural divergence, we can predict whether tuning
parameters on A will safely generalize to 5 during
downstream expert pruning.

Proxy pruning mask. For a retention budget r
(retaining r experts per layer), we define the mask:

M, (S;r) = Top,(P(S)) C{1,...,E}. (10)

The retained probability mass for S equals the top-
r share of P,(.S), which is strictly less than 1 unless
r=F.

Our collection of bivariate metrics and their de-
tails is as follows:

Jensen-Shannon (JS) Divergence: Measures
the symmetric distributional distance between the
normalized routing signatures. Let p = P;(.A) and
q = P(B). With M = $(p + q), we define JS
Divergence as:

Dis(p || ) = 5 [Dep || M) + Dice(q | M)].
(11)

A lower JS divergence implies that the two sets

yield identical macroscopic routing distributions.

Jaccard Overlap (J): Operating at a given prun-
ing retention budget r (e.g., pruning down to top-8
experts), this calculates the intersection over union
of the top experts activated:

_ IMu(A;sr) O M(B; )|
(M (A;r) UM (B;r)|
High Jaccard overlap implies that pruning the

model with dataset .4 would retain the same physi-
cal experts as if dataset B had been used.

Ji(A, B;r) (12)
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Figure 5: Evaluation performance across different languages in the MMLU ProX dataset of the pruned gpt-oss-20b
model. We selected 7 typologically diverse languages as proxies for measuring cross-lingual calibration.

Pearson Correlation (p): Evaluates the linear
correlation of the raw, unnormalized Feature En-
ergy magnitudes. Unlike probability mass, corre-
lation assesses whether the absolute semantic ac-
tivation load scales proportionally across datasets,
even when the routing probabilities align perfectly.

Retained Mass (M¢): An asymmetric metric
(A — B) and a strong heuristic for safe pruning
generalization. It measures how much of dataset
B’s probability mass survives if the model is pruned
using the top-r experts selected by dataset A:

Mii(A—=Bir) = Y P(B)e].

ee M (A;r)

(13)

Pruning Implication: M, serves as a strict
proxy for zero-shot generalization. If M is high
(e.g., > 95%), dataset .4 behaves as a globally safe
“surrogate” calibration set for dataset 3’s domain.
If M is low, pruning via A4 will systematically
delete experts vital to processing B, rapidly degrad-
ing task performance.

2.3 Interactive Interface and Ablation Engine

Fast Alignment: As control parameters
update, the backend instantaneously queries
derived_stats.pt to render the univariate
properties alongside the bivariate cross-domain
predictors, bypassing the latency of touching the
actual PyTorch model weights.

Ablation Visualization: To determine the pre-
cise point where calibration sets stabilize, the in-
terface includes an interactive Plotly.js ablation en-
gine. It dynamically slices a given dataset into pro-
gressively finer intervals. It plots the conditional
structural divergence across these steps.

Activation Collection: The interface gives the
option to collect new interfaces from local or Hug-
gingface datasets.

3 Case Study

We validate the Expert Calibration Lens framework
by comparing its proxy metrics against empirical
outcomes from a budgeted set of pruning runs. For
each calibration perturbation, we compute our uni-
variate and bivariate metrics. We then evaluate
() the overlap of the resulting pruned expert sets
and (ii) the downstream task performance of the
resulting deployable models. For the demo, we
provide three precomputed activation sets for the
gpt-oss-20b model: the C4 dataset (Dodge et al.,
2021), MMLU ProX (Xuan et al., 2025), and the
proprietary Traditional Chinese pretraining dataset
curated by the FoxBrain team. To illustrate the sys-
tem’s efficacy, we evaluate downstream task per-
formance on MMLU (Hendrycks et al., 2021) and
MathQA (Amini et al., 2019). All evaluations are
conducted via the LM Evaluation Harness frame-
work (Gao et al., 2023) and averaged across three
iterations. Below, we detail two key observations
that illustrate these relationships and demonstrate
the predictive reliability of our metrics.

3.1 Calibration Set Size

Intuitively, a limited calibration dataset might fail
to capture the broader pretraining distribution, the-
oretically leading to suboptimal pruning. How-
ever, as demonstrated in Figure 2, the impact of
calibration set size on post-pruning performance
rapidly plateaus, scaling beyond a small number
of sequences yields no consistent gains. This data
efficiency is practically advantageous. It suggests
that a concise, domain-general calibration set is
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sufficient to eliminate expert redundancy without
overfitting to specific downstream tasks.

Crucially, the Expert Calibration Lens enables
us to diagnose data saturation a priori via activa-
tion analysis, thereby bypassing computationally
expensive iterative pruning. Figure 3 visualizes
the step-wise similarity of top-K routing decisions
as the sequence count increases. We observe that
structural routing similarity converges to 100% af-
ter approximately 64 sequences. This indicates that
the pruning mask stabilizes early, and incorporating
additional calibration data will not alter the result-
ing expert selection. Consequently, we decided to
limit our calibration set to 32—64 sequences for this
specific case study, however, the exact convergence
threshold may vary between datasets.

3.2 Cross-lingual Calibration

Figure 5 illustrates the efficacy of cross-lingual
calibration, where the language used to calibrate
the pruning mask differs from the evaluation lan-
guage. Within the optimal sparsity regime, we
find that cross-lingual calibration performs com-
parably to in-language. Notably, our preliminary
results indicate that calibration using our propri-
etary Traditional Chinese data generalizes effec-
tively to English evaluation on MMLU, yielding
performance matching that of English calibration.
This empirical observation motivates further explo-
ration of cross-lingual calibration across additional
languages with varying scripts and typologies.

Figure 4 corroborates these findings through a
bivariate analysis of the routing activations. We
compare activations derived from the English C4
dataset against our proprietary Traditional Chinese
dataset spanning 28 domains. Despite the typologi-
cal difference, the activation patterns reveal highly
similar routing distributions. Preliminary down-
stream evaluations (Table 1) further confirm the
performance parity between models calibrated on
the C4 and proprietary datasets. Ultimately, these
downstream results successfully validate the high
similarity scores predicted a priori by the Expert
Calibration Lens. Prior research on cross-lingual
ability transfer suggests that models may learn
largely language-agnostic internal representations,
which could potentially explain this phenomenon
(Salim et al., 2026; Bandarkar et al., 2025). How-
ever, these findings also suggest that the effects of
calibration perturbation can be highly unintuitive.

Model Calibration Set MathQA MMLU

baseline N/A 0.365 0.563
MATH 0.408 0.585

pruned C4 0.3889 0.617
Private 0.405 0.611

Table 1: MathQA and MMLU performance after prun-
ing with different calibration sets. The MATH calibra-
tion is sampled from the training or validation sets of a
few math evaluation datasets, which we do not explore
extensively beyond preliminary work.

4 Related Systems

The Expert Calibration Lens complements exist-
ing MoE training and inference toolkits, such
as DeepSpeed-MoE (Rajbhandari et al., 2022).
While these foundational systems focus on exe-
cution, they are not designed to answer the nu-
anced, data-dependent calibration questions that
arise during expert pruning. More broadly, our
system draws inspiration from interactive model-
inspection tools that visualize internal signals for
model transparency. For instance, libraries such
as TransformerLens (Nanda and Bloom, 2022) and
the Language Interpretability Tool (LIT) (Tenney
et al., 2020) facilitate the collection of deep ac-
tivations, while the LM Transparency Tool (Tu-
fanov et al., 2024) provides a visual interface
for interpretability-driven decision-making. These
frameworks collect activations but do not provide
the pre-aggregated, macro routing metrics, specifi-
cally expert pruning calibration data. Expert Cali-
bration Lens allows practitioners to anticipate prun-
ing sensitivity and validate calibration sets without
repeatedly executing expensive pruning ablations.
Consequently, it can be utilized alongside existing
pruning algorithms and MoE runtimes to stream-
line the deployment pipeline.

5 Limitations

For demonstration purposes, we have disabled live
collection of new activation data and restricted the
interactive demo to three precomputed activation
sets. This constraint was implemented to ensure
server stability and protect the system’s storage
capacity from unauthorized or excessive requests.
Furthermore, the current implementation of our sys-
tem is specifically tailored to the GPT-OSS model
architecture. Future development efforts will focus
on expanding compatibility to encompass a broader
range of MoE architectures.
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