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Abstract

Mixture of Experts models are widely assumed
to achieve domain specialization through sparse
routing. In this work, we question this assump-
tion by introducing COMMITTEEAUDIT,
a post hoc framework that analyzes routing
behavior at the level of expert groups rather
than individual experts. Across three represen-
tative models and the MMLU benchmark, we
uncover a domain invariant Standing Commit-
tee. This is a compact coalition of routed ex-
perts that consistently captures the majority of
routing mass across domains, layers, and rout-
ing budgets, even when architectures already
include shared experts. Qualitative analysis fur-
ther shows that Standing Committees anchor
reasoning structure and syntax, while periph-
eral experts handle domain-specific knowledge.
These findings reveal a strong structural bias to-
ward centralized computation, suggesting that
specialization in Mixture of Experts models
is far less pervasive than commonly believed.
Crucially, this inherent bias indicates that cur-
rent training objectives, such as load-balancing
losses that enforce uniform expert utilization,
may be working against the model’s natural
optimization path, thereby limiting training ef-
ficiency and performance. The code is available
at GitHub1.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in complex reason-
ing and understanding tasks (Qian et al., 2025;
Wang et al., 2025a,b,c). To further scale these mod-
els without incurring proportional computational
costs, the Mixture-of-Experts (MoE) architecture
has emerged as a dominant approach. By activating
only a sparse subset of parameters for each input
token, MoE models promise to decouple model

* These authors contributed equally as co-first authors.
† Corresponding author
1https://github.com/The-FinAI/CommitteeAudit

(a) Conventional domain-specific intuition.

(b) Empirically observed expert sharing.

Figure 1: From domain-specific intuition to empirically
observed expert sharing in Mixture-of-Experts models.
(a) The Intuition: The ideal “Divide-and-Conquer”
strategy assumes disjoint sets of experts for different
domains. (b) The Observation: Empirical routing pat-
terns reveal a Standing Committee (e.g., Experts E4
and E5) that is consistently activated across disparate
domains (Math, Legal, Biology), acting as a generalist
core hidden within the routed experts.

capacity from inference latency. This conditional
computation paradigm is particularly appealing for
general-purpose LLMs because different domains
exhibit heterogeneous computational patterns that
theoretically benefit from expert specialization.

The design philosophy of MoE models often fol-
lows a divide-and-conquer principle where experts
are expected to specialize by domain. Under this
view, sparsity arises when the model routes inputs
to distinct expert groups, such as a dedicated set for
mathematics and another for legal tasks, as illus-
trated in Figure 1a. However, the optimization dy-
namics of sparse routing frequently contradict this
ideal separation. Prior research on Representation
Collapse (Chi et al., 2022; Do et al., 2025) warns
of a pathological state where gating networks fail
to optimize effectively, causing experts to become
redundant or completely inactive. Recognizing that
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Table 1: Comparison with existing MoE interpretability
works. Prior studies mainly focus on individual expert
specialization, internal representations, or frequency-
based importance. In contrast, our work identifies stable,
domain-invariant expert committees.

Research Focus Representative Works Unit of
Analysis

Dominant
Assumption

Captures
Co-activation

Routing &
Behavior
Analysis

A Closer Look into MoE (Lo et al.,
2025)

Individual General Polysemy ✗

Probing Semantic Routing (Olson
et al., 2025)

Individual Domain-Specific ✗

Context Faithfulness (Bai et al.,
2025)

Individual Context-Dependent ✗

→ Focus: Which individual expert activates for a specific token?

Representation
& Intrinsic
Mechanisms

Secretly Embedding Model (Li
and Zhou, 2024)

Global/Layer Latent Space ✗

MoE-X (Yang et al., 2025b) Individual Modular ✗

Intrinsic User-Centric (Swamy
et al., 2024)

Individual User-Aligned ✗

→ Focus: What information is encoded within experts?

Criticality
Analysis

Unveiling Super Experts (Su et al.,
2025)

Individual Pareto Principle ✗

→ Focus: Which single experts are dominant or critical?

Structural
Organization

Standing Committee Analysis
(Ours)

Committee Domain-Invariant ✓

→ Focus: How stable groups of experts dominate computation across domains?

natural language relies heavily on high-frequency
and domain-agnostic patterns, recent state-of-the-
art (SOTA) architectures have moved to institution-
alize a centralized processing unit. For instance,
DeepSeek (Dai et al., 2024; DeepSeek-AI et al.,
2024, 2025) introduces Shared Experts that are al-
ways activated to isolate common knowledge from
the routed experts. The prevailing assumption is
that by architecturally separating these generalists,
the remaining routed experts are free to become
true specialists. Yet, our empirical analysis reveals
that this architectural fix does not fully suppress the
drive toward centralization. As shown in Figure 1b,
we observe substantial cross-domain sharing even
among the experts explicitly designated for spe-
cialization. Unlike representation collapse, where
experts die out due to optimization failure, these
shared experts are highly active and functionally
competent but simply refuse to specialize. This
evidence suggests that the formation of a generalist
core is not merely an architectural choice but an in-
evitable emergent property of sparse computation.
However, this emergent structural bias poses a sig-
nificant challenge to conventional MoE training:
standard load-balancing auxiliary losses, which are
designed to prevent expert idle-out by encourag-
ing uniform selection, may inadvertently suppress
this natural computational hierarchy. This conflict
potentially leads to suboptimal convergence and
wasted FLOPs on peripheral experts that lack fun-
damental reasoning capabilities.

Recent advances in MoE interpretability have
largely focused on the properties of individual ex-
perts. Prior work has examined semantic routing
patterns (Olson et al., 2025; Lo et al., 2025; Bai

et al., 2025), analyzed internal representations (Li
and Zhou, 2024; Yang et al., 2025b), and most re-
cently identified frequency-based “Super Experts”
(Su et al., 2025). However, these studies predomi-
nantly treat experts as independent computational
units, where importance is quantified through iso-
lated activation statistics. Consequently, they over-
look the potential for a higher-level structural orga-
nization within the routing mechanism. While the
“Super Expert” phenomenon highlights the Pareto
distribution of individual criticality, it fails to cap-
ture the relational stability between experts across
varying contexts. This leaves a critical gap in
our understanding: do experts function as isolated
specialists whose prominence is a mere statistical
byproduct, or do they spontaneously organize into
stable, domain-invariant coalitions?

To resolve this discrepancy between domain-
specific intuition and observed expert sharing, we
propose COMMITTEEAUDIT, a post-hoc analyti-
cal framework designed to audit the group-level
structural organization of pre-trained MoE models.
Unlike prior works that focus on individual expert
statistics, our framework quantifies the stability and
intersection of expert coalitions across divergent
tasks. We apply this auditing process to three rep-
resentative models (OLMoE (Muennighoff et al.,
2025), Qwen3-30B-A3B (Yang et al., 2025a), and
DeepSeek-V2-Lite (DeepSeek-AI et al., 2024)),
covering both standard routing and architectures
with explicit shared experts.

Guided by this structural perspective, our study
addresses three fundamental questions regarding
the hidden organization of MoE computation: Ex-
istence: Do routed experts naturally self-organize
into stable, domain-invariant groups that dominate
computation, or do they remain specialized by task?
Dynamics: How does this group-level organization
evolve across network depths? Is the centralization
of experts an inevitable emergent property of sparse
routing? Functionality: What functional roles do
these stable groups play? Specifically, does the
model rely on them for general reasoning while
relegating specific knowledge to a fringe of other
experts?

Our contributions answer these questions and
challenge the prevailing view of MoE specializa-
tion:

(1) We provide systematic evidence of a domain-
invariant Standing Committee, a compact expert
coalition that emerges regardless of shared-expert
architectures, revealing a structural bias that chal-
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lenges “fairness-oriented” load balancing.
(2) We introduce a model-agnostic frame-

work, COMMITTEEAUDIT, that utilizes Pareto-
optimal ranking and stability diagnostics to quan-
tify group-level expert organization beyond indi-
vidual activation statistics.

(3) Through qualitative analysis, we uncover
a core-periphery organization where committee
members anchor logical and syntactic structures,
while peripheral experts manage domain-specific
knowledge.

2 Related Works

Expert Specialization and Routing Analysis
MoE models are commonly motivated by a divide-
and-conquer intuition: sparsity arises when to-
kens are routed to domain-specialized experts (Xue
et al., 2024; Jiang et al., 2024; Zoph et al., 2022;
?; Fan et al., 2024). Early multilingual studies
supported this view, reporting experts that prefer-
entially served specific languages (Lepikhin et al.,
2020; Zheng et al., 2024). However, recent anal-
yses of general-purpose LLMs reveal a more nu-
anced picture. Experts often behave polysemously
rather than strictly specializing (Lo et al., 2025),
and routing only weakly aligns with human seman-
tic domains (Olson et al., 2025). Other work shows
that specialization is modulated by context rather
than being an intrinsic property of an expert (Bai
et al., 2025). In parallel, studies on “super experts”
highlight a small set of disproportionately active
experts (Su et al., 2025), shifting attention from
specialization to expert criticality.
Internal Representations and Intrinsic Inter-
pretability A complementary line of work ex-
amines the internal representations of MoE sys-
tems. Evidence suggests that experts contribute
to a shared latent space rather than operating as
isolated modules (Li and Zhou, 2024). To improve
interpretability, architectural interventions have
been proposed, including constraints that encour-
age interpretable expert roles (Yang et al., 2025b)
and routing mechanisms designed to align usage
with higher-level semantic concepts (Swamy et al.,
2024).
From Individual Experts to Collective Structure
Despite these advances, most prior studies analyze
experts as independent computational units, focus-
ing on activation patterns or internal states (Ghan-
deharioun et al., 2024). What remains unclear is
whether experts organize into stable, co-activated

groups that persist across tasks. Our work ad-
dresses this gap by shifting the lens from individual
experts to structured collectives, “standing commit-
tees”, and shows that such committees emerge in a
domain-invariant manner, challenging the conven-
tional assumption of purely domain-specific rout-
ing.

3 COMMITTEEAUDIT

3.1 Preliminaries
Mixture-of-Experts Architecture. Mixture-of-
Experts (MoE) models extend the Transformer by
replacing the feed-forward network with a set of
E parallel experts {Ei}Ei=1 (Shazeer et al., 2017;
Lepikhin et al., 2020; Fedus et al., 2022). For a
token x ∈ Rd at layer ℓ, a gating network produces
a routing vector G(ℓ)(x). Under Top-k routing, the
layer output is the weighted sum of k activated
experts:

y =
∑

i∈Top-k

G(ℓ)(x)iEi(x). (1)

While token-level routing is sparse, aggregating
decisions over a corpus reveals structural regulari-
ties.

Expert Contribution Index (ECI). To quantify
expert importance at the domain task level, we
define the Expert Contribution Index (ECI). Given
a corpus D partitioned into domain tasks T = {τ},
we denote Dτ as the subset for a domain task τ . For
expert i at layer ℓ, the ECI is the expected routing
weight:

c
(ℓ)
i,τ = Ex∈Dτ

[
G(ℓ)(x)i

]
(2)

Unlike activation frequency, ECI preserves the
magnitude of router preference, providing a more
informative signal for ranking. ECI serves as the
building block for analyzing cross-task invariants.

3.2 Framework Description
COMMITTEEAUDIT, as shown in Figure 2, is a
domain-conditioned routing analysis framework
that (i) extracts domain-level routing profiles, (ii)
quantifies inter-domain routing divergence, and (iii)
explores Standing Committees. In high-capacity
MoEs (E ≥ 64), while single experts may oc-
casionally dominate, activation is generally too
distributed for individual-centric analysis. We hy-
pothesize that specialization is expressed through
a structured distribution over a subset of experts,
referred to as a committee.
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Figure 2: Overview of the COMMITTEEAUDIT frame-
work.

Stage I: Task-conditioned routing profiles. Be-
fore constructing committees, we first extract rout-
ing representations from the MoE model. For every
sample x ∈ Dτ and MoE layer ℓ, we run the model
and record the full routing vector G(ℓ)(x) taken at
the last token unless otherwise specified:

G(ℓ)(x) = softmax(z(ℓ)(x)) ∈ ∆E−1, (3)

where ∆E−1 denotes the probability simplex over
E experts, that is ∆E−1 = {p ∈ RE : pi ≥
0,Σipi = 1}.

We use the full routing distribution (rather than
discrete Top-k activations) because it preserves the
complete preference structure over experts.

We then aggregate routing behavior at the
domain-task level. For each expert i, we compute
its ECI c(ℓ)i,τ used Eq (2) and collect all expert con-
tributions into a task-conditioned profile

Ḡℓ,τ = [c
(ℓ)
1,τ , . . . , c

(ℓ)
i,τ , . . . , c

(ℓ)
E,τ ]

⊤, (4)

This profile serves as the building block for both
task-specificity analysis (Stage II) and expert con-
tribution estimation (Stage III).

Stage II: Quantifying task-specificity. We next
assess the degree of routing specialization per do-
main task τ using a silhouette-based score. Stage II
determines whether a task’s routing is sufficiently
distinctive. Let d(·, ·) denote the cosine distance
between routing vectors (as defined in Eq (3)). For
each xi ∈ Dτ , define

ai =
1

|Dτ | − 1

∑

xj∈Dτ

j ̸=i

d
(
G(ℓ)(xi), G

(ℓ)(xj)
)
,

bi = min
τ ′ ̸=τ

1

|Dτ ′ |
∑

xj∈Dτ ′

d
(
G(ℓ)(xi), G

(ℓ)(xj)
)
,

(5)
and compute the sample-level silhouette

si =
bi − ai

max(ai, bi)
∈ [−1, 1]. (6)

The task-specificity score is the mean silhouette:

Sℓ(τ) =
1

|Dτ |
∑

xi∈Dτ

si. (7)

where high Sℓ(τ) indicates that routing vectors
within domain task τ form a compact and clearly
separated cluster. Only tasks with sufficiently high
Sℓ(τ) proceed to Standing Committee construction
in Stage III.

Stage III: Standing Committee exploration.
We finally identify the domain-invariant backbone
for well-structured tasks. Given c

(ℓ)
i,τ computed in

Stage I, which corresponds to the average routing
weight assigned to expert i when processing sam-
ples from domain task τ . Experts are then ranked
within each domain task, and we denote the result-
ing rank by

R(i, τ)(ℓ), (8)

assigning a penalty rank k+1 to experts that do not
appear in the Top-k. Here, k corresponds to the
model’s routing sparsity.

To distinguish experts that are globally useful
from those that are merely task-specific, we mea-
sure how often each expert appears among the Top-
k across domain tasks:

P
(ℓ)
i =

1

|T |
∑

τ∈T
I
(
R(i, τ)(ℓ) ≤ k

)
. (9)

Experts that occur sufficiently frequently form the
set of consensus candidates E :

E(ℓ) =
{
i : P

(ℓ)
i ≥ γ

}
, (10)

where γ controls the threshold for cross-domain
agreement. To ensure committee members are ac-
tive in nearly all observed domain tasks, in this
paper, we use γ > 0.8 to set up our experiment.

For each candidate expert, we further character-
ize stability across domain tasks:

µ
(ℓ)
i = Eτ

[
R(i, τ)(ℓ)

]
,

σ
(ℓ)
i = Varτ

[
R(i, τ)(ℓ)

]
.

(11)

Here, µ(ℓ)
i captures how highly the expert is ranked

on average, while σ
(ℓ)
i quantifies how consistently

it holds that position.
Finally, the Standing Committee at layer ℓ is

defined as the Pareto-optimal set:

C(ℓ) = Pareto
(
{(µ(ℓ)

i , σ
(ℓ)
i )}i∈E(ℓ)

)
, (12)
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Table 2: Aggregation of MMLU subjects into nine do-
main tasks.

Domain Representative Subjects

STEM–Math algebra, geometry, probability, statistics, college/high-school mathemat-
ics

STEM–Physics high-school/college physics, astronomy, conceptual physics
STEM–Chemistry high-school and college chemistry
STEM–BioMed biology, anatomy, genetics, clinical knowledge, virology, nutrition, aging,

medicine
CS–Eng computer science, security, operating systems, ML, electrical engineering
SocSci economics, econometrics, sociology, psychology, political science, pub-

lic relations
Humanities history, philosophy, ethics, religion, art history, world facts
Lang–Ling English, literature, linguistics
Biz–Law business, management, accounting, marketing, law

Table 3: MoE configurations of evaluated models.

Model Experts (E) Top-k Shared Size

DeepSeek-V2-Lite 64 6 2 16B
Qwen3-30B-A3B 128 8 0 30B
OLMoE-1B-7B 64 8 0 7B

This selection favors experts which achieve a
favorable trade-off between high average rank and
low cross-domain variability.

3.3 Experimental Setup

3.3.1 Dataset
We evaluate COMMITTEEAUDIT on the Mas-
sive Multitask Language Understanding (MMLU)
benchmark (Hendrycks et al., 2020), which con-
tains 57 multiple–choice subjects spanning science,
humanities, social science, and professional do-
mains. To study domain-conditioned routing rather
than per-subject idiosyncrasies, we reorganize all
subjects into nine semantically coherent domains
(Table 2). To provide a more comprehensive eval-
uation of our method, we further extend the ex-
perimental benchmark to Colossal Clean Crawled
Corpus (Raffel et al., 2020), with additional dataset
details deferred to Appendix B.

Formally, each subject is mapped to a domain
task τ ∈ T , yielding domain-specific subsets {Dτ}.
All routing analyses in this paper, including task-
specificity and Standing Committee extraction, are
conducted at the domain level.

3.3.2 Model
We evaluate COMMITTEEAUDIT on three represen-
tative MoE language models that differ in expert-
pool size and routing configuration. All models
are used in inference-only mode, and we extract
routing weights from every MoE layer for analysis.

As shown in Table 3, DeepSeek-V2-
Lite (DeepSeek-AI et al., 2024) includes
two shared experts that are always active,
forming a centralized processing path, whereas

Qwen3-30B-A3B (Yang et al., 2025a) and
OLMoE-1B-7B (Muennighoff et al., 2025) rely
purely on routed experts. The variation in (E, k)
and shared-expert usage allows us to probe whether
Standing Committees are an architectural artifact
or a persistent phenomenon across MoE designs
(details are in Appendix A).

3.4 Metrics
3.4.1 Jaccard Similarity (Cross-Domain

Expert Sharing)
To quantify how much different domains reuse the
same experts, we compute the Jaccard similarity
between domain-level Top-k expert sets. For layer
ℓ and domains τ1, τ2, let Eℓ,τ denote the Top-k ex-
perts; then

Jaccardℓ(τ1, τ2) =
|Eℓ,τ1 ∩ Eℓ,τ2 |
|Eℓ,τ1 ∪ Eℓ,τ2 |

. (13)

Values near 0 indicate domain-specific rout-
ing, whereas larger values reflect substantial cross-
domain expert sharing.

3.4.2 Gini Coefficient (Expert Concentration)
To quantify the inequality of expert contributions,
we compute the Gini coefficient over the distri-
bution of the Expert Contribution Index (ECI)
at each layer ℓ. Let c̄(ℓ) = (c̄

(ℓ)
1 , . . . , c̄

(ℓ)
E ) de-

note the global contribution vector, where c̄
(ℓ)
i =

Eτ∈T [c
(ℓ)
i,τ ] represents the average ECI for expert i

across all tasks. The Gini coefficient is defined as:

Gini(c̄(ℓ)) =

∑E
i=1

∑E
j=1 |c̄

(ℓ)
i − c̄

(ℓ)
j |

2E
∑E

i=1 c̄
(ℓ)
i

. (14)

In this context, a Gini coefficient approaching
0 indicates a uniform utilization of experts, where
each expert provides an equal contribution to the
model’s computation. Conversely, a high Gini co-
efficient (approaching 1) signals extreme contri-
bution inequality, where the total routing mass is
monopolized by a small subset of experts, provid-
ing macroscopic evidence for the existence of a
standing committee.

4 Experiment

In this section, we present a series of experiments to
address the three questions introduced in Section 1.
These experiments allow us to determine whether
standing committees actually emerge, how they
evolve across depth, and what functional role they
play in model behavior.
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Table 4: Cross-domain sharing (Jaccard) and expert
concentration (Gini) across models.

Metric Statistic OLMoE DeepSeek-V2-Lite Qwen3-30B-A3B

Jaccard Similarity
Max 1.0000 1.0000 1.0000
Min 0.7963 0.7103 0.5300
Overall 0.8735 0.8670 0.8670

Gini Coefficient
Max 0.9082 0.9360 0.9605
Min 0.8814 0.9092 0.9405
Overall 0.8957 0.9207 0.9465

4.1 Existence and Stability: The “Standing
Committee” Phenomenon

Question 1: Do routed experts converge into stable,
domain-invariant groups?

4.1.1 Jaccard–Gini Analysis of Expert
Sharing and Concentration

Table 4 evaluates the standing-committee hypoth-
esis from two complementary perspectives: (i)
whether the same experts tend to reappear across
domains, and (ii) how unevenly routing mass is
distributed among them. Despite substantial dif-
ferences in expert capacity (E) and routing spar-
sity (k), all three models display high overlap and
concentration, indicating that MoE routing tends
to self-organize into “standing committees” rather
than task-specific specialization.

Membership Stability (Jaccard Similarity).
The Jaccard index captures whether the same ex-
perts repeatedly appear among the top-k routed
set across domains. OLMoE (E = 64, k = 8)
achieves the highest mean overlap (0.8735) and the
strongest minimum stability (0.7963), suggesting
that the model frequently reuses a common subset
of experts. Qwen3 (E = 128, k = 8) shows greater
local variability (Min: 0.5300), yet its high global
average (0.8670) indicates that such deviations oc-
cur on top of a largely stable routing structure rather
than replacing it entirely.

Contribution Concentration (Gini Coefficient).
The Gini coefficient quantifies the inequality of ECI
across the expert population. All models exhibit
extreme values (> 0.88), meaning that a small frac-
tion of experts absorbs most of the routing mass.
Interestingly, concentration correlates with expert
capacity: Qwen3 (E = 128) attains the highest
overall Gini (0.9465). Rather than distributing com-
putation more broadly, larger pools appear to am-
plify the dominance of a compact set of frequently
selected experts.

Figure 3 links these statistics to routing behavior.
In Panel (a), the mean normalized weight assigned

Table 5: An audit of representative Standing Commit-
tees (C) across network phases, showing shallow, mid-
dle, and deep layers for each model. Avg. µ and Avg.
σ2 represent the mean and the variance of ranks of the
committee members across domains. ECI Cov. is the
cumulative contribution, and Ratio indicates the influ-
ence density vs. a uniform baseline.

Model Phase Layer (ℓ) Committee Members (C) |C| Avg. µ ↓ Avg. σ2 ↓ ECI Cov. Ratio (×)

DeepSeek-V2-Lite
Shallow 3 {7, 13, 22, 42} 4 3.36 1.81 66.3% 29.5×
Middle 11 {28, 43, 54} 3 3.15 1.98 60.7% 31.4×
Deep 19 {4, 14, 47, 61} 4 3.11 0.76 70.5% 35.8×

OLMoE
Shallow 2 {30, 58, 63} 3 3.41 2.15 43.9% 15.9×
Middle 8 {13, 45} 2 3.28 0.49 29.7% 13.1×
Deep 16 {17, 52, 60} 3 3.19 1.52 44.0% 16.0×

Qwen3-30B-A3B
Shallow 3 {38, 40, 80, 93} 4 3.61 3.44 54.0% 36.4×
Middle 33 {16, 26, 57, 116, 121} 5 3.82 2.16 67.0% 49.9×
Deep 46 {94, 101, 107} 3 3.15 1.59 50.9% 43.3×

to the routed top-k experts remains both high and
stable across layers. If experts were mainly task-
specialized, different domains would activate dif-
ferent experts, and the variance bands would widen.
Instead, we observe persistent dominance by the
same routed subset, indicating a domain-invariant
backbone. Panels (b–d) arrive at the same con-
clusion from a distributional view: Lorenz curves
show that only a tiny fraction of experts accounts
for most ECI, confirming a strongly centralized
allocation of computation.

Together, the two views support the Standing
Committee hypothesis: MoE models concentrate
routing mass onto a small, persistent core, while
most experts operate only peripherally.

4.1.2 Analyzing the Stability and
Contribution of Standing Committees

Table 5 summarizes representative standing com-
mittees based on the Pareto-optimal set across
depth. Committee members consistently occupy
very high routing positions (Avg. µ ≈ 3.1–3.8)
with low rank variability (σ2 ≤ 3.44). For example,
the middle-layer committee in OLMoE exhibits a
variance of only 0.49, indicating that these experts
remain near the top of the routing hierarchy regard-
less of domain. Rather than transient specialists,
they function as a de-facto backbone that the model
repeatedly relies on. For additional transparency,
Appendix C provides an illustrative expert-level
table showing domain coverage and ECI statistics
for representative DeepSeek-V2-Lite layers. Com-
plete layer-wise MMLU results are provided in
Appendix D, Section D.1, while matched supple-
mentary results on the C4-based evaluation subset
are reported in Appendix D, Section D.2.

Although |C| remains small (2-5) across all mod-
els, these groups capture up to 70.5% of total rout-
ing mass. Importantly, the size of C remains sta-
ble even as capacity increases from E = 64 to

14606



(a) Standing Committee Stability Across Layers.

(b) OLMoE expert concentration. (c) DeepSeek expert concentration. (d) QWen expert concentration.

Figure 3: Evidence of standing committees in MoE models. (a) Layer-wise concentration of top-k experts across
tasks. For each model, the solid line shows the mean normalized weight assigned to the top-k experts at each layer,
and the shaded region denotes one standard deviation. High and stable values indicate a small subset of experts
(“standing committees”) consistently absorbs most routing mass. (b–d) Lorenz curves reveal that only a small subset
of experts accounts for most contributions (other Lorenz curves are shown in Appendix E), showing that these
committees are highly centralized rather than uniformly shared.

E = 128. This suggests that committee-like behav-
ior is not an artifact of a particular architecture, but
an emergent pattern of sparse routing optimization.

4.2 Variation and Sensitivity: Structural
Dynamics

Question 2: How does group structure evolve with
depth, and is centralization inevitable under sparse
routing?

4.2.1 Robustness of Standing Committees
We begin by examining whether routed experts
actually form persistent groups. Figure 4 reports
the Jaccard similarity of top-k expert sets across
domains for each layer. Across all three MoE mod-
els, the similarity remains consistently high (often
≥ 0.85), showing that the same experts are repeat-
edly activated across tasks and depths. Rather than
rotating specialists, the routing network converges
to a shared backbone of experts that is largely in-
variant to both input domain and layer position.

Having established the existence of a persistent
backbone, we next ask how it evolves with depth

Figure 4: Cross-layer stability of routed experts across
models, measured by Jaccard similarity between top-
k expert sets over domains. All three MoE models
maintain high overlap (≥ 0.8 for most layers), showing
that the same experts are repeatedly selected despite
changes in input domain and network depth.

and routing sparsity. Figure 5 analyzes OLMoE
under different routing budgets k.

In Figure 5(a), the Influence Density Ratio re-
mains consistently above 1 across layers and rout-
ing budgets. This shows that, on a per-expert ba-
sis, committee members absorb substantially more
routing mass than non-committee experts. Impor-
tantly, increasing k does not flatten this imbalance.
Instead, additional routing capacity mainly intro-
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(a) Influence Density Ratio across layers and routing
budgets k.

(b) Committee size |C| across layers and routing bud-
gets k.

Figure 5: Dynamics of Standing Committees in OL-
MoE under different routing budgets. We show all 16
layers. (a) The Influence Density Ratio measures the
average per-expert contribution of committee members
relative to that of non-committee experts. Values greater
than 1 indicate that committee members absorb dispro-
portionately more routing mass per expert. Increasing
k does not eliminate this concentration. (b) The size
of the identified committees stays small and changes
only mildly with depth and k, indicating a compact but
persistent core of experts.

duces peripheral experts with relatively low contri-
bution density, while the committee continues to
dominate the allocation of routing mass.

Figure 5(b) shows that the committee size it-
self remains small, typically around 1-4 experts,
and changes only mildly across depth and routing
budgets. Thus, MoE models do not substantially
expand the committee as depth increases or routing
capacity grows; they instead rely on a compact, per-
sistent core whose influence remains structurally
robust across different values of k. Together with
Figure 4, these findings indicate that centralization
is not accidental but an emergent structural prop-
erty of sparse routing.

4.2.2 Top-k Sensitivity Sweep

To probe how sensitive the standing committee
is to the routing budget, we perform a top-k sen-
sitivity sweep on OLMoE. For each setting of
k ∈ {4, 6, 8, 12, 16}, we re-identify the standing
committee based on the Pareto-optimal set and

Figure 6: Top-k sensitivity sweep for OLMoE. We take
the standing committee identified at k = 8 as the ref-
erence core and measure, for each routing budget k,
the fraction of its members that are still present in the
new committee (averaged over layers). The dashed line
marks the k=8 baseline (retention = 1.0).

compute the retention rate with respect to the ref-
erence committee at k=8, i.e., the fraction of k=8
core members that remain in the new committee.

Figure 6 shows that retention peaks at the nomi-
nal configuration k=8 and drops on both sides: it
falls to 0.39 at k=6, 0.17 at k=4, and below 0.3
once k is expanded to 12 or 16. This pattern sug-
gests that the core experts are not an artifact of a
single k choice, but they are also not completely
rigid. When k is too small, the gate is forced to ex-
clude part of the original core; when k is too large,
the gate dilutes its attention and recruits additional
experts, replacing some core members.

Overall, the sweep indicates that sparse routing
induces a centralized committee around k=8, but
that committee can partially reorganize as the rout-
ing budget becomes substantially more aggressive
or more constrained.

4.3 Interaction and Behavior: Functional
Interpretation

Question 3: What roles do stable expert groups
play in reasoning versus domain knowledge?

We illustrate the functional roles of Standing
Committees using a qualitative case study. Figure 7
shows an activation matrix between committee ex-
perts (columns) and functional tokens (rows). A
cell is marked when a token repeatedly activates
an expert in at least three domains. Two consistent
behaviors emerge.

Anchor 1: Logical framing and reasoning con-
trol. Across OLMoE and Qwen3-30B-A3B, ab-
stract reasoning triggers such as Which, What, Sup-
pose, and question marks are routed to the same
subset of committee experts. These tokens define
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(a) OLMoE: functional tokens repeatedly map to a fixed
subset of committee experts.

(b) Qwen3-30B-A3B shows similar convergence despite
larger expert capacity.

Figure 7: Case study of token-level routing. Rows
denote functional tokens and columns denote members
of the Standing Committee. A cell is marked when a
token reliably activates an expert across domains.

the logical scaffolding of the prompt, suggesting
that the committee acts as a reasoning controller.

Anchor 2: Domain-invariant syntactic back-
bone. High-frequency structural tokens, includ-
ing the, a, and in, also converge to overlapping com-
mittee members across domains, indicating that the
committee maintains a stable syntactic layer inde-
pendent of content.

Peripheral specialization. By contrast, domain-
specific terminology rarely stabilizes: chemical
symbols, biomedical identifiers, and financial jar-
gon are distributed across many experts depending
on context. This pattern supports a core-periphery
organization in which the committee anchors rea-
soning and syntax, while peripheral experts are
recruited on demand for specialized knowledge.

Taken together, Standing Committees function
as a domain-invariant control layer, coordinating
logical structure and grammar while delegating do-
main knowledge to peripheral experts.

4.4 Masking-Based Evidence of Functional
Importance

To complement our observational analysis, we con-
duct a masking-based intervention on DeepSeek-

Table 6: Representative masking-based intervention re-
sults on DeepSeek-V2-Lite. For each selected layer, we
suppress the routing weights of the identified Standing
Committee experts, re-normalize the remaining routing
distribution, and evaluate answer outcomes on MMLU.

Phase Mask Layer Correct Wrong No Answer

Baseline None 0.39 0.58 0.03
Shallow 2 0.12 0.52 0.36
Middle 10 0.09 0.55 0.36
Deep 26 0.03 0.59 0.38

V2-Lite to test whether identified Standing Com-
mittee experts are functionally important for an-
swer generation. For each selected layer, we sup-
press the routing weights of the Standing Com-
mittee experts, re-normalize the remaining routing
distribution, and then evaluate answer outcomes
on MMLU. Table 6 reports representative shallow,
middle, and deep layers, while the full results are
provided in Appendix F.

Masking committee experts consistently de-
grades performance. The unmasked baseline
achieves a correct rate of 0.39, which drops to
0.12, 0.09, and 0.03 when masking representa-
tive shallow, middle, and deep committee layers,
respectively. At the same time, the proportion
of No Answer responses rises sharply from 0.03
to 0.36–0.38. These results provide intervention-
based evidence that Standing Committee experts
are not merely statistically frequent routing desti-
nations, but functionally important components of
the model’s computational backbone.

5 Conclusion

This work introduces COMMITTEEAUDIT and
shows that MoE models rely on a domain-invariant
Standing Committee that anchors reasoning and
syntax, while peripheral experts handle domain
knowledge. Our cross-model analysis suggests that
this centralized structure arises from sparse routing
itself rather than from specific architectural choices.
This structural bias also reveals a tension with load-
balancing objectives that encourage uniform expert
usage, motivating function-aware routing and ar-
chitectures that explicitly support a core-periphery
organization of expertise.

Limitations

This work introduces COMMITTEEAUDIT and
reports evidence for a domain-invariant Standing
Committee in Mixture-of-Experts models. How-
ever, several limitations remain.
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First, our analysis covers only a small set of
representative MoE architectures and settings, and
does not span hybrid, hierarchical, or dynamically
adaptive routing designs. Whether similar organi-
zational patterns persist in broader systems remains
an open question.

Second, although we supplement our observa-
tional analysis with masking-based interventions
on representative layers, our study still falls short
of a fully controlled causal analysis. In particular,
we do not systematically compare committee mask-
ing against alternative controls such as random or
frequency-matched non-committee masking across
models and tasks.

Third, our evaluation is centered primarily on
domain-level analyses over MMLU, with supple-
mentary evidence from C4 and intervention-based
experiments. While this reduces subject-level noise
and broadens the empirical picture, it may not fully
capture behavior in conversational, multi-step rea-
soning, coding, or tool-augmented scenarios.

Finally, COMMITTEEAUDIT focuses on rout-
ing statistics rather than training dynamics. Un-
derstanding when and how Standing Committees
emerge during optimization remains an important
direction for future work.

Potential Risks

Potential Positive Impacts. By revealing group-
level routing structure, this work may inform more
transparent and efficient MoE design, support diag-
nosis of routing failures, and encourage principled
interpretability research for sparse models.

Potential Negative Impacts. However, several
risks remain. First, insights into centralized com-
putation could be misinterpreted as evidence of in-
herent safety or robustness, leading to overreliance
in deployment. Second, identifying persistent ex-
pert coalitions may enable adversarial targeting of
critical routing pathways. Third, benchmarks may
become over-optimized toward interpretability met-
rics without improving real-world safety.

These findings should therefore be used as ana-
lytical tools rather than deployment guarantees.
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A Computational Budget and
Infrastructure

All experiments are implemented in Python us-
ing PyTorch and the HuggingFace Transformers
library, and are conducted in inference-only mode.
We evaluate each model on the full MMLU bench-
mark using two NVIDIA A100 (80 GB) GPUs.
OLMoE-1B-7B, DeepSeek-V2-Lite, and Qwen3-
30B-A3B contain approximately 7B, 16B, and 30B
parameters, respectively. The total computational
cost of the routing analyses is about 40 GPU-hours,
including forward passes and the collection of rout-
ing statistics.

B C4 Dataset

To complement the domain-level analysis on
MMLU, we additionally construct a structured eval-
uation subset from C4 (Colossal Clean Crawled
Corpus) (Raffel et al., 2020)for multilingual rout-
ing analysis. While MMLU provides subject an-
notations that can be aggregated into higher-level

Domain Group Representative Languages # Samples Avg. Seq. Len.

European German, Spanish, French, Portuguese 400 402.7
Asian Chinese, Hindi, Japanese 300 402.9
Middle Eastern Arabic 100 467.9
Other English, Russian 200 348.8

Table 7: Aggregation of the C4-based evaluation sub-
set into four language-oriented domain groups. The
subset contains 1,000 samples in total, drawn from 10
language-specific sources with 100 samples per lan-
guage.

semantic domains, C4 does not contain analogous
task labels. We therefore organize the selected C4
subsets by language-oriented groups, yielding four
higher-level domains: European (de, es, fr, pt),
Asian (zh, hi, ja), Middle Eastern (ar), and Other
(en, ru).

This C4-based evaluation set contains 1,000
samples in total, drawn from 10 language-specific
sources, with 100 samples per language. The
resulting domain distribution is moderately imbal-
anced by construction, including 400 European
samples, 300 Asian samples, 100 Middle Eastern
samples, and 200 Other samples. This aggregation
mirrors the design principle of Table 2: rather than
analyzing routing behavior at the level of individ-
ual sources, we group related sources into broader
domains in order to examine domain-conditioned
routing patterns at a more stable level of abstrac-
tion.

We also observe non-trivial variation in input
length across these groups. The average sequence
length ranges from 348.8 in the Other group to
467.9 in the Middle Eastern group, while all groups
contain samples reaching the truncation limit of
512 tokens. These differences make the C4 subset
a useful complement to MMLU, allowing us to
test whether Standing Committee behavior persists
beyond supervised benchmark subjects and extends
to a broader multilingual web corpus.

C Illustrative Expert-Level Statistics for
Committee Selection

To make the committee selection process more
transparent, we provide an illustrative expert-level
view for representative DeepSeek-V2-Lite layers,
as shown in Table 8. For each activated expert,
we report its domain coverage, mean ECI, standard
deviation of ECI, and an auxiliary stability score de-
fined as the product of domain coverage and mean
ECI. This score is introduced only for interpretive
presentation, to provide a more tangible view of
how highly covered and high-contribution experts
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differ from weaker candidates. It is not part of the
formal committee selection criterion. The formal
method remains exactly as defined in Section 3.2:
experts must first satisfy the cross-domain agree-
ment threshold γ > 0.8, and committee members
are then determined based on the Pareto-optimal
set of rank statistics.

The table also clarifies an important point: do-
main coverage alone is not sufficient for committee
membership. Some experts are activated in all or
nearly all domains, but their mean ECI remains
substantially lower than that of the final commit-
tee members. As a result, they do not belong to
the committee, even though they are broadly ac-
tive. This provides a more direct illustration that
Standing Committees are not defined by activation
frequency alone, but by stable and substantial con-
tribution across domains.

D Standing Committees across all layers

D.1 MMLU Dataset Results

Full-layer analysis of standing committees. To
move beyond representative snapshots, we perform
a layer-by-layer audit of all identified standing
committees in OLMoE, DeepSeek-V2-Lite, and
Qwen3-30B-A3B, as shown in Table 9, 10, and 11.
The resulting tables reveal a consistent organiza-
tional pattern that is obscured when only a few
layers are examined. Across models, standing com-
mittees emerge early, consolidate in the middle
layers, and persist into the deepest layers, while
their composition changes only gradually.

Small, persistent coalitions. Despite large ex-
pert pools, the size of each committee remains
compact: typically |C| ∈ [1, 4] for OLMoE and
DeepSeek-V2-Lite, and occasionally up to five
members in Qwen. Increasing expert capacity does
not diversify routing. Instead, optimization repeat-
edly converges onto a small coalition of experts
that are selected across domains and prompts. This
suggests that sparse routing does not primarily allo-
cate experts by domain; rather, it reinforces a stable
computational core.

Early centralization. A striking finding is that
centralization appears already in shallow layers.
Even in the first few layers, standing committees
capture a non-trivial proportion of routing mass
(often 20–40%). This indicates that MoE models
commit to shared processing pathways almost im-
mediately, likely encoding high-frequency patterns

such as token normalization, shallow syntactic cues,
and generic lexical regularities. Contrary to the in-
tuition that specialization gradually emerges with
depth, the router begins consolidating computation
from the outset.

Middle-layer consolidation. The middle layers
display the clearest standing-committee behavior.
Committees often grow slightly larger while their
rank variance decreases, and their cumulative con-
tribution increases sharply (frequently exceeding
50–65% in DeepSeek-V2-Lite and Qwen). These
layers appear to implement domain-agnostic ab-
stractions, reasoning templates, discourse structure,
and general semantic scaffolding, that are shared
across inputs. The router does not allocate different
domains to distinct experts; instead, it repeatedly
routes through the same committee.

Deep-layer bottlenecks. In deep layers, both
DeepSeek-V2-Lite and Qwen exhibit strong bottle-
neck effects: a small committee controls 50–70%
of routing mass, often with high influence density.
Rather than distributing final computation across di-
verse experts, the network funnels decision-making
through a narrow coalition. This pattern challenges
the traditional “divide-and-conquer” view of MoE
systems, suggesting that final reasoning is central-
ized rather than decomposed.

Architectural variability, consistent behavior.
Although OLMoE shows weaker committees than
Qwen and DeepSeek-V2-Lite, the qualitative trend
is remarkably stable across architectures. Even
with different routing designs and training recipes,
all three models converge toward small, domain-
invariant committees that repeatedly dominate com-
putation. Taken together, these findings indicate
that standing committees are not an artifact of any
particular implementation. Instead, they appear to
be an emergent consequence of sparse routing opti-
mization, reflecting a strong inductive bias toward
centralization in modern MoE language models.

D.2 C4 Dataset Results

Matched layer-wise analysis on free-form web
text. Based on the C4-based domain construc-
tion described in Appendix B, we further conduct
a matched supplementary analysis to test whether
the Standing Committee phenomenon depends on
the multiple-choice structure of MMLU. Specifi-
cally, we apply the same committee-identification
procedure to the C4-based evaluation subset using
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Table 8: Illustrative expert-level statistics for committee selection in representative DeepSeek-V2-Lite layers.
Domain Coverage is measured out of the nine aggregated MMLU domains. The Stability Score is an auxiliary
presentation-only quantity defined as Domain Coverage × Mean ECI, and is included only to improve interpretabil-
ity; it is not part of the formal committee selection rule.

Layer Phase Activated Expert Domain Coverage Mean ECI Std ECI Stability Score Committee

3 Shallow 7 9 0.8832 0.03 7.9488 Y
3 Shallow 13 9 0.8253 0.02 7.4277 Y
3 Shallow 22 9 0.8043 0.03 7.2387 Y
3 Shallow 42 9 0.7825 0.02 7.0425 Y
3 Shallow 1 9 0.5310 0.01 4.7790 N
3 Shallow 9 9 0.4928 0.02 4.4352 N

11 Middle 28 9 0.9259 0.03 8.3331 Y
11 Middle 43 9 0.9215 0.01 8.2935 Y
11 Middle 54 9 0.9005 0.02 8.1045 Y
11 Middle 47 7 0.8642 0.05 6.0494 N
11 Middle 16 6 0.6329 0.09 3.7974 N
11 Middle 62 5 0.5903 0.04 2.9515 N
11 Middle 35 3 0.3178 0.04 0.9534 N
11 Middle 8 3 0.2721 0.02 0.8163 N
11 Middle 1 1 0.1919 0.00 0.1919 N

19 Deep 4 9 0.9386 0.03 8.4474 Y
19 Deep 14 9 0.9298 0.03 8.3682 Y
19 Deep 17 9 0.9055 0.04 8.1495 Y
19 Deep 61 9 0.9013 0.02 8.1117 Y
19 Deep 53 9 0.7524 0.02 6.7716 N
19 Deep 12 7 0.3111 0.04 2.1777 N
19 Deep 32 3 0.1767 0.04 0.5301 N

Table 9: Comprehensive audit of Standing Committees
for OLMoE.

Layer (ℓ) Committee Members (C) |C| Avg. µ ↓ Avg. σ2 ↓ ECI Cov. Ratio (×)

1 49 1 1.00 0.00 21.5% 17.25
2 58, 63, 30 3 3.41 2.15 43.9% 15.94
3 60, 14 2 3.17 1.17 30.9% 13.84
4 9, 56 2 1.67 0.33 34.4% 16.24
5 27 1 3.11 0.99 14.5% 10.68
6 53 1 1.78 1.06 16.3% 12.27
7 1 1 1.89 0.54 16.4% 12.38
8 13, 45 2 3.28 0.49 29.7% 13.10
9 27 1 1.33 0.22 17.3% 13.15
10 8, 12 2 3.78 0.49 28.3% 12.27
11 30, 6 2 4.28 1.05 26.8% 11.35
12 33 1 2.00 2.00 17.1% 12.96
13 30, 55 2 2.50 1.95 30.6% 13.69
14 46, 4 2 2.22 0.73 31.3% 14.14
15 1 1 1.78 0.62 16.9% 12.78
16 60, 52, 17 3 3.19 1.52 44.0% 15.99

the identical DeepSeek-V2-Lite configuration as in
the main experiments. We keep the routing sparsity
fixed at k = 6 and exclude shared experts from
committee construction, so that the analysis iso-
lates the effect of input distribution while holding
the routing protocol constant. Due to space con-
straints, we report representative shallow, middle,
and deep layers rather than the full layer-wise C4
results.

Compact committees persist beyond MMLU.
The resulting pattern remains consistent with our
main findings on MMLU. Across the reported rep-
resentative layers, the identified committees re-
main compact, typically containing only 1–4 ex-
perts. This indicates that the emergence of a small
dominant expert coalition is not specific to subject-

Table 10: Comprehensive audit of Standing Committees
for DeepSeek-V2-Lite.

Layer (ℓ) Committee Members (C) |C| Avg. µ ↓ Avg. σ2 ↓ ECI Cov. Ratio (×)

1 25, 57 2 3.33 0.58 34.8% 16.58
2 19, 51, 46 3 3.00 1.98 52.0% 22.02
3 42, 7, 13, 22 4 3.36 1.81 66.3% 29.46
4 25, 59, 13 3 2.44 1.72 57.3% 27.25
5 38 1 1.22 0.17 22.0% 17.74
6 35, 46 2 3.83 1.00 31.5% 14.25
7 50, 17 2 3.33 0.33 34.5% 16.36
8 45, 46 2 2.33 1.51 37.9% 18.88
9 38, 46, 41 3 2.70 1.43 56.7% 26.66
10 60 1 1.22 0.40 23.6% 19.41
11 54, 43, 28 3 2.59 0.35 60.7% 31.36
12 30 1 1.33 0.44 21.9% 17.63
13 29, 6 2 2.39 0.46 40.6% 21.17
14 5, 28, 33 3 2.37 1.43 58.7% 28.93
15 8, 6, 0 3 3.04 1.22 56.1% 26.00
16 24 1 1.33 0.22 20.4% 16.18
17 40, 25, 31 3 3.89 0.91 44.3% 16.18
18 51, 46, 53, 0 4 3.67 0.65 65.5% 28.43
19 61, 14, 47, 4 4 3.11 0.76 70.5% 35.78
20 44, 7 2 3.33 0.47 34.3% 16.17
21 48 1 1.67 0.67 22.1% 17.85
22 40, 21 2 3.33 1.32 35.4% 17.00
23 23, 6, 38 3 3.30 0.58 52.1% 22.14
24 60, 61 2 2.00 1.06 42.7% 23.08
25 44, 1 2 1.83 0.32 46.3% 26.74
26 36, 56 2 3.17 0.56 34.6% 16.41

structured benchmark inputs, but also appears un-
der free-form web-text inputs drawn from C4.

Substantial routing coverage under free-form
inputs. Although the committees are small, they
still capture a substantial fraction of routing mass.
In the reported layers, committee coverage ranges
from 12.43% to 66.32%, with several middle and
deep layers exceeding 30% and the strongest layers
surpassing 50%. In particular, Layer 0 reaches
66.32% coverage, while Layer 24 reaches 62.81%,
showing that centralized routing persists even when
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Table 11: Comprehensive audit of Standing Committees
for Qwen3-30B-A3B.

Layer (ℓ) Committee Members (C) |C| Avg. µ ↓ Avg. σ2 ↓ ECI Cov. Ratio (×)

1 114 1 2.56 0.91 14.9% 22.26
2 119 1 2.78 2.17 14.4% 21.40
3 40, 93, 80, 38 4 3.61 3.44 54.0% 36.43
4 34, 120, 84 3 3.63 3.78 40.2% 28.02
5 104, 63, 81 3 3.22 2.49 43.6% 32.16
6 68, 1, 37, 66 4 4.25 2.95 52.6% 34.39
7 56, 71, 78 3 3.37 4.05 41.9% 30.03
8 112, 101 2 3.67 0.77 27.1% 23.36
9 26 1 1.33 0.44 17.6% 27.20
10 114, 84 2 4.39 0.68 26.7% 22.96
11 98, 53, 112 3 4.19 1.28 40.1% 27.89
12 60, 125, 7 3 3.15 1.98 43.3% 31.83
13 65, 78, 56 3 3.59 1.67 43.2% 31.64
14 122 1 1.78 0.62 17.1% 26.25
15 20, 90, 17 3 4.04 3.21 38.9% 26.47
16 116 1 3.33 1.33 20.6% 24.64
17 70, 34, 83 3 3.48 1.74 39.4% 27.05
18 61, 31, 77 3 3.59 2.44 46.7% 32.06
19 6, 105, 21 3 3.04 1.54 41.2% 30.50
20 121, 92, 17 3 3.89 1.83 42.1% 28.01
21 93, 106, 63 3 3.59 2.65 41.9% 27.91
22 99, 106 2 2.39 1.21 27.7% 25.04
23 37, 44, 65 3 3.78 2.71 39.2% 27.69
24 121, 86, 36 3 3.63 2.46 42.4% 29.03
25 52, 35, 24 3 3.22 2.27 39.7% 27.28
26 113, 109, 33 3 3.81 2.13 44.5% 31.03
27 31, 123 2 2.78 1.38 28.4% 24.77
28 78, 73, 62 3 3.78 2.61 41.3% 28.77
29 17, 47, 49 3 3.74 1.87 39.4% 27.54
30 116, 65, 40 3 3.81 2.24 41.7% 28.96
31 57, 24, 92 3 3.56 2.32 41.1% 29.18
32 83, 9, 32 3 3.63 2.49 43.6% 30.14
33 57, 121, 16, 26, 116 5 3.82 2.16 67.0% 49.88
34 9, 96, 110, 64 4 3.86 2.83 54.0% 36.40
35 105, 56 2 3.11 1.53 29.0% 25.75
36 63, 23 2 3.00 2.99 28.7% 25.35
37 96 1 2.33 0.89 14.7% 21.84
38 0 1 1.11 0.10 17.2% 26.40
39 20, 48, 86 3 4.15 1.96 40.0% 27.80
40 85, 49 2 2.33 1.32 30.9% 28.16
41 81, 17, 87 3 4.30 1.07 38.9% 26.51
42 55, 21 2 2.17 2.14 30.6% 27.80
43 31, 6, 56 3 3.74 2.46 41.8% 29.91
44 71, 31 2 3.33 0.84 29.6% 26.53
45 90 1 2.11 0.54 16.1% 24.40
46 107, 94, 101 3 3.15 1.59 50.9% 43.26
47 38, 34 2 2.39 1.21 36.8% 36.65
48 101 1 2.89 0.99 14.2% 20.99

the input format differs substantially from MMLU.

High influence density and persistent centraliza-
tion. We also observe consistently high influence
density across layers. The ratio between the aver-
age contribution of committee members and that
of non-members ranges from 13.48× to 45.22×.
This means that even when more experts remain
nominally available, the effective routing mass is
still disproportionately absorbed by a very small
committee. The strongest concentration appears in
deeper layers, where the ratio exceeds 40×, further
supporting the view that sparse routing naturally
converges toward a centralized computational core.

Implications for robustness across datasets.
Taken together, these results suggest that the Stand-
ing Committee phenomenon is not an artifact of
MMLU’s multiple-choice format. Instead, it per-
sists under a qualitatively different input distri-
bution based on free-form web text. This cross-
dataset consistency strengthens our central claim
that Standing Committees reflect a general struc-
tural tendency of sparse MoE routing, rather than a
benchmark-specific effect.

Table 12: Representative Standing Committees on the
C4-based evaluation subset using DeepSeek-V2-Lite un-
der the same routing configuration as in the main exper-
iments. We report representative shallow, middle, and
deep layers rather than the full layer-wise results. The
committees remain compact while capturing substan-
tial routing mass, showing that the Standing Committee
phenomenon persists beyond MMLU’s multiple-choice
format.

Layer (ℓ) Committee Members (C) |C| Avg. µ ↓ Avg. σ2 ↓ ECI Cov. Ratio (×)

1 4, 49, 50, 25 4 2.41 0.55 66.32% 13.78
2 0 1 1.25 0.86 12.43% 18.94
8 32, 6 2 2.75 0.62 35.59% 27.13
9 45, 41 2 2.50 1.19 33.78% 25.81
10 60 1 2.25 1.66 17.62% 13.48
11 16 1 2.00 0.00 16.74% 22.67
19 22, 6, 25, 4 4 3.31 1.64 52.92% 27.36
20 6, 44 2 4.62 1.34 21.50% 18.49
21 56 1 2.50 2.23 22.00% 18.59
22 11, 2 2 3.12 5.22 30.56% 43.64
23 22, 38 2 3.88 4.72 27.13% 31.54
24 48, 61 2 2.12 2.72 38.05% 32.09
25 39, 25, 5 3 3.75 5.06 62.81% 45.22
26 56 1 1.25 0.19 19.92% 15.67

E Contribution Concentration Analysis

E.1 Lorenz Curve for OLMoE Model

The Lorenz curves for OLMoE, as shown in Fig-
ure 8, reveal a similarly concentrated contribution
pattern, despite its smaller scale and more conserva-
tive routing design. Across layers, the curves bend
sharply away from the equality baseline, with Gini
coefficients consistently around 0.88–0.90. This in-
dicates that only a small subset of experts receives
the majority of effective routing mass. Even when
the nominal expert pool is relatively modest, the al-
location of computation remains far from uniform.

Layer-wise inspection shows that this concen-
tration is remarkably stable. Early layers, middle
layers, and deep layers all display nearly identical
Lorenz profiles, suggesting that specialization does
not gradually diversify as representations become
more abstract. Instead, OLMoE repeatedly falls
back on the same compact subset of experts, while
the remaining experts contribute minimally.

Interestingly, the fraction of “used” experts typi-
cally lies between 12% and 20%, even though the
router is free to assign mass more broadly. This
implies that sparsity is driven less by necessity and
more by the optimization dynamics of the gating
network. Rather than distributing computation in
a balanced way, the router converges toward a per-
sistent core of high-traffic experts that dominate
inference across inputs.

Taken together, the Lorenz curves demonstrate
that contribution inequality is not merely a byprod-
uct of model scale. Even in OLMoE, contribution
is highly centralized, reinforcing the broader Stand-
ing Committee pattern: most experts exist on the
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periphery, while a small, repeatedly selected core
absorbs the majority of computational responsibil-
ity.

E.2 Lorenz Curve for DeepSeek-V2-Lite
Model

DeepSeek-V2-Lite exhibits an even sharper form
of contribution concentration, as shown in Figure 9.
Across layers, the Lorenz curves bend aggressively
toward the lower-right corner, with Gini coeffi-
cients consistently around 0.91–0.92. This indi-
cates that routing mass is dominated by a very
small subset of experts. In several layers, fewer
than 15% of experts account for nearly all effective
contributions, while the remaining experts receive
negligible traffic.

Unlike what one might expect from a lightweight
architecture optimized for efficiency, the inequality
pattern does not relax as depth increases. Early,
middle, and late layers display almost indistin-
guishable Lorenz shapes. The router repeatedly
converges to the same compact set of high-traffic
experts, rather than distributing load adaptively as
representations evolve.

A notable pattern is the oscillation in the pro-
portion of “used” experts. Some layers activate
roughly 20% of the pool, while others rely on as
little as 9%. However, even in layers with broader
activation, the cumulative share of contribution
remains steeply skewed. This suggests that the
increase in participation does not meaningfully
change who dominates, but merely introduces addi-
tional peripheral experts who play marginal roles.

Taken together, these curves reinforce the central
observation: contribution concentration is not mit-
igated by architectural simplification. DeepSeek-
V2-Lite still organizes computation around a small,
persistent Standing Committee, while most experts
remain structurally available but functionally un-
derutilized.

E.3 Lorenz Curve for Qwen3 Model

As shown in Figure 10, Qwen-30B-A3B shows one
of the strongest forms of contribution inequality
across all models we study. The Lorenz curves are
almost vertical near the right edge, yielding Gini co-
efficients around 0.94 across layers. This indicates
that routing mass is funneled into an extremely
small subset of experts. In several layers, fewer
than 10% of experts account for nearly all effective
contribution, leaving the majority effectively idle.

The pattern is also highly consistent across depth.
Early layers, mid-depth layers, and late layers ex-
hibit nearly identical Lorenz profiles, suggesting
that the model does not gradually diversify expert
usage as representations become more abstract. In-
stead, the router repeatedly returns to the same
high-traffic subset, which acts as a default compu-
tational pathway for most inputs.

A striking observation is that the proportion of
“active” experts fluctuates between 6% and 12%,
yet the inequality curve barely changes. Even when
more experts are nominally activated, the cumula-
tive contribution remains concentrated in a tiny
elite group. Additional experts merely contribute
marginal amounts, without altering the dominance
structure.

These results indicate that contribution central-
ization intensifies as model capacity increases. In
Qwen-30B-A3B, a large pool of experts does not
translate into broader participation. Rather, the gat-
ing dynamics amplify the emergence of a persistent
Standing Committee, while most experts remain
structurally available but functionally peripheral.

E.4 Cross-Model Synthesis.
Across architectures of very different sizes and
routing designs, we observe a consistent pattern
of extreme contribution concentration. OLMoE,
DeepSeek-V2-Lite, and Qwen-30B-A3B all dis-
play Lorenz curves that deviate sharply from the
equality baseline, with Gini coefficients typically
above 0.88 and often exceeding 0.94. In every case,
only a small fraction of experts accounts for the
vast majority of effective routing mass, while the
remaining experts make negligible contributions.

Importantly, this phenomenon persists across
depth. Early layers, middle layers, and late layers
show nearly identical inequality profiles, indicat-
ing that expert participation does not broaden as
representations become more abstract. Instead, the
gating networks repeatedly allocate computation to
a compact, stable subset of experts that serve as de-
fault processing routes, regardless of layer position
or domain.

At the same time, fluctuations in the proportion
of “used” experts do not materially change this dis-
tribution. Even when more experts are nominally
activated, the cumulative contribution remains dom-
inated by the same small core. Additional experts
tend to act as low-impact auxiliaries rather than
genuine participants in computation.

Taken together, these results suggest that con-
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(a) Layer 0 (b) Layer 1 (c) Layer 2

(d) Layer 7 (e) Layer 8 (f) Layer 9

(g) Layer 13 (h) Layer 14 (i) Layer 15

Figure 8: Expert Lorenz Curves across layers for OLMoE model.

tribution concentration is not merely an artifact
of scale, architecture, or routing hyperparameters.
Rather, it reflects a robust inductive tendency of
sparse MoE optimization. The models converge
toward a Standing Committee structure, in which a
persistent core of experts monopolizes computation
while most experts operate peripherally.

F Full Masking-Based Intervention
Results

To further examine the functional importance
of Standing Committee experts, we conduct a
masking-based intervention on DeepSeek-V2-Lite.
For each selected layer, we suppress the routing
weights of the identified Standing Committee ex-
perts, re-normalize the remaining routing distri-
bution, and then evaluate answer outcomes on
MMLU. While the main text reports representa-
tive shallow, middle, and deep layers, Table 13
provides the complete set of evaluated layers.

The full results reveal a consistent degradation
pattern across depth. Relative to the unmasked
baseline, masking committee experts sharply re-
duces the correct answer rate and substantially in-
creases the proportion of No Answer responses.
The effect becomes especially severe in deeper lay-

Table 13: Full masking-based intervention results on
DeepSeek-V2-Lite. For each selected layer, we suppress
the routing weights of the identified Standing Commit-
tee experts, re-normalize the remaining routing distri-
bution, and evaluate answer outcomes on MMLU. The
unmasked baseline is shown in the first row. Represen-
tative shallow, middle, and deep results are reported in
the main text.

Phase Mask Layer Correct Wrong No Answer

Baseline None 0.39 0.58 0.03

Shallow 1 0.19 0.46 0.35
Shallow 2 0.12 0.52 0.36
Shallow 3 0.17 0.50 0.33

Middle 9 0.11 0.53 0.36
Middle 10 0.09 0.55 0.36
Middle 11 0.10 0.54 0.36

Deep 19 0.07 0.56 0.37
Deep 20 0.06 0.57 0.37
Deep 21 0.05 0.58 0.37
Deep 25 0.04 0.58 0.38
Deep 26 0.03 0.59 0.38

ers, where correct responses nearly collapse.
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(a) Layer 0 (b) Layer 3 (c) Layer 6

(d) Layer 9 (e) Layer 12 (f) Layer 15

(g) Layer 18 (h) Layer 21 (i) Layer 24

Figure 9: Expert Lorenz Curves across layers for DeekSeek-V2-Lite model.

(a) Layer 0 (b) Layer 9 (c) Layer 17

(d) Layer 18 (e) Layer 27 (f) Layer 35

(g) Layer 36 (h) Layer 43 (i) Layer 47

Figure 10: Expert Lorenz Curves across layers for QWen3-30B-A3B model.
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