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What is Atomic Expert in MoEs
• Motivation: Expert pruning requires more flexible granularity to avoid accuracy
loss from dropping whole experts.

• Definition: An atomic expert is the smallest indivisible unit within an expert..

• Construction: Formed by grouping the j-th hidden dimension across Wgate, Wup, and
Wdown.
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How to Measure Atomic Expert Importance?

• Ideal Framework: Optimal Brain Surgeon (OBS) Approach

∆ℓ = ℓ(θ + δθ)− ℓ(θ) = ∇ℓ(θ)⊤δθ +
1

2
δθ⊤Hδθ + O(∥δθ∥3), (1)

min
δθq

1
2δθ

⊤Hδθ, s.t. δθq + θq = 0, (2)

• The Computational Bottleneck: Expert-level Hessian (H) requires
O((3dmodel · dinter)2) space complexity.

Li et al. HEAPr: Hessian-based Efficient Atomic Expert Pruning in Output Space March 14, 2026 3 / 11



Step 1: Atomic Expert Independence

The atomic expert is independent.

Atomic experts are independent, implying the cross-Hessians vanish:

Hij =
∂2E (x)

∂Θ(i) ∂Θ(j)
=

∂2e(i)(x)

∂Θ(i) ∂Θ(j)
= 0, ∀i ̸= j (3)

Loss Change The global loss change ∆ℓ
decomposes into a sum of local changes:

∆ℓ ≈ 1

2

dinter∑
i=1

(δΘ(i))TH(i)δΘ(i) (4)

Space Complexity Reduction

• Before: O
(
(3dmodel · dinter)2

)
• After: O

(
(3dmodel)

2 · dinter
)
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Step 2: Shifting to Output Space Optimization
• Equivalent Form of Pruning Parameters:

eP(x; ΘP + δΘP) ≈ eP(x; ΘP) + JPδΘP = 0, (5)

• Optimization:

min
δΘP

1

2

dinter∑
i=1

(δΘ(i))TH(i)δΘ(i) s.t. JP δΘP + eP = 0. (6)

• Fisher Information & Chain Rule:

E[H] = F = E
[
(∇Θℓ)(∇Θℓ)

T
]

and ∇ΘP ℓ = J⊤P gP

• Output Space Importance Metric:

s ≈ Ex∼D

[
1

2
e⊤PE[gPg⊤

P ]eP

]
(7)
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Step 2: Shifting to Output Space Optimization

Shared Gradient Covariance (within one expert).

All atomic experts within the same expert share the identical output gradient:

∂ℓ

∂e(i)(x)
=

∂ℓ

∂E (x)
, ∀i ∈ {1, . . . , dinter}, e(i) ∈ E . (8)

Global Ranking Rank globally by
s = Ex∼D

[
1
2 e

⊤
P E[gPg⊤P ] eP

]
and prune

bottom r%

Space Complexity Reduction

• Before: O
(
(3dmodel · dinter)2

)
• After Step 1: O

(
(3dmodel)

2 · dinter
)

• After Step 2: O(d2
model)
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HEAPr Algorithm
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Performance
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More Result
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Future Work

• Hessian-based Parameter Compensation: Beyond atomic expert pruning, future will
focus on implementing efficient, training-free parameter updates within the OBS
framework.

Li et al. HEAPr: Hessian-based Efficient Atomic Expert Pruning in Output Space March 14, 2026 10 / 11



Thank you
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