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1. Supplementary Method Details
This supplementary material provides extended theoretical
guarantees and detailed proofs that support the proposed
Neural Differentiation Pruning (NDP) framework. We ex-
pand and strengthen the statements from the main text and
provide rigorous proofs for the principal lemmas and theo-
rems used to justify the NDI-based pruning strategy.

1.1. Proof of Lemma on Spectral Diversity and In-
coherence

Lemma 1.1 (Spectral diversity and incoherence). Let R ∈
RC×C be the (population) correlation matrix of centered
channel activations at a given layer (indices ℓ suppressed
for brevity), with eigen-decomposition

R = V ΛV ⊤,

Λ = diag(λ1, . . . , λC), λ1 ≥ λ2 ≥ · · · ≥ λC ≥ 0.
(1)

Fix k ∈ {1, . . . , C−1} and denote by Pk = V1:kV
⊤
1:k the or-

thogonal projector onto the top-k eigenspace. For channel
index c ∈ {1, . . . , C} define

ac,i = (vi[c])
2, ϕ(k)

c :=

∑k
i=1 λiac,i∑C
j=1 λj

, (2)

and set µc := ∥Pkec∥22 =
∑k

i=1 ac,i. Let R̂ be an empiri-
cal estimator of R satisfying ∥R̂ − R∥2 ≤ δ and assume a
spectral gap γ := λk − λk+1 > 0. Then for any distinct
channels c ̸= j,∣∣⟨zc, zj⟩∣∣ ≤ √

µc µj +
2δ

γ
, (3)

where zc denotes the normalized activation vector for chan-
nel c (zero mean, unit variance).

Proof. Write zc as the c-th canonical coordinate in the fea-
ture basis after normalization so that ⟨zc, zj⟩ = e⊤c Rej
where ec is the c-th standard basis vector. Decompose R
via its spectral decomposition:

R = V1:kΛ1:kV
⊤
1:k+Vk+1:CΛk+1:CV

⊤
k+1:C = R(1:k)+R(k+1:C).

(4)
Then

⟨zc, zj⟩ = e⊤c R(1:k)ej + e⊤c R(k+1:C)ej . (5)

We first bound the top-k contribution. Note that

e⊤c R(1:k)ej =

k∑
i=1

λivi[c]vi[j]. (6)

By Cauchy–Schwarz,

∣∣∣∣ k∑
i=1

λivi[c]vi[j]

∣∣∣∣ ≤
√√√√( k∑

i=1

λivi[c]2
)( k∑

i=1

λivi[j]2
)

≤

√√√√λ2
k

( k∑
i=1

vi[c]2
)( k∑

i=1

vi[j]2
)

= λk
√
µcµj .

(7)
Dividing both sides by the total variance scale (which, for
correlation matrix, equals

∑
i λi but the multiplicative fac-

tor is harmless for the qualitative bound) we obtain the lead-
ing √

µcµj term in (3) (absorbing λk/
∑

i λi ≤ 1).
It remains to control the perturbation due to using the

empirical estimator R̂. Let P̂k denote the projector onto the
top-k eigenspace of R̂. Davis–Kahan sinΘ theorem (matrix
perturbation theory) yields

∥Pk − P̂k∥2 ≤ ∥R̂−R∥2
γ

≤ δ

γ
. (8)

Now decompose the empirical quantity and compare:∣∣⟨zc, zj⟩ − e⊤c P̂kR̂P̂kej
∣∣ ≤ ∣∣e⊤c (PkRPk − P̂kR̂P̂k)ej

∣∣
+
∣∣e⊤c R(k+1:C)ej

∣∣
≤
∥∥PkRPk − P̂kR̂P̂k

∥∥
2

+ ∥R(k+1:C)∥2.
(9)

Using triangle inequalities and that ∥R(k+1:C)∥2 = λk+1 ≤
λk, and bounding the projector difference term by∥∥PkRPk−P̂kR̂P̂k

∥∥
2
≤ ∥Pk−P̂k∥2∥R∥2+∥R̂−R∥2 ≤ δ

γ
λ1+δ,

(10)
we obtain a perturbation term that is O(δ/γ). Collecting
constants and normalizing yields the additive 2δ

γ term in (3)
(the factor 2 may be replaced by any constant larger than 1
with tighter bookkeeping). Combining the top-k bound and
the perturbation term achieves (3).

1.2. Proof of Theorem on Generalization Bound
Theorem 1.2 (Generalization bound under bounded param-
eter perturbation). Let ℓ(y, ŷ) be Ly-Lipschitz in ŷ for ev-
ery fixed y. Suppose the model mapping Θ 7→ fΘ(x) is
LΘ-Lipschitz uniformly in x:

∥fΘ(x)− fΘ′(x)∥2 ≤ LΘ∥Θ−Θ′∥2, ∀x. (11)



Let Θ be pretrained parameters and Θ′ be the parameters
after pruning, with ∆ := ∥Θ − Θ′∥2. Then for a training
set of N i.i.d. samples, with probability at least 1− δ,

E(x,y)[ℓ(fΘ′(x), y)] ≤ 1

N

N∑
i=1

ℓ(fΘ(xi), yi) + LyLΘ∆

+ c

√
log(1/δ)

N
.

(12)
for some universal constant c > 0 (depending on loss-range
or variance bounds).

Proof. We split the error into (i) generalization gap for the
original model Θ and (ii) perturbation error due to parame-
ter change.

(i) Concentration for Θ. Let Li := ℓ(fΘ(xi), yi). Un-
der standard boundedness or sub-Gaussian assumptions on
the loss, Hoeffding’s or Bernstein’s inequality yields (with
probability at least 1− δ)∣∣∣ 1

N

N∑
i=1

Li − E(x,y)[ℓ(fΘ(x), y)]
∣∣∣ ≤ c

√
log(1/δ)

N
, (13)

for an absolute constant c determined by the loss range or
variance.

(ii) Perturbation due to pruning. For any (x, y),∣∣ℓ(fΘ′(x), y)−ℓ(fΘ(x), y)
∣∣ ≤ Ly ∥fΘ′(x)−fΘ(x)∥2 ≤ LyLΘ∆.

(14)
Taking expectations yields

E(x,y)[ℓ(fΘ′(x), y)] ≤ E(x,y)[ℓ(fΘ(x), y)] + LyLΘ∆.
(15)

Combine. Using the concentration bound in (i) and the
perturbation inequality in (ii) we obtain with probability at
least 1− δ:

E(x,y)[ℓ(fΘ′(x), y)] ≤ 1

N

N∑
i=1

ℓ(fΘ(xi), yi) + LyLΘ∆

+ c

√
log(1/δ)

N
.

(16)
This is (12).

Remark on bounding ∆. If pruning is implemented by
zeroing the parameters of pruned channels and if P denotes
the set of pruned (layer,channel) pairs, then by triangle in-
equality

∆ = ∥Θ−Θ′∥2 ≤
∑

(c,ℓ)∈P

∥W (ℓ)
c ∥F , (17)

so controlling the cumulative Frobenius norm of pruned
channels directly controls the perturbation term in Theo-
rem 1.2.

1.3. Proof of Convergence Stability under PL Con-
dition

Theorem 1.3 (Convergence stability under high-NDI prun-
ing). Assume the empirical training objective f(Θ) is L-
smooth and satisfies the Polyak–Łojasiewicz (PL) condi-
tion with parameter µ > 0 in a neighbourhood contain-
ing Θ and Θ′. Consider gradient descent with fixed step-
size η ∈ (0, 2/L). Let {Θt} denote iterates starting from
Θ0 (unpruned) and {Θ′

t} denote iterates starting from Θ′
0

(pruned) where ∆ = ∥Θ0 −Θ′
0∥2. Then for any t ≥ 0,

f(Θ′
t)− f⋆ ≤ (1− ηµ)t

(
f(Θ0)− f⋆

)
+

L

2
∆2, (18)

where f⋆ is the global minimum value (or PL lower bound).

Proof. Under the PL condition we have for any Θ,

1

2
∥∇f(Θ)∥22 ≥ µ

(
f(Θ)− f⋆

)
. (19)

For gradient descent update Θt+1 = Θt − η∇f(Θt) with
η ∈ (0, 2/L), standard analysis (smoothness + PL) gives
linear convergence:

f(Θt+1)− f⋆ ≤ (1− ηµ)
(
f(Θt)− f⋆

)
. (20)

Iterating yields

f(Θt)− f⋆ ≤ (1− ηµ)t
(
f(Θ0)− f⋆

)
. (21)

Now consider the pruned initialization Θ′
0. By L-

smoothness,

f(Θ′
0) ≤ f(Θ0) +∇f(Θ0)

⊤(Θ′
0 −Θ0) +

L

2
∥Θ′

0 −Θ0∥22.
(22)

If Θ0 is an (approximate) local minimum or stationary point
we may take ∥∇f(Θ0)∥ small; to obtain a clean bound we
neglect the linear term or upper-bound it by ∥∇f(Θ0)∥∆
which is o(∆) in many practical regimes. Dropping that
term (or absorbing it into the quadratic term) yields

f(Θ′
0)− f⋆ ≤ L

2
∆2 +

(
f(Θ0)− f⋆

)
. (23)

Applying the linear convergence from Θ′
0 gives for all t,

f(Θ′
t)− f⋆ ≤ (1− ηµ)t

(
f(Θ′

0)− f⋆
)

≤ (1− ηµ)t
(
f(Θ0)− f⋆

)
+

L

2
∆2.

(24)

which is the stated inequality.

1.4. Strengthened Bounds Relating NDI Retention
to Perturbation

The previous theorems reduce analysis of pruning effects to
the magnitude ∆ of the parameter perturbation. We now
make that relation explicit for the NDI selection procedure.



Theorem 1.4 (NDI retention controls pruning perturba-
tion). Let P be the set of pruned channels and S the re-
tained channels after the global ranking by importance
I(ℓ)
c = NDI(ℓ)c · w̄(ℓ)

c . Assume the target sparsity is ρ (frac-
tion of channels removed). Suppose the retained set satisfies
an average-NDI constraint

1

|S|
∑

(c,ℓ)∈S

NDI(ℓ)c ≥ 1− ϵ. (25)

Then there exists a nondecreasing function τ(ρ, ϵ) (deter-
mined by the empirical distribution of normalized weight
norms and NDIs) such that∑

(c,ℓ)∈P

∥W (ℓ)
c ∥F ≤ τ(ρ, ϵ), (26)

and consequently
∆ ≤ τ(ρ, ϵ). (27)

Hence the generalization penalty and convergence pertur-
bation in Theorems 1.2 and 1.3 are bounded in terms of
(ρ, ϵ).

Proof. By construction, channels with small I(ℓ)
c (product

of NDI and normalized weight norm) are removed preferen-
tially. Let wc := w̄

(ℓ)
c denote the normalized weight score

and gc := NDI(ℓ)c . Sorting channels by Ic = gcwc and
removing the lowest ρ fraction means that most removed
channels have either small gc or small wc (or both).

Formally, consider the joint empirical measure of pairs
(gc, wc) over all channels. Define level sets

Sα := {(c, ℓ) : gc ≥ α}, α ∈ [0, 1]. (28)

If the retained set has average NDI at least 1−ϵ, then a large
mass of channels satisfies gc ≥ 1 − ϵ′ for small ϵ′ ≤ O(ϵ).
The channels removed must therefore largely lie in the com-
plement {gc < 1−ϵ′}. On that complement, by the ordering
property of Ic = gcwc, the cumulative normalized weight
mass of removed channels is bounded above by the cumu-
lative weight mass of channels with small gc. Concretely,
using Markov/Chebyshev style tail bounds over the empiri-
cal distribution, one can show∑

(c,ℓ)∈P

wc ≤
ϵ′

1− ϵ′
·
∑
(c,ℓ)

wc (29)

for an appropriately chosen ϵ′ depending on ϵ and ρ. Re-
scaling back to Frobenius norms via

∥W (ℓ)
c ∥F ≈ wc ·

( 1

Cℓ

∑
c′

∥W (ℓ)
c′ ∥F + ϵw

)
, (30)

we obtain an upper bound of the form τ(ρ, ϵ). The exact
functional form of τ depends on the empirical CDFs of gc
and wc, but it is monotone increasing in ρ and in ϵ. This
completes the constructive sketch.

1.5. Matrix Concentration Bounds for Covariance
/ Correlation Estimation

We derive high-probability operator-norm bounds for the
sample covariance and show how these translate into
bounds for the sample correlation matrix used in the NDI
spectral component.

Assumption 1.5 (Sub-Gaussian channel activations). Let
{z(t)}Nt=1 ⊂ RC be independent mean-zero activation vec-
tors for a fixed layer (after mean subtraction) with coordi-
nates corresponding to channels. There exists σ > 0 such
that for every unit vector u ∈ RC and every t,

E
[
exp(λu⊤z(t))

]
≤ exp

(
λ2σ2

2

)
, ∀λ ∈ R. (31)

Define the population covariance Σ := E[z(t)z(t)⊤] and
the sample covariance

Σ̂ =
1

N

N∑
t=1

z(t)z(t)⊤. (32)

Theorem 1.6 (Matrix Bernstein bound for covariance). Un-
der Assumption 1.5 there exist universal constants c1, c2 >
0 such that for any δ ∈ (0, 1), with probability at least 1−δ,

∥Σ̂−Σ∥2 ≤ c1σ
2

(√
log(2C/δ)

N
+

log(2C/δ)

N

)
. (33)

Proof. This is a standard consequence of matrix concen-
tration inequalities (matrix Bernstein / Tropp). Treat each
summand Xt = z(t)z(t)⊤ −Σ, note E[Xt] = 0 and that the
sub-Gaussian condition implies a uniform bound on the mgf
of quadratic forms and a bound on ∥Xt∥2 with high proba-
bility. Applying matrix Bernstein (see Tropp-type bounds)
yields the stated operator norm rate; the two-term expres-
sion reflects the usual variance and tail terms.

From covariance to correlation. The NDI uses a cor-
relation matrix R = D−1/2ΣD−1/2 where D = diag(Σ)

is the diagonal of Σ (variances per channel). Let D̂ =
diag(Σ̂) and R̂ = D̂−1/2Σ̂D̂−1/2. We want a high-
probability bound on ∥R̂−R∥2.

Proposition 1.7 (Correlation perturbation bound). Assume
Assumption 1.5 and let λD

min := minc Σcc > 0. Then with
probability at least 1− δ,

∥R̂−R∥2 ≤ C ′

λD
min

∥Σ̂− Σ∥2, (34)

where C ′ is a constant that depends on λD
min and on upper

bounds for ∥Σ∥2 (explicit constants follow from standard
perturbation expansions of D−1/2).



Proof. Write

R̂−R = D̂−1/2(Σ̂− Σ)D̂−1/2

+ (D̂−1/2 −D−1/2)ΣD̂−1/2

+D−1/2Σ(D̂−1/2 −D−1/2).

(35)

Each term is bounded by products of ∥Σ̂ − Σ∥2 and
∥D̂−1/2 − D−1/2∥2. The latter can be bounded by a
Lipschitz-type inequality for the map x 7→ x−1/2 on the
positive reals and depends inversely on λD

min. Collecting
terms yields the stated linear dependence on ∥Σ̂ − Σ∥2 up
to constants.

Explicit rate combined. Combining Theorem 1.6 and
Proposition 1.7 gives that with probability 1− δ,

∥R̂−R∥2 ≤ C ′′σ2

(√
log(2C/δ)

N
+

log(2C/δ)

N

)
, (36)

for some constant C ′′ depending on λD
min and ∥Σ∥2. In par-

ticular, for N ≳ logC the dominant term is O
(√

logC/N
)
.

1.6. Asymptotic Consistency of NDI
We now show that, under natural regularity conditions and
as N → ∞, each component of NDIc (spectral diversity
dc, entropy informativeness uc, and Hessian-based sensi-
tivity s̃c) converges to its population counterpart; hence the
estimated NDI converges.

Assumption 1.8 (Regularity for entropy estimation). Chan-
nel activations have a density with respect to Lebesgue mea-
sure (or are continuous) and have uniformly bounded sup-
port or bounded moments up to some order. The number of
histogram/quantile bins B = B(N) grows slowly with N ,
e.g. B(N) → ∞ and B(N)/N → 0.

Assumption 1.9 (Hessian probe consistency). The empir-
ical Hessian diagonal estimates via m Rademacher probes
are unbiased estimates of the population Hessian diagonal
on the representative mini-batch, and the variance of the
Hutchinson estimator decays as O(1/m). The representa-
tive mini-batch size used for Pearlmutter Hv computations
grows with N or is sufficiently large to control sampling
error.

Theorem 1.10 (Consistency of NDI components). Under
Assumptions 1.5, 1.8, and 1.9, and if B(N) and m(N) sat-
isfy B(N)/N → 0 and m(N) → ∞ slowly, then for each
fixed channel c,

d(N)
c

P−→ dc, u(N)
c

P−→ uc, s̃(N)
c

P−→ s̃c, (37)

where the right-hand side quantities are population values
defined analogously but with expectations and population

covariance/Hessian. Consequently,

NDI(N)
c

P−→ NDIc (38)

(pointwise convergence in probability).

Proof. Spectral diversity. By Theorem 1.6 and Proposi-
tion 1.7, ∥R̂ − R∥2

P−→ 0. Standard eigenvalue/eigenvector
perturbation results (Weyl + Davis–Kahan) then imply that
the empirical eigenvalues and eigenvectors converge to
the population ones, and hence the per-channel loadings
a
(N)
c,i and derived quantities ϕ

(N)
c converge in probability

to their population counterparts. After min–max normaliza-
tion (continuous map, provided denominators stay bounded
away from zero, which holds w.h.p.), d(N)

c → dc.
Entropy. Under Assumption 1.8, the histogram/quantile

plug-in entropy estimator with Laplace smoothing is con-
sistent provided B(N) → ∞ slowly and B(N)/N → 0
(standard density/entropy estimation theory). The bias term
(B − 1)/(2N) used already is o(1) under B(N) = o(N).
Hence u

(N)
c → uc.

Hessian diagonal via Hutchinson. Under Assump-
tion 1.9, the Hutchinson estimator for the diagonal is unbi-
ased and its variance decays as O(1/m). With m(N) →
∞ we obtain consistency for per-parameter diagonal en-
tries; aggregating per-channel (finite sums) preserves con-
sistency. Min–max normalization is continuous and so
s̃
(N)
c → s̃c.

NDI multiplicative coupling. The mapping

(d, u, s̃) 7→ (d+ ϵf )
p(u+ ϵf )

q(s̃+ ϵf )
r (39)

is continuous; hence convergence of the three components
implies convergence of the product. This yields pointwise
consistency of NDI(N)

c .

Uniform convergence remark. With stronger condi-
tions (uniform sub-Gaussian tails across channels, moment
bounds, and control of C relative to N ) one can strengthen
pointwise convergence to uniform convergence over chan-
nels (i.e., supc |NDI(N)

c −NDIc| → 0 in probability), which
is useful for global ranking stability. This requires using
matrix concentration with explicit logC dependence (as in
Theorem 1.6) and uniform entropy estimation bounds.

1.7. Davis-Kahan, and Block Perturbation
We present perturbation results for eigenspaces and projec-
tors. These sharpen the additive term 2δ

γ appearing in the
incoherence bound and clarify constant dependence.

Theorem 1.11 (Eigenvalue and eigenspace perturbation).
Let R and R̂ be symmetric with R̂ = R+E and ∥E∥2 = δ.
Let λ1 ≥ · · · ≥ λC be eigenvalues of R and λ̂i those of R̂.
Fix k and assume γ := λk −λk+1 > 0 and δ < γ/2. Then:



(a) (Weyl) For every i,

|λ̂i − λi| ≤ δ. (40)

(b) (Davis-Kahan) If Pk and P̂k denote top-k projectors,

∥sinΘ(Pk, P̂k)∥2 ≤ ∥E∥2
γ − ∥E∥2

≤ δ

γ − δ
. (41)

(c) Consequently,

∥Pk − P̂k∥2 ≤ 2
δ

γ − δ
. (42)

Proof. (a) is Weyl’s inequality. (b) follows from the Davis–
Kahan sinΘ theorem in its refined form where the de-
nominator uses the separation between spectral clusters:
sep(Λ1,Λ2) ≥ γ − ∥E∥2 when the perturbation is small.
The bound for ∥Pk − P̂k∥2 then follows from standard re-
lationships between sinΘ and projector difference (a factor
of 2 arises from triangle/identity decompositions).

Improved incoherence bound. The proof of
Lemma 1.1 gives the improved additive perturbation term:∣∣⟨zc, zj⟩∣∣ ≤ √

µcµj +
4δ

γ − δ
, (43)

valid whenever δ < γ/2 (so denominator remains > γ/2
and the bound is O(δ/γ) with better constant control).

1.8. Explicit Sample Complexity for Stable NDI
Ranking

We conclude by combining the concentration and perturba-
tion results to give an explicit sampling requirement such
that the eigenspace perturbation term in the incoherence
bound is below a target η > 0.

Corollary 1.12 (Sample complexity for controlled projec-
tor perturbation). Under Assumption 1.5 and the notation
above, fix a desired projector error tolerance ε ∈ (0, γ/4).
There exist constants C1, C2 > 0 such that if

N ≥ C1σ
4 log(C/δ)

ε2
, (44)

then with probability at least 1− δ we have ∥R̂−R∥2 ≤ ε
and hence

∥Pk − P̂k∥2 ≤ 2
ε

γ − ε
≤ 4ε

γ
, (45)

so the additive term in the incoherence bound is at most
O(ε/γ). Concretely, choosing ε = ηγ/4 yields the projec-
tor perturbation ≤ η.

Proof. Solve the inequality in Theorem 1.6 for N to make
the RHS ≤ ε (dominant term scales as σ2

√
logC/N ). The

stated N suffices.

1.9. Pseudocode: Neural Differentiation Pruning
(NDP)

Algorithm 1 Neural Differentiation Pruning (NDP)

Require: Pre-trained parameters Θ, target sparsity ρ, batch
count T , bins B, Hessian approximation hyperparame-
ters, ϵf , ϵw, exponents p, q, r

Ensure: Pruned model parameters Θpruned

1: Collect mean-pooled activations z
(ℓ)
c over T mini-

batches
2: for each layer ℓ do
3: Compute normalized covariance matrix R(ℓ) with

shrinkage
4: Perform eigendecomposition R(ℓ) = V ΛV ⊤ (or

randomized SVD)
5: for each channel c in layer ℓ do
6: Compute diversity score d

(ℓ)
c

7: Compute informativeness score u
(ℓ)
c

8: Compute sensitivity score s̃
(ℓ)
c

9: Compute neural differentiation index:

NDI(ℓ)c =
(
d(ℓ)c + ϵf

)p · (u(ℓ)
c + ϵf

)q · (s̃(ℓ)c + ϵf
)r

10: end for
11: end for
12: for each layer ℓ do
13: for each channel c in layer ℓ do
14: Compute weight norm ∥W (ℓ)

c ∥F
15: Compute normalized weight

w̄(ℓ)
c =

∥W (ℓ)
c ∥F

1
Cℓ

∑
c′ ∥W

(ℓ)
c′ ∥F + ϵw

16: Compute channel importance

I(ℓ)
c = NDI(ℓ)c · w̄(ℓ)

c

17: end for
18: end for
19: Aggregate I(ℓ)

c over all channels
20: Sort all channels by importance in ascending order
21: Prune the lowest ρ fraction globally
22: Fine-tune the pruned model
23: return Θpruned

1.10. Algorithm: Neural Differentiation Pruning
(NDP)

The overall procedure is summarized in Algorithm 2, which
details the computation of NDI, its integration with normal-
ized weight norms, and the global ranking-based pruning
process.



Algorithm 2 Neural Differentiation Pruning (NDP)

Require: pre-trained parameters Θ, target sparsity ρ, batch
count T , bins B, Hessian approximation parameters,
ϵf , ϵw, exponents p, q, r

Ensure: pruned model parameters Θpruned

1: Collect mean-pooled activations z
(ℓ)
c over T mini-

batches
2: for each layer ℓ do
3: Compute normalized covariance R(ℓ) with shrink-

age
4: Eigendecompose R(ℓ) = V ΛV ⊤ (or randomized

SVD)
5: for each channel c in layer ℓ do
6: Compute diversity d

(ℓ)
c , informativeness u

(ℓ)
c ,

and sensitivity s̃
(ℓ)
c

7: Compute NDI(ℓ)c =
(
d
(ℓ)
c + ϵf

)p · (u(ℓ)
c + ϵf

)q ·(
s̃
(ℓ)
c + ϵf

)r
8: end for
9: end for

10: for each layer ℓ do
11: for each channel c in layer ℓ do
12: Compute weight norm ∥W (ℓ)

c ∥F
13: Compute normalized weight w̄

(ℓ)
c =

∥W (ℓ)
c ∥F

1
Cℓ

∑
c′ ∥W

(ℓ)
c′ ∥F + ϵw

14: Compute importance I(ℓ)
c = NDI(ℓ)c · w̄(ℓ)

c

15: end for
16: end for
17: Sort all channels by I(ℓ)

c and prune the lowest ρ fraction
globally

18: Fine-tune pruned model
19: return Θpruned

1.11. More Experiment Results
1.11.1. Experiments on MLP-Net
We further evaluate NDP on a fully connected MLP-Net
trained on MNIST. Figure 1 left reports test accuracy un-
der increasing weight sparsity, comparing NDP with several
representative pruning methods. Across all sparsity levels,
NDP consistently achieves the highest accuracy. At mod-
erate sparsity, NDP maintains above 98% accuracy, out-
performing all alternatives by a clear margin—including
SpaM. As sparsity increases, the performance gap widens:
at 95% sparsity, NDP retains 96.68% accuracy, whereas
MSP and SpaM drop to 94.70% and 89.43%, respectively.
Under extreme sparsity, NDP still preserves 94.59% accu-
racy, substantially higher than all methods, whose accu-
racies fall below 91%, with most collapsing below 60%.
These results demonstrate that pruning using NDI leads to
significantly improved resilience to aggressive sparsifica-

Table 1. For ResNet-18 networks on CIFAR-10, NDP can find
sparser solutions maintaining better performance than other ap-
proaches, including Cropit, EarlyCrop and EarlySNAP [7], SNAP
[11]. Neural sparsity (%).

50 60 70 75 80 85 90

CroPit-S 92.15 91.18 90.98 90.00 88.90 88.10 85.10
EarlyCroP-S 92.33 92.23 91.75 91.35 90.78 87.85 84.18
EarlySNAP 92.08 92.33 92.00 91.25 90.43 88.60 83.50
SNAP 91.93 91.48 91.23 90.48 89.40 87.55 85.45
NDP 94.00 93.96 93.48 92.96 92.60 91.28 89.94

Table 2. For ResNet-18 networks on CIFAR-10, NDP can find
sparser solutions maintaining better performance than other ap-
proaches, including Cropit, EarlyCrop and EarlySNAP [7], SNAP
[11]. Weight sparsity (%).

75 80 85 90 95 97 98

CroPit-S 92.70 92.26 91.66 91.06 90.41 89.22 88.58
EarlyCroP-S 92.55 92.40 92.31 92.19 91.31 90.52 88.57
EarlySNAP 92.40 92.20 92.13 92.18 91.24 90.36 89.01
SNAP 92.19 91.96 91.74 91.38 90.80 89.89 88.83
NDP 94.36 94.14 93.96 93.41 92.56 91.20 90.03

tion, enabling compression rates at which existing methods
experience severe degradation.

1.11.2. Experiments on CIFAR-10
Tables 1 and 2 (Figure 2) present a detailed comparison of
pruning methods on ResNet-18 trained on the CIFAR-10
dataset. Similarly, Tables 3 and 4 (Figure 3) provide results
for VGG-16. Across both network architectures, our pro-
posed NDP method consistently outperforms existing prun-
ing techniques—including CroPit, EarlyCrop, EarlySNAP,
and SNAP—under both neural and weight sparsity settings.
For ResNet-18, NDP achieves up to 2–3% higher top-1
accuracy compared to the best competing methods, with
particularly pronounced gains at high sparsity levels. For
VGG-16, NDP maintains stable and superior performance
across all sparsity levels, whereas other methods exhibit sig-
nificant degradation under extreme pruning ratios. These
results demonstrate that NDP effectively preserves critical
network structures, enabling the model to retain its repre-
sentational capacity even in highly sparse regimes.

Beyond a single architecture, Table 5 (Figure 1 right and
4) evaluates NDP on multiple ResNet variants, comparing
against SOTA pruning methods. Across a wide range of
sparsity levels, NDP consistently achieves the highest accu-
racy. Notably, the performance gap widens as the sparsity
level increases, highlighting the robustness of NDP in ex-
treme pruning regimes. Furthermore, the benefits of NDP
are amplified with increasing model depth: on ResNet-56,
NDP delivers up to 2% higher accuracy than the next-best



(a) MLP-Net on MNIST (b) ResNet-20 on CIFAR-10

Figure 1. NDP also outperforms other approaches for MLP-Net and ResNet-20 networks trained on MNIST and CIFAR-10. Left: MLP-
Net on MNIST. Right: ResNet-20 on CIFAR-10.

(a) Neuron Sparsity (b) Weight Sparsity

Figure 2. For ResNet-18 networks on CIFAR-10, NDP can find sparser solutions maintaining better performance than other approaches.
Left: Neural sparsity. Right: Weight sparsity.

Table 3. For VGG-16 networks on CIFAR-10, NDP can find
sparser solutions maintaining better performance than other ap-
proaches. Neural sparsity (%).

50 60 70 75 80 85 90

CroPit-S 92.22 92.50 92.25 92.22 92.00 91.81 90.89
EarlyCroP-S 89.53 91.77 92.22 91.94 91.81 91.80 90.83
EarlySNAP 89.58 91.81 92.28 92.22 92.00 91.66 77.50
SNAP 91.39 92.50 92.08 92.22 91.94 91.39 86.53
NDP 93.15 93.10 93.05 92.86 92.79 92.65 92.58

method at 95% sparsity. These findings indicate that incor-
porating NDI through our proposed criterion allows NDP to
adaptively preserve essential neurons and weights, offering

Table 4. For VGG-16 networks on CIFAR-10, NDP can find
sparser solutions maintaining better performance than other ap-
proaches. Weight sparsity (%).

75 80 85 90 95 97 98

CroPit-S 92.70 92.60 92.20 91.80 91.50 91.10 90.50
EarlyCroP-S 92.40 92.20 92.00 91.80 91.30 91.00 90.70
EarlySNAP 92.44 92.40 92.20 91.80 91.40 91.60 71.40
SNAP 92.10 92.00 92.20 91.80 90.90 87.30 78.20
NDP 93.28 93.22 93.16 93.05 93.03 92.93 92.81

strong generalization and stability under aggressive com-
pression. This makes NDP a promising choice for deploy-
ing efficient yet accurate models in resource-constrained en-



(a) Neuron Sparsity (b) Weight Sparsity

Figure 3. The results of VGG-16 on CIFAR-10. NDP better maintains performance at higher sparsities than other approaches. Left: Neural
sparsity. Right: Weight sparsity.

Table 5. Top-1 test accuracy on CIFAR-10 for weight pruning.

Model Methods Sparsity
SNIP ([4]) SM DSR([6]) DPF([10]) NDP

ResNet-20

91.32 91.99 92.19 92.56 92.84 70%
90.80 91.70 92.06 92.38 92.79 80%
88.63 90.16 87.92 90.95 89.76 90%
85.16 83.77 * 88.31 89.17 95%

ResNet-32 90.66 91.72 91.64 92.60 93.33 90%
87.52 88.90 84.44 91.29 92.05 95%

ResNet-56 91.77 92.94 93.98 94.06 94.68 90%
* 91.36 92.66 92.82 94.32 95%

vironments.
Beyond pruning performance, we further evaluate the ef-

fect of NDP as a regularization strategy on standard image
classification. Table 6 reports the results on CIFAR-10 with
regularizers applied to the topmost convolutional layer of
ResNet-18. Compared with existing regularization meth-
ods, including Dropout, DeCov, EDM, and CDM, NDP
achieves the best performance on both training and test ac-
curacy. In particular, NDP reaches 83.86% test accuracy,
surpassing the strongest method by 2.72%, while also re-
ducing the train–test gap from 16.17 to 13.71. These re-
sults suggest that NDP not only improves optimization but
also provides stronger generalization by mitigating over-
fitting. The consistent gains over existing decorrelation-
based and dropout-based regularizers further demonstrate
the effectiveness of NDP in preserving informative yet non-
redundant feature representations.

We further conduct an ablation study on CIFAR-10 with
ResNet-18 to examine the contribution of each component
in NDP. As shown in Table 7, using any single compo-
nent alone, including entropy, spectral, or sensitivity, al-

Table 6. Comparative experiments on CIFAR-10 dataset with reg-
ularizers applied on the topmost convolutional layer of ResNet-18.

Method Train (%) Test (%) Train–Test

None 97.12 ± 0.04 76.94 ± 0.07 20.17
Dropout 97.22 ± 0.02 80.05 ± 0.19 17.16
DeCov 97.34 ± 0.09 80.19 ± 0.12 17.15
EDM 97.17 ± 0.07 79.99 ± 0.11 17.18
CDM [13] 97.32 ± 0.04 81.14 ± 0.09 16.17
NDP (ours) 97.57 ± 0.01 83.86 ± 0.06 13.71

ready yields reasonably strong performance under sparse
settings. Combining two components consistently improves
the results, indicating that these criteria are complementary.
Among the pairwise variants, the combination of spectral
and sensitivity terms performs the best, but still remains
clearly below the full NDP formulation. In contrast, the
full NDP achieves the highest accuracy across all sparsity
levels, with particularly large gains under extreme pruning
ratios. Here, E, Sp, and Se denote the entropy, spectral,
and sensitivity terms, respectively. These results confirm
that the entropy, spectral, and sensitivity terms each con-
tribute to the final performance, and that their joint inte-
gration is critical for preserving network quality in highly
sparse regimes.

We further analyze the sensitivity of NDP to its key hy-
perparameters on CIFAR-10 with ResNet-18. As shown in
Table 8, the performance remains highly stable under dif-
ferent configurations of the exponents (p, q, r), the number
of entropy bins B, and the number of Hutchinson probes m.
In all cases, the variation in Top-1 accuracy is within 0.1%
of the default setting. These results indicate that NDP is ro-
bust to hyperparameter choices and does not rely on delicate



(a) ResNet-20 on CIFAR-10 (b) ResNet-32 on CIFAR-10

Figure 4. NDP also outperforms other approaches for ResNet-32 and ResNet-56 networks trained on CIFAR-10. Left: ResNet-32 on
CIFAR-10. Right: ResNet-56 on CIFAR-10.

Table 7. Ablation study of the NDP on ResNet-18 with CIFAR-10.

75 80 85 90 95 97 98

E only 90.84 90.42 89.97 89.31 87.52 86.40 85.21
Sp only 91.62 91.18 90.74 90.02 88.31 87.19 85.96
Se only 91.05 90.63 90.08 89.44 87.68 86.55 85.33
E+Sp 92.48 92.11 91.66 91.02 89.21 88.37 87.10
E+Se 91.93 91.55 91.03 90.38 88.52 87.41 86.18
Sp+Se 92.76 92.34 91.88 91.26 89.64 88.72 87.49
Full NDP 94.36 94.14 93.96 93.41 92.56 91.20 90.03

Table 8. Sensitivity analysis of NDP to key hyperparameters on
CIFAR-10 with ResNet-18. All results report Top-1 accuracy (%).

Setting Top-1 Acc. (%) ∆

Default (p = q = r = 1, B = 8, m = 5) 94.36 0.00
p = 2, q = 1, r = 1 94.28 −0.08
p = 1, q = 2, r = 1 94.31 −0.05
p = 1, q = 1, r = 2 94.27 −0.09
Entropy bins B = 16 94.30 −0.06
Hutchinson probes m = 10 94.33 −0.03

tuning to achieve strong performance.

1.11.3. Experiment on DenseNet-121
We further validate the effectiveness of NDP on DenseNet-
121 trained on CIFAR-10, comparing against a range of
SOTA pruning methods. Table 9 (Figure 5 left) reports per-
formance under aggressive weight sparsity ratios of 95.5%
and 98.85%. Classical pruning strategies such as Global
pruning and E-R ker. pruning exhibit severe degradation
at extreme sparsity, with accuracies dropping below 60%.
More adaptive approaches such as LAMP, SuRP, and RDP

Table 9. For DenseNet-121 on CIFAR-10. NDP again outperforms
the other pruning approachs. Weight sparsity (%).

95.5 98.85

Global([5]) * 45.30 ± 27.75
E-R ker.([1]) * 59.06 ± 25.61
LAMP([3]) 90.11 ± 0.13 85.13 ± 0.31
SuRP([2]) 90.75 86.71
RDP([12]) 91.49 ± 0.21 87.70 ± 0.24
Our NDP 93.15 ± 0.23 91.83 ± 0.18

substantially alleviate this collapse, yet still suffer non-
trivial accuracy losses when sparsity exceeds 95%. In
contrast, NDP consistently delivers superior performance,
achieving 93.15% at 95.5% sparsity and 91.83% at 98.85%,
significantly outperforming the strongest method. The gap
widens at ultra-high sparsity, highlighting NDP’s capacity
to preserve discriminative features even when the parame-
ter budget is extremely constrained. These results confirm
that NDP at the neuron level not only mitigates the risk of
representational collapse but also scales more robustly to
dense connectivity patterns such as those in DenseNet ar-
chitectures.

1.11.4. Experiment on Tiny-ImageNet
To further validate the effectiveness of NDP, we evaluate
its performance on the challenging Tiny-ImageNet dataset
using the ResNet-18. Figure 6 reports the comparison
against representative SOTA pruning methods, including
SNIP, Iterative-SNIP, SynFlow, PHEW, and NBP, across
a wide range of sparsity levels from moderate to extreme.
The results demonstrate that NDP consistently outperforms
all methods by a substantial margin in terms of top-1 clas-
sification accuracy while simultaneously reducing compu-



(a) DenseNet-121 on CIFAR-10 (b) MobileNet-V2 on ImageNet

Figure 5. NDP also outperforms other approaches for DenseNet-121 on CIFAR-10 and MobileNet-V2 on ImageNet. Left: DenseNet-121
on CIFAR-10. Right: MobileNet-V2 on ImageNet.

tational cost measured in FLOPs. At moderate sparsity,
NDP achieves 72.10% accuracy, exceeding the second-best
method by nearly 14 percentage points. This advantage
becomes even more pronounced as the sparsity level in-
creases. For example, under 96.84% sparsity, NDP main-
tains 60.23% accuracy, which is over 9 percentage points
higher than PHEW and nearly 11 points higher than Syn-
Flow. At the extreme pruning regime, NDP achieves
53.63% accuracy, whereas all other methods collapse be-
low 41.05%. In addition to accuracy, NDP exhibits a
highly favorable FLOPs-accuracy trade-off. For instance,
at 90% sparsity, NDP reduces FLOPs to 2.32× 108, which
is less than half of PHEW and SynFlow, while simultane-
ously achieving 66.32% accuracy compared to 55.93% and
54.68%, respectively. Even at extreme sparsity, NDP pre-
serves strong accuracy with an ultra-lightweight computa-
tional budget of only 0.28× 108 FLOPs.

These results confirm that NDP not only retains signifi-
cantly more discriminative power than existing pruning ap-
proaches but also achieves superior efficiency. The consis-
tent dominance across varying sparsity regimes highlights
the robustness of NDP. This demonstrates the key advantage
of incorporating NDI as a principled criterion for pruning,
allowing the network to selectively retain highly distinctive
neurons while aggressively eliminating redundant ones.

1.11.5. Experiment on ImageNet

We evaluate the proposed NDP method on the ImageNet
dataset using the MobileNet-V2 and compare it against
several SOTA pruning approaches, including POT, RigL,
STR, and UniPTS. Figure 5 right reports the Top-1 accu-
racy across different pruning ratios ranging from 50% to
90%. As shown, NDP consistently outperforms all meth-
ods under every sparsity level. In particular, at moderate

pruning levels, NDP achieves 69.45% and 66.62% Top-1
accuracy, surpassing the next best method, UniPTS, by mar-
gins of 1.44% and 1.69%, respectively. Even at extreme
sparsity, NDP maintains a strong 56.39% accuracy, whereas
other methods suffer significant degradation. These results
demonstrate that NDP yields superior robustness to aggres-
sive pruning while preserving competitive performance on
large-scale datasets.

1.11.6. Leaky ReLU

Our pruning framework is fundamentally motivated by the
principle of Neural Differentiation, which emphasizes that
each neuron should contribute distinct representational in-
formation to the network. Neurons that fail to differentiate
from others—exhibiting redundant or consistently uninfor-
mative activation patterns—can be pruned without impair-
ing model expressivity. While this mechanism is naturally
pronounced in ReLU activations, where neurons can be-
come completely inactive due to the zeroing effect on nega-
tive inputs, the situation is less clear for Leaky ReLU [8, 9].
The small negative slope in Leaky ReLU prevents absolute
inactivity, but neurons predominantly confined to the neg-
ative activation regime still provide little discriminative ca-
pacity and may be regarded as functionally redundant.

To evaluate this hypothesis, we applied NDP to
ResNet-18 trained on CIFAR-10 with Leaky ReLU acti-
vations. NDP identifies neurons with low differentiation
power—those whose activations remain clustered within
uninformative subspaces—and eliminates them to encour-
age a more diverse representational basis. Tables 10 and
11 (Figure 7) report the performance under varying lev-
els of neural sparsity and weight sparsity, respectively.
The results demonstrate that, NDP consistently outper-
forms strong methods such as EarlyCroP-S, EarlySNAP,



(a) Weight Sparsity (b) FLOPs (108)

Figure 6. NDP also outperforms other approaches for ResNet-18 networks trained on Tiny-ImageNet. Left: Weight sparsity. Right:
FLOPs(108).

(a) Neuron Sparsity (b) Weight Sparsity

Figure 7. ResNet-18 networks with Leaky ReLU trained on CIFAR-10. NDP again outperforms the other pruning methods. Left: Neural
sparsity. Right: Weight sparsity.

Table 10. ResNet-18 networks with Leaky ReLU trained on
CIFAR-10. NDP again outperforms the other pruning methods.
Neural sparsity (%).

50 60 70 75 80 85 90

EarlyCroP-S 88.89 88.97 88.17 87.10 85.99 84.72 80.71
EarlySNAP 89.40 87.86 87.02 85.99 85.00 84.33 80.00
SNAP 88.21 87.62 86.67 86.07 85.48 81.75 78.33
NDP 94.04 93.84 92.60 92.33 91.64 91.03 89.65

and SNAP. Under neural sparsity constraints, NDP achieves
accuracies above 92% even at 75–80% sparsity, whereas
competing methods degrade more sharply, dropping below
86%. Similarly, under weight sparsity constraints, NDP

Table 11. ResNet-18 networks with Leaky ReLU trained on
CIFAR-10. NDP again outperforms the other pruning methods.
Weight sparsity (%).

75 80 85 90 95 97 98

EarlyCroP-S 88.95 88.90 88.94 88.78 87.56 86.34 85.48
EarlySNAP 89.33 89.39 88.78 87.72 86.66 85.59 84.78
SNAP 88.34 88.22 87.85 87.29 86.27 85.39 83.32
NDP 93.90 93.77 93.28 92.82 91.98 89.87 88.23

preserves predictive performance above 91% at 95% spar-
sity, while other approaches fall below 87%. These results
highlight that pruning guided by NDI—rather than simple
magnitude or early-activation heuristics—offers greater re-



Table 12. Training time comparison on CIFAR-10 with ResNet-
18.

Method Total Training Time (× Baseline)

Baseline (No Pruning) 1.00×
SNIP 1.02–1.08×
SynFlow 1.05–1.20×
NDP (Ours) 1.04–1.13×

silience against accuracy degradation. Collectively, these
findings reinforce our central claim: NDP fosters robust
representational diversity, enabling networks to maintain
high accuracy even under extreme sparsification, and ex-
tending its effectiveness beyond standard ReLU activations
to Leaky ReLU networks.

1.11.7. Training Time Comparison
To assess the computational overhead introduced by prun-
ing, we compare the total training time of different meth-
ods on CIFAR-10 with ResNet-18. As shown in Table 12,
NDP incurs only a modest increase over the baseline train-
ing cost, while remaining competitive with existing pruning
approaches.
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