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Abstract

This work is ongoing and currently under re-
view.

Large language models increasingly rely on
conditional computation to balance reasoning
ability and deployment efficiency. However,
most existing compression methods for LLMs
rely on static pruning, which permanently re-
moves parameters and often degrades perfor-
mance under distribution shift and knowledge-
intensive NLP tasks.

In this work, we propose MoRE (Mixture-
of-Recognized-Experts), a training-free frame-
work that converts pretrained Transformers into
input-dependent conditional computation with-
out modifying model weights.

Our analysis reveals that pretrained MLP layers
exhibit a hybrid structure consisting of a shared
backbone that is consistently activated across
inputs and input-dependent residual compo-
nents that enable specialization. MoRE explic-
itly exploits this structure through a training-
free routing mechanism, enabling effective con-
ditional computation. As a result, MoRE selec-
tively activates different subsets of pretrained
parameters for different inputs at inference
time, reducing computation without modifying
model weights.

Experiments across multiple model fami-
lies and benchmarks demonstrate that MoRE
achieves competitive, and in many cases supe-
rior, accuracy–efficiency trade-offs compared
to structured pruning methods, while remaining
robust under distribution shift and knowledge-
intensive question answering.

1 Introduction

Large language models (LLMs) have continued
to scale in both parameter count and architectural
complexity, leading to substantial challenges for
deployment under realistic latency, memory, and
energy constraints (Bai et al., 2024; Zhou et al.,
2024; Sui et al., 2025). As a result, improving

deployment time efficiency has become a central
problem in large model deployment. Among ex-
isting approaches, pruning (Frantar and Alistarh,
2023a; Ma et al., 2023a; Sun et al., 2024) con-
stitutes one of the major paradigms for reducing
inference cost.

While pruning is often studied from a systems
perspective, its impact on knowledge-intensive
NLP tasks remains underexplored. Existing prun-
ing methods can be broadly categorized into un-
structured and structured approaches, with inter-
mediate variants such as semi-structured sparsity
bridging the two extremes (Zhou et al., 2021). Un-
structured pruning (Frantar and Alistarh, 2023b;
Jaiswal et al., 2023; Xia et al., 2023; Bhuiyan et al.,
2025) removes individual weights, resulting in fine-
grained sparsity patterns that maximize flexibility
and compression ratio, but the resulting irregular
sparsity leads to non-contiguous memory access
and limited parallelism. As a result, achieving prac-
tical inference speedups typically requires special-
ized sparse kernels or custom CUDA implemen-
tations. In contrast, structured pruning (Xia et al.,
2024; Ma et al., 2023b; Li et al., 2025; Ashkboos
et al., 2024) removes entire architectural compo-
nents, such as channels in feed-forward layers, at-
tention heads in multi-head self-attention, or prede-
fined blocks of parameters, thereby preserving reg-
ular computation patterns compatible with dense
kernels (Men et al., 2024; Shopkhoev et al., 2025;
Gromov et al., 2025). While this form of sparsity is
more hardware-friendly, it imposes coarse-grained
parameter removal, often reducing model expres-
sive capacity and leading to noticeable accuracy
degradation, especially under aggressive compres-
sion.

Beyond these trade-offs, a more fundamental
limitation underlies static pruning: once removed,
parameters are implicitly treated as permanently
unimportant across all future inputs, regardless of
input distribution or downstream task. In practice,
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however, parameter importance is highly input-
dependent: we observe substantial variation in acti-
vation patterns across inputs, tasks, and model fam-
ilies, indicating that capacity rarely used in one set-
ting may be essential in another (see Appendix E.2
for a comprehensive empirical analysis).

Importantly, estimating parameter importance
via task-specific calibration does not resolve this
limitation: even when pruning decisions are in-
formed by a calibration set, the resulting sparse
model remains static and fixed prior to inference,
without any mechanism to adapt its computation
based on individual inputs at run-time. In contrast,
dynamic or run-time pruning methods explicitly
adapt sparsity patterns during inference to input
characteristics, whereas static pruning determines
a single fixed sparse structure offline prior to de-
ployment (Liang et al., 2021).

This introduces nontrivial assumptions about
data availability and deployment budget, in that re-
dundancy identified under a limited calibration dis-
tribution must generalize to all future inputs. When
such generalization assumptions fail, permanently
removing capacity becomes brittle. Our empiri-
cal analysis shows that activation patterns differ
significantly across domains, suggesting that neu-
ron importance is strongly data-dependent(see Ap-
pendix E.2). This suggests a different deployment-
time objective: instead of permanently removing
capacity, can we retain it and selectively use it only
when needed, i.e., conditionally activate different
subsets of parameters for different inputs at infer-
ence time?

Motivated by the need for training-free1

deployment-time conditional computation, we pro-
pose MoRE (Mixture-of-Recognized-Experts), a
training-free conditional compression framework
that transforms static redundancy in pretrained
LLMs into input-dependent sparse computation
at inference time. Here, “experts” refer to input-
specialized parameter subsets induced by activa-
tion patterns in pretrained networks. Unlike con-
ventional MoE approaches that rely on additional
training to create experts and optimize routing (Wei
et al., 2024; Lepikhin et al., 2020), MoRE intro-
duces no new parameters and requires no finetun-
ing; instead, it leverages latent expert-like struc-
tures already present in pretrained networks and
reorganizes them into conditionally activated sub-

1Here, “training-free” means no gradient-based optimiza-
tion or parameter updates; lightweight calibration is used only
to collect activation statistics.

networks without modifying model weights. This
paper makes the following contributions:

• We identify a fundamental limitation of static
pruning for pretrained LLMs: parameter im-
portance is highly input-dependent, making
permanent parameter removal brittle under
distribution shift and diverse deployment sce-
narios.

• We propose MoRE, a training-free com-
pression framework that transforms static
redundancy in pretrained LLMs into input-
dependent sparse computation at inference
time, without modifying model weights or
introducing additional training.

• We empirically demonstrate that MoRE
achieves favorable accuracy–efficiency trade-
offs across multiple model families and bench-
marks, while remaining robust under distribu-
tion shift and knowledge-intensive question
answering compared to structured pruning
baselines.

2 Method
2.1 Mixture of Recognized Experts
We first introduce the notation used throughout
this section. Consider a pretrained dense Trans-
former and let L denote the set of layers (typically
MLP blocks) to be MoE-ified. Fix any ℓ ∈ L. Let
x(ℓ,t) ∈ Rd be a token hidden state of the t-th token
in the calibration set at layer ℓ. When constructing
recognized experts, t indexes tokens from a cali-
bration set. Then the MLP at layer ℓ maps x(ℓ,t)

to an output hidden state h(ℓ,t) ∈ Rm via an in-
termediate activation function ϕℓ, where m is the
MLP expansion width (MLP intermediate size). As
the layer ℓ will be fixed throughout this section, to
simplify notation, we will omit the index ℓ from
functions, vectors and matrices whenever there is
no risk of confusion. Specifically, we consider the
2-layers MLP formulation without gating,

h(t) = ϕ
(
Wupx

(t)
)
, y(t) = Wdownh

(t). (1)

Here Wup ∈ Rm×d, Wdown ∈ Rd×m, and ϕ(·) de-
notes an element-wise nonlinearity (such as GELU
or SiLU). We will not consider gate projections
but focus only on the Wup → ϕ(·) → Wdown

pathway in this paper.
The goal of recognized experts is to decompose

the m intermediate channels into (i) a shared back-
bone that is consistently important across inputs,



and (ii) multiple specialized subspaces that exhibit
input-dependent patterns. To formalize this, we
introduce co-activation statistics and importance
scoring below.

2.2 Activation frequency vector and
co-activation matrix

Let T be a calibration dataset containing N tokens
in total. To compress the MLP at layer ℓ, we collect
token-level activation pairs from T

T =
{(

x(t),h(t)
)}N

t=1
. (2)

Our goal is to construct r experts {E1, . . . , Er} for
layer ℓ where an expert Ei is defined by a subset of
channel indices Ei ⊂ [m].
Activation channel set of a token hidden state.
Let h(t) be the intermediate activation vector of
a token hidden state x(t), define its element-wise
magnitude vector a(t) ∈ Rm

≥0 as

a
(t)
i = |h(t)i | for every 1 ≤ i ≤ m. (3)

Let ρact ∈ (0, 1) be a hyperparameter called activa-
tion ratio and define kact = max(1, ⌊ρact ·m⌋) to
be the activation channel number. That is, we treat
only the top-kact entries of the intermediate activa-
tion h(t) as activated channels and the remaining
m− kact as silent channels when the input vector
is x(t). This choice provides a simple and robust
proxy for identifying dominant channels in each
token activation.

Correspondingly, we define the token-wise acti-
vation channel set of x(t) to be

S(t) = TopK
(
a(t), kact

)
⊆ [m], (4)

where the function TopK(x, ℓ) returns the indices
of the ℓ largest entries of vector x.
Channel frequency. Next we aggregate the sets
of activation channels of all token hidden states
h(t) in T to get the (normalized) activation fre-
quency vector f ∈ Rm

≥0 and co-activation matrix
C ∈ Rm×m

≥0 of the T . Specifically, we define the ith

entry of f to be the (relative) frequency of channel
i (i.e. the ith neuron or the ith column of Wdown)
appears in the activation channel sets among all
token hidden states in T

fi =
1

N

N∑
t=1

1i∈S(t) , (5)

for every 1 ≤ i ≤ m. Note that
∑m

i=1 fi = kact.

Co-activation matrix. Similarly, we define the
(i, j)-th entry of the co-activation matrix C to be
the (relative) frequency that both channel i and
channel j appear in the activation channel set of
the same token hidden state C ∈ Rm×m

≥0 as

Cij =
1

N

N∑
t=1

1i∈S(t) · 1j∈S(t) , (6)

for every 1 ≤ i, j ≤ m.

Identifying Globally Important Backbone Chan-
nels. To identify backbone channels that are con-
sistently important across inputs, we assign an im-
portance score to each intermediate channel by
jointly considering its activation statistics and pre-
trained projection weights. Intuitively, backbone
channels correspond to directions in the interme-
diate space that contribute broadly to the feed-
forward computation across many inputs, rather
than being selectively activated in specific contexts.

Formally, for each intermediate channel j, we
define its importance score sj as

sj =
∑
i

∣∣Wup[j, i]
∣∣ · Et∼T

[
x
(t) 2
i

]
+

∑
k

∣∣Wdown[k, j]
∣∣ · Et∼T

[
h
(t) 2
j

]
.

(7)

Intuitively, this score measures how strongly a
channel participates in the feed-forward compu-
tation by combining its typical activation magni-
tude with the strength of its incoming and outgoing
projections, so channels with large sj contribute
broadly across many inputs.

Let ρshare ∈ (0, 1) be a hyperparameter
which denotes the shared-channel ratio and de-
fine kshare = max(1, ⌊ρshare ·m⌋). We then select
the top-kshare channels with the largest importance
scores to form the backbone set Cshare, which is
shared across all recognized experts. The corre-
sponding backbone weights are defined as

WB
u =

[
Wu[:, j]

]
j∈Cshare

,

WB
d =

[
Wd[j, :]

]
j∈Cshare

.
(8)

This formulation follows prior work on
activation-aware importance scoring (Sun et al.,
2024), where input variance and activation vari-
ance are used to approximate channel contribution
in the up- and down-projection, respectively, but is
used here solely to identify globally shared chan-
nels rather than to remove parameters.



Clustering non-shared channels. Let R = [m]\
Cshare denote the set of non-shared channels. To
partition these non-shared channels into similar
channel groups, we consider the co-activation ma-
trix C restricted to non-shared channels, i.e. the
principal submatrix CR. As CR is symmetric with
all off-diagonal entries non-negative, we may nat-
urally view the off-diagonal entries of CR as the
entries of an adjacency matrix of a weighted undi-
rected graph G over the vertex set R (that is, the
adjacency matrix AG is obtained from CR by ze-
roing out its diagonal entries), and apply spectral
clustering algorithm to partition R into r disjoint
clusters:

{S1, . . . , Sr} = SpectralCluster(CR, r) ,

such that ⊎r
i=1Si = R. Here r is another hyperpa-

rameter of the compression scheme.
Finally we define r experts as r expert channel

sets:

Ei = Si ∪ Cshare for i = 1, . . . , r.

where |Ei| denotes the number of channels as-
signed to expert Ei. Note that E = {E1, . . . , Er}
form a sunflower over [m].

Crucially, this process does not introduce new
parameters or optimization objectives. The expert
decomposition is recognized from the pretrained
structure: weight and activation statistics reveal la-
tent modularity, and clustering partitions the resid-
ual space into specialized components. This distin-
guishes MoRE from pruning variants that directly
remove weights based on magnitude or importance
scores.

2.3 Training-Free Routing
After constructing recognized experts, the remain-
ing challenge is to determine, for each input token,
which expert-specific subspace should be activated.
Expert Input Spaces & Expert Prototypes. Un-
like learned MoE routers that optimize routing via
gradient-based training, MoRE performs routing
by matching token representations to expert proto-
types derived from calibration statistics. Under the
training-free constraint, one cannot learn a routing
function to assign inputs to experts. Instead, we
approach routing by characterizing the regions of
representation space to which each expert is natu-
rally responsive.

Intuitively, if we can describe what kinds of hid-
den representations an expert tends to specialize

in, then routing reduces to matching an input to-
ken to the expert whose specialization it best aligns
with, so in our design, calibration statistics are used
to form the representations of each expert’s input
space, and each input token is routed to the expert
with the closest representation. Concretely, expert
prototypes are constructed once using calibration
tokens, and are then fixed and reused for routing at
inference time.
Token-to-expert assignment. For each token
hidden state x(t) (with intermediate activation h(t))
and expert Ei, we define the expert-specific activa-
tion energy to be

A(h(t), Ei) =
∥h(t)

Ei
∥2

|Ei|α
, (9)

i.e., the ℓ2 norm of h(t) restricted to entries in Ei,
with α ∈ [0, 1] being a debiasing factor that com-
pensates for differences in expert subspace dimen-
sionality.

Then each token is assigned to the expert with
whom the activation energy is maximized:

Expert(x(t)) = argmax
i∈[r]

A(h(t), Ei), (10)

and denote by Ti = {x(t) | Expert(x(t)) = i}
the set of tokens assigned to expert Ei. Note that
{T1, . . . , Tr} forms a partition of the calibration
set T .
Characteristic vectors of experts. We define the
characteristic vector µi of an expert Ei to be the
centroid of vectors in Ti:

µi =
1

|Ti|
∑

x(t)∈Ti

x(t), (11)

which are the representations of experts’ input
space2 .
Similarity-based routing at inference. Given
an inference-time token representation x, routing
is performed by similarity comparisons with the
characteristic vectors of experts:

Expert(x) = argmax
i∈[r]

sim(x,µi) , (12)

A standard choice is the cosine similarity,

sim(u,v) =
u⊤v

∥u∥2 ∥v∥2 + ϵ
, (13)

where a tiny stability parameter ϵ is added to pre-
vent the “division by zero” error.

2This routing mechanism is conceptually related to nearest-
prototype assignment in representation space, but differs from
learned MoE routers in that no parameters are trained.



3 Experiments

3.1 Experimental Settings
Models and Tasks. We evaluate MoRE across
multiple model families and deployment settings.
Our evaluation covers decoder-only language mod-
els ranging from 3B to 70B parameters, in-
cluding LLaMA-2 (7B, 13B) (Touvron et al.,
2023), LLaMA-3 series (3.2-3B, 3.1-8B, 3.1-8B-
Instruct) (Grattafiori et al., 2024) and Qwen-2.5-
7B-Instruct (Qwen et al., 2025).

We consider two complementary evaluation set-
tings: (i) Language Modeling and Commonsense
Tasks measure next-token prediction quality and
short-form reasoning using perplexity on WikiText-
2 (Merity et al., 2016) and PTB (Marcus et al.,
1993), as well as zero-shot accuracy on Wino-
Grande (Sakaguchi et al., 2019), ARC-Easy/ARC-
Challenge (Clark et al., 2018), and SciQ (Welbl
et al., 2017). These benchmarks align with the
standard evaluation protocol adopted by most prior
pruning and compression work.

(ii) Knowledge-Intensive Question Answer-
ing evaluates transfer behavior beyond language
modeling using MMLU (Hendrycks et al., 2021)
under a 5-shot setting. Rather than serving as a
primary optimization target, MMLU is used as
a stress test to examine how compression meth-
ods behave under distribution shift and increased
knowledge demands. We further use this evalua-
tion to probe whether performance gains observed
under language modeling metrics translate to more
knowledge-intensive scenarios.

Different model subsets are evaluated under dif-
ferent settings to reflect common deployment prac-
tices. Base and smaller instruction-tuned models
(LLaMA-2, LLaMA-3.2-3B, LLaMA-3.1-8B, and
Qwen-2.5-7B-Instruct) are evaluated on language
modeling and commonsense tasks. LLaMA-3.1-
8B-Instruct is further evaluated on the MMLU
Benchmark.
Baselines. We compare MoRE against repre-
sentative structured pruning baselines, including
channel-wise (An et al., 2023), block-wise (Ma
et al., 2023b), and layer-wise pruning (Men et al.,
2024; Gromov et al., 2025; Shopkhoev et al., 2025).
For all baselines, we replicate the original meth-
ods and apply compression and evaluation within a
unified and controlled pipeline, ensuring consistent
model architectures and evaluation protocols. A
detailed discussion of these baselines is provided
in the Appendix A.

Unlike static pruning, MoRE performs condi-
tional computation by activating different param-
eter subsets at inference time while preserving all
pretrained weights. To enable fair comparison un-
der this dynamic setting, we report the pruning rate
(PR), defined as PR = 1−APR, where APR de-
notes the expected activated parameter ratio, i.e.,
the expected fraction of parameters activated per to-
ken relative to the original dense model. A detailed
definition of this metric, together with analytical
justification and empirical validation, is provided
in Appendix F.2.

3.2 Results

Table 1: Performance comparison on LLaMA2 mod-
els with different scales with PR ≈ 20%. We report
average perplexity (PPL-Avg) across language model-
ing benchmarks and average accuracy (QA-Avg) across
non-iterative QA tasks.

Method LLaMA2-7B LLaMA2-13B
PPL-Avg ↓ QA-Avg ↑ PPL-Avg ↓ QA-Avg ↑

Dense 14.29 69.50 16.56 72.28

LLMPruner 26.18 58.77 35.49 64.52
FLAP 20.48 62.15 26.04 64.58
UIDL 31.78 55.77 26.49 63.43
ShortGPT 24.97 56.49 26.49 63.33

Ours 14.55 64.51 20.85 68.38

Table 2: We report average perplexity (PPL-Avg) and
average QA accuracy (QA-Avg) with PR ≈ 20%.

Method LLaMA3.1-8B Qwen2.5-7B
PPL-Avg ↓ QA-Avg ↑ PPL-Avg ↓ QA-Avg ↑

Dense 8.41 76.13 10.62 70.07

LLMPruner 21.19 60.20 – –
UIDL 45.61 63.92 19.12 58.58
ShortGPT 45.61 63.92 19.38 57.79

Ours 10.70 71.38 14.25 62.66

Overall Performance under Matched Compres-
sion Ratios. We evaluate all methods under a
matched compute budget across multiple model
families. All results are obtained without using
domain-specific datasets or task-aware calibration.
Across all evaluated backbones, MoRE consistently
achieves lower perplexity than existing training-
free compression baselines. This trend holds across
model scales and families, including both LLaMA-
2 and LLaMA-3 variants. On non-iterative com-
monsense QA benchmarks (WinoGrande, ARC,
SciQ), MoRE attains the highest or comparable
average accuracy among training-free methods.
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A Related Works.

A.1 Unstructured Pruning
Unstructured pruning removes individual weights without enforcing regular sparsity patterns, often
achieving high compression ratios while preserving model accuracy (Frantar and Alistarh, 2023a; Sun
et al., 2024). However, the resulting irregular sparsity is difficult to exploit efficiently on modern hardware,
limiting practical inference speedups (Han et al., 2016). From a systems perspective, unstructured sparsity
introduces irregular memory access and control flow, as surviving nonzero weights are scattered without
predictable layout. This irregularity prevents efficient vectorization and reduces arithmetic intensity,
leading to poor utilization of modern hardware such as GPUs and TPUs, which are optimized for dense or
regular block-based computation. As a result, realizing inference speedups from unstructured pruning
typically requires specialized sparse kernels, custom hardware support, or a significant engineering effort
to overcome memory bandwidth and scheduling bottlenecks (Gale et al., 2019; Mishra et al., 2021). In
particular, sparse matrix operations often become memory-bound rather than compute-bound, negating
the theoretical reduction in floating-point operations.

Despite these challenges, unstructured pruning remains attractive due to its flexibility and strong
accuracy retention at high sparsity levels, and is widely used in scenarios where model size reduction or
storage efficiency is prioritized over raw inference throughput.

A.2 Semi-Structured Pruning
Semi-structured sparsity, such as N :M patterns, introduces additional regularity by enforcing a fixed
number of nonzero weights within small contiguous blocks. Compared to fully unstructured sparsity,
these constraints enable more predictable memory access and control flow, allowing better utilization
of vector units and partial support from modern accelerators. As a result, N :M sparsity represents a
practical compromise between fine-grained flexibility and hardware efficiency (Zhou et al., 2021; Zhao
et al., 2025).

Nevertheless, semi-structured pruning still yields statically compressed models with fixed sparsity
patterns that execute identical computation for all inputs. Realizing inference speedups typically requires
specialized kernels or dedicated hardware support to match the imposed sparsity structure. Consequently,
unstructured and semi-structured pruning methods are complementary to, but fundamentally different
from, structured pruning approaches that operate on explicit architectural units.

A.3 Structured Pruning by Granularity
In contrast to fine-grained sparsification, structured pruning explicitly targets semantically meaningful
architectural units, and the notion of “structure” can manifest at different levels of granularity within the
Transformer architecture. Existing pruning methods for large language models can be broadly categorized
by the granularity at which parameters or structures are removed. Unlike unstructured sparsification,
structured pruning removes predefined architectural units, leading to hardware-friendly reductions in
inference cost. Below we review structured pruning methods at different granularities.

Channel-, Dimension- and Block-Level Pruning. A number of methods prune model parameters
at the level of MLP channels, attention heads, or embedding dimensions. LLM-Pruner (Ma et al.,
2023b) applies gradient-based importance criteria to prune coupled transformer components, including
attention heads and MLP channels, followed by limited fine-tuning. T’ry-the-Pruner (Li et al., 2025) and
EvoPress (Sieberling et al., 2025) focus on channel- or head-level pruning using one-shot or search-based
strategies to reduce calibration and retraining costs. FLAP (An et al., 2023) estimates channel importance
using activation fluctuation statistics and compensates pruned structures with bias injection.

SliceGPT (Ashkboos et al., 2024) performs fine-grained structured compression by rotating the embed-
ding space and slicing dimensions, enabling retraining-free parameter reduction. Although operating at
a finer granularity than explicit channel pruning, such dimension-level methods similarly preserve the
overall transformer structure. Olica (He and Lin, 2025) combines channel-level pruning with low-rank
factorization, representing a hybrid approach that modifies both structural connectivity and internal
parameterization.



Block-level methods remove or simplify entire transformer modules, such as MLP blocks or attention
blocks. MultiPruner (Muñoz et al., 2025) prunes blocks, channels, and attention heads jointly, with block
removal serving as a primary source of computational savings.

Layer-Level Pruning. Layer pruning removes complete transformer layers, resulting in the most
aggressive form of structured compression. ShortGPT (Men et al., 2024) prunes layers based on block
influence scores that measure input–output similarity. ReplaceMe (Shopkhoev et al., 2025) simplifies deep
transformer models by replacing removed layers with lightweight linear approximations. UIDL (Gromov
et al., 2025) examines the ineffectiveness of deep layers and designs a method to prune deeper layers
based on representational redundancy.

A.4 Mixture-of-Experts: Training-Based Upcycling and Efficient Inference
MoE from Scratch. Mixture-of-Experts (MoE) models introduce conditional computation by activating
only a subset of parameters for each input token (Fedus et al., 2022a; Shazeer et al., 2017; Dai et al.,
2024). In their canonical form, MoE architectures are trained from scratch, with expert specialization
and routing behavior jointly learned through optimization (Wei et al., 2024; Lepikhin et al., 2020). This
design enables scaling model capacity while controlling per-token computation, and has been adopted in
large-scale language models to achieve favorable accuracy–efficiency trade-offs.

MoE Upcycling from Dense Checkpoints. Beyond training from scratch, several works explore
converting pretrained dense models into MoE architectures through dense-to-sparse upcycling (He et al.,
2025). These approaches aim to reuse pretrained weights while introducing expert structure and routing
mechanisms via additional training (Huang et al., 2025; Liew et al., 2025; Nakamura et al., 2025a).
Typically, expert specialization is induced by retraining selected modules or reconstructing experts from
dense representations, often requiring nontrivial optimization to achieve stable routing behavior (Guo et al.,
2025a). While upcycling reduces the cost of training large MoE models from scratch, it nevertheless relies
on training to create and align conditional structure, distinguishing it from fully training-free approaches.

Dense-to-MoE Conversion and Expert Extraction. Several recent works explore transforming pre-
trained dense models into MoE-like architectures or extracting expert subnetworks post-training. (Berisha
et al., 2025) propose an efficient data-driven approach to extract experts from trained networks by cluster-
ing activation patterns in MLP layers and constructing an MoE variant based on these clusters. (Feng
et al., 2025) reconstructs a sparse MoE from a dense model by enhancing expert diversity through domain
affinity mining and pruning-based reconstruction, often involving further retraining of routers and experts
to achieve strong performance.

Efficient Inference for Conditional Computation. A complementary line of work focuses on accel-
erating inference for models with conditional computation, including MoE architectures with learned
routing. These methods optimize expert dispatch, batching, communication, and kernel execution to
improve throughput and latency (Guo et al., 2025b; Tan et al., 2024), assuming that the routing structure
is already available. Such systems-level advances are orthogonal to our focus, as they address how to
efficiently execute conditional computation, rather than how conditional structure arises in pretrained
dense models.

B Rethinking Static Compression in Pretrained LLMs

B.1 Permanent Parameter Removal in Pruning
Having discussed why static parameter removal is brittle for pretrained LLMs, we next revisit the
evidence for input-dependent parameter usage and clarify the deployment constraints that arise under
static compression.3

Empirically, we observe that activation patterns in pretrained LLMs vary substantially across input
distributions and downstream tasks, indicating that few parameters are consistently active or inactive

3By static compression, we refer to post-training methods that permanently remove model parameters based on fixed
importance estimates.



across all settings (see Appendix E.2 for a comprehensive study on the natural activation patterns and
their dependence on model and task). Consequently, most high-performing pruning methods for LLMs
rely heavily on downstream calibration data to estimate parameter importance under a specific task or
distribution and to ensure that removed weights do not harm performance on that setting (Cheng et al.,
2024).
B.2 Input-Dependent Parameter Importance in LLMs

To address the limitations of static parameter removal in pruning, an alternative paradigm has gained
increasing attention: conditional computation, in which the layer in the model dynamically selects a
subset of model parameters to execute based on the input (Shazeer et al., 2017). Unlike pruning, which
permanently removes parameters after calibration, conditional computation preserves all parameters and
adapts computation at inference time, allowing different inputs to engage different parts of the model.

Mixture-of-Experts (MoE) (Fedus et al., 2022a; Shazeer et al., 2017) architectures represent a prominent
instantiation of conditional computation and provide a useful reference point for understanding the
potential and limitations of input-dependent activation. In MoE models, a lightweight routing mechanism
activates only a small subset of experts for each input token, thereby reducing per-token computation while
maintaining—or even increasing—overall model capacity (Fedus et al., 2022b; He, 2024). This design has
been adopted in many recent large-scale language models due to its favorable efficiency–capacity trade-off.
A key insight underlying MoE models is that input-dependent activation enables higher expressive capacity
under a fixed computation budget by allocating capacity selectively across inputs. For the same number
of activated parameters, conditionally computed models can represent a richer family of functions than
dense models, as different inputs can leverage different subnetworks.
B.3 Calibration Dependency and Deployment Constraints

While conditional computation has demonstrated strong efficiency–capacity trade-offs, existing MoE
models typically incur additional costs. Whether constructed via dense-to-sparse up-cycling or trained
from scratch, MoE architectures fundamentally rely on additional training to induce expert specialization
and to learn routing mechanisms that assign input tokens to experts (Liew et al., 2025; He et al., 2025;
Nakamura et al., 2025b; Guo et al., 2025a).

From a post-training compression and deployment perspective, this reliance on training is often
impractical. Many real-world scenarios provide no access to downstream data distributions, no budget
for finetuning, and only permit deploy-time modification of pretrained models (Williams and Aletras,
2024; Zhu et al., 2024). This constraint is especially restrictive for highly expressive pretrained LLMs,
where few parameters are truly globally unimportant; instead, most weights contribute in an input- and
context-dependent manner, making static removal or retraining-based specialization difficult to justify.
These observations suggest that effective post-training compression requires a mechanism that preserves
model capacity while adapting computation to input variation, without relying on additional training.

C Extended Method.

C.1 Motivation: Non-Uniform Channel Contributions in Dense Feed-Forward Layers

To enable a training-free transformation from dense feed-forward layers to input-conditioned activated
MoE style layer, a key prerequisite is that the original MLP layers exhibit some form of latent separability.
We need to identify exploitable structure in dense feed-forward layers without modifying model weights,
so that the model will achieve input-dependent sparse computation by selectively activating different
subsets of parameters for different inputs at inference time.

One might conjecture that latent separability could be trivially exploited by partitioning MLP channels
(i.e., individual hidden dimensions in the feed-forward layers) into disjoint groups and activating different
groups for different inputs. Under such a formulation, the dense feed-forward layer would admit a
clean decomposition into independent subnetworks, each responsible for a distinct subset of inputs.
However, this idealized form of separability rarely holds in practice. Empirically, we find that naive expert
partitioning—where channels are rigidly split into disjoint experts—fails to preserve model performance,
as it disrupts shared computation that is consistently required across inputs. We provide both activation



visualizations and quantitative evidence showing that such naive splits lead to substantial accuracy
degradation (Appendix E.3).

At the other extreme, if all channels in a feed-forward network contributed uniformly and interchange-
ably across inputs—that is, each channel exhibited similar output magnitude for any input token—then
any rule-based conditional activation would inevitably disrupt the original computation. This motivates us
to ask a basic but underexplored question:

Do all channels in pretrained FFNs contribute similarly to computation, or is there an inherent
imbalance that can be exploited for conditional execution?
Non-Uniform Channel Contributions To answer this question, we analyze the activation contribution
spectrum of channels in pretrained FFN layers. For each channel, we aggregate its activation magnitude
across a large set of input tokens and normalize by the total activation mass. Figure 1 visualizes the
resulting channel activation spectrum, with channels ranked by their total contribution.
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Figure 1: Channel activation spectrum of a pretrained MLP layer. A pronounced long-tail pattern emerges, where a
small subset of channels dominates total activation, while most channels are weakly activated, indicating a hybrid
structure of shared backbone and input-dependent channels.

We observe a highly skewed distribution: a small fraction of channels consistently accounts for a
disproportionate share of total activation, while the majority of channels contribute only weakly on
average. For example, the top-ranked channels alone capture a substantial portion of the total activation
mass, whereas hundreds or thousands of remaining channels exhibit long-tail, low-frequency contributions.

This phenomenon suggests that dense FFNs implicitly encode non-uniform channel importance, even
though all channels are executed for every input during inference.



Backbone Channels vs. Input-Dependent Channels. The observed activation imbalance motivates a
structural hypothesis: a subset of channels may consistently contribute to core computations across
diverse inputs, while the remaining channels participate in a more input-dependent manner, with
different tokens engaging different subsets of these channels.

Conceptually, this hybrid activation pattern can be viewed as being well-approximated by a sunflower-
like4 structure over the set of token-wise activation channels: a shared core of frequently activated
channels corresponds to the core of the sunflower, while input-dependent subsets of channels form its
petals. We do not assume that token-wise activation patterns form an exact sunflower. Rather, we use the
sunflower abstraction as a low-complexity structural proxy to capture the coexistence of a shared core and
input-dependent residuals, which significantly simplifies both reasoning and algorithm design.

Under this abstraction, channels with high activation frequency can be interpreted as forming a shared
backbone that supports general model functionality, whereas sparsely activated channels may enable
contextual specialization by contributing selectively depending on the input. We emphasize that this
interpretation is conjectural at this stage and serves as a guiding intuition, rather than a definitive empirical
conclusion.

This hypothesis naturally raises a research question: If dense feed-forward layers indeed exhibit a
backbone–specialization structure, how can conditional computation be constructed to exploit this
organization without retraining or modifying model weights?

Instead, a more flexible strategy is to preserve a shared set of backbone channels that are always executed,
while conditionally engaging subsets of sparsely activated channels based on input characteristics. Such
a design would align with the intrinsic activation structure of pretrained models, while avoiding the
brittleness of static channel removal.

Motivated by this perspective, we design MoRE to explicitly exploit the non-uniform contribution
structure of dense FFNs. Rather than forcing a hard partition of channels into disjoint experts, MoRE
maintains a shared backbone and conditionally activates specialized channel subsets based on the properties
of input tokens. From a combinatorial perspective, modeling activation patterns as a sunflower-like set
system implies that the effective diversity of token-wise activation supports is far smaller than that of a
general k-subset family. At a high level, MoRE proceeds in three stages: (1) identify globally shared
backbone channels that are consistently important across inputs; (2) partition the remaining channels into
expert-specific subspaces based on co-activation patterns; and (3) route each input token to the expert
whose specialization best matches its representation, using a training-free similarity-based criterion. We
next formalize each step.

C.2 Notation Reference.

For any natural number m ≥ 1, we use [m] to denote the set {1, . . . ,m}. We use bold lower case letters
such as x,y, . . . to denote vectors and upper case letters such as A,B, . . . to denote matrices. For a
vector x ∈ Rm, its ith entry is denoted by xi, and its norm (i.e. ℓ2-norm) is ∥x∥2 =

(∑m
i=1 |xi|2

)1/2.
Similarly, for a matrix M ∈ Rm×n, its (i, j)-th entry is denoted by Mi,j and its Frobenius norm is defined

by ∥M∥F =
(∑m

i=1

∑n
j=1 |Mij |2

)1/2
. If x ∈ Rm and S ⊂ [m], then xS is the sub-vector of x indexed

by S. Similarly, if M ∈ Rm×n, S ⊂ [m] and T ⊂ [n], then MS,T is the sub-matrix of M whose rows are
indexed by S and columns indexed by T . When S = T , we simply write MS .

Sunflower. Let E be a set system over the universe [m] (i.e. a collection of subsets E = {E1, . . . , Er}
with each Ei ⊆ [m]). E is called is a sunflower if there is a subset C ⊂ [m] (called the core or kernel of
the sunflower) such that, for each pair of distinct subsets Ei, Ej ∈ E , we have Ei ∩ Ej = C. That is, a
set system E is a sunflower if all sets (called petals of the sunflower) share the same common subset of
elements (namely the core C). We emphasize that MoRE does not assume the activation supports strictly
form a sunflower; the definition is used only to describe the structure of recognized experts.

4In mathematics, a sunflower refers to a collection of sets that share a common core while differing in their non-shared
elements. We use the term as a structural abstraction rather than a strict combinatorial assumption, to capture the coexistence of
a shared backbone and input-dependent residuals (see Appendix C.2).



D Calibration Robustness and Effective Sample Size.

D.1 Empirical Effects of Calibration Set Size

This section examines the robustness of MoRE to calibration set size, focusing on whether reliable
conditional structures can be extracted from a limited number of samples. All results are reported on
LLaMA-3.1-8B under a fixed compression budget of approximately 20%, using the same general-domain
calibration source.

Table 3: Effect of calibration size on MoRE under a fixed compression budget (∼20%) on LLaMA-3.1-8B. All
results use general-domain calibration without access to downstream tasks. Increasing calibration size beyond 100
samples does not yield consistent performance gains.

Method PPL-Avg ↓ Task-Avg ↑

50 samples 10.78 70.71
100 samples 10.70 71.38
500 samples 12.33 68.70

We evaluate MoRE with calibration sizes of 50, 100, and 500 samples (with 256 tokens/sample). As
shown in Table 3, performance improves substantially when increasing the calibration size from 50 to 100
samples, while further increasing the calibration size to 500 does not yield consistent gains. In fact, both
perplexity and downstream task accuracy slightly degrade in several cases at 500 samples.

This empirical observation shows that MoRE does not benefit monotonically from larger calibration sets.
But instead, MoRE relies on estimating coarse but stable structural signals—such as globally important
channels and dominant co-activation patterns—rather than fitting fine-grained, task-specific statistics.

D.2 Effective Sample Size

Empirically, activation patterns concentrate on a much smaller subset of the combinatorial space, indicating
that the number of effectively populated patterns is far smaller than

(
m
kact

)
. We refer to this phenomenon as

channel concentration in the following text.
To verify whether such channel concentration occurs in practice, we empirically analyze the distribution

of activation patterns and measure the fraction of channels that repeatedly appear among the top-kact
activations across calibration samples, where kact = α ·m for small ratios α.

Table 4: Empirical channel coverage under different effective top-Kact activation ratios. Results are reported on
LLaMA-3.1-8B using a middle-layer MLP. Despite observing over 25k tokens, many intermediate channels are
never selected among the top-kact activations.

α Top-Kact Total Channels (m) Never Activated Never-Activated Ratio

1× 10−3 14 14,336 7,478 52.16%
5× 10−4 7 14,336 10,434 72.78%

Table 4 provides empirical evidence of strong channel concentration in practice. Even with more than
25k observed tokens, a substantial fraction of intermediate channels are never selected among the top-kact
activations, and the set of channels that are repeatedly activated remains small under different top-Kact

ratios. This indicates that activation patterns occupy only a limited subset of the combinatorial space, and
that the effective support of channel usage is far smaller than the nominal intermediate dimension m.

Consequently, the effective number of activation bins Meff is much smaller than the worst-case upper
bound

(
m
kact

)
assumed in the theoretical analysis. This observation provides an empirical case study

suggesting that the effective sample size in practice can be substantially smaller than the worst-case bound
considered in the previous robustness analysis.



E Extended Ablation Study & Analysis

E.1 Analysis and Ablation Studies
E.1.1 Transfer Behavior on Knowledge-Intensive QA
We evaluate transfer robustness on the MMLU benchmark under a 5-shot setting, using LLaMA-3.1-8B-
Instruct under the same compute budget. This experiment probes whether efficiency gains obtained on
language modeling tasks translate to knowledge-intensive and distribution-shifted scenarios.

Table 5: Transfer performance on MMLU under a fixed compute reduction (PR ≈ 15%) using LLaMA-3.1-8B-
Instruct.

Method STEM Medical Humanities Subject Avg.

Dense 46.89 68.70 69.97 61.85

ShortGPT 20.94 46.06 54.32 40.44

Ours 46.05 66.86 68.33 60.41

As shown in Table 14, MoRE maintains stable performance across STEM, medical, and humanities
subjects, with only a small drop relative to the dense model. In contrast, ShortGPT exhibits consistent
degradation across all subject groups, with particularly pronounced losses on STEM categories. The gap
between MoRE and ShortGPT is uniform across subjects, indicating a systematic difference in transfer
robustness rather than task-specific effects.

E.1.2 Understanding Recognized Experts: Backbone vs. Residual Specialization.
We ablate MoRE to isolate the contributions of backbone channels, residual capacity, and routing alignment
to conditional computation in pretrained MLP layers. All variants are evaluated on LLaMA-3.1-8B under
a fixed compression budget of approximately 20% (same setting as Section 3.2) and share identical expert
partitions and parameter budgets; they differ only in channel activation and routing.
Backbone-Only Activation. The MoRE-Backbone variant activates only globally important channels
while disabling all residual channels. As shown in Table 6, the model remains functional but exhibits
substantial degradation in both perplexity and downstream accuracy, suggesting that shared backbone
channels alone cannot support input-specific variation.

Table 6: Abbreviated result of ablation study on backbone and residual specialization under identical compression
budgets. All MoRE variants share the same expert structure and parameter budget, and differ only in which channel
subsets are activated and how inputs are routed.

Method PPL-Avg ↓ Task-Avg ↑

MoRE-Backbone 17.16 61.68
MoRE-Random 16.02 63.04
MoRE-Full 10.70 71.38

Residual Capacity without Alignment. The MoRE-Random variant activates residual channels but
assigns tokens to experts using random routing. Compared to Backbone-only activation, performance
improves across all metrics, indicating that residual channels provide additional capacity; however, the
gains remain limited and fall short of MoRE-Full.
Aligned Conditional Specialization. The MoRE-Full variant activates both backbone and residual
channels and routes tokens using training-free, representation-derived routing. MoRE-Full substantially
outperforms both ablations, recovering a substantial fraction of the dense model’s performance under the
same compute budget without modifying pretrained weights or introducing finetuning. Taken together,
these results isolate routing alignment as the key factor that enables residual capacity to translate into
effective input-dependent specialization.

E.2 Data- & Model-Dependent Activation Pattern.
To quantify differences in activation patterns across layers and models, we measure representation
similarity using Centered Kernel Alignment (CKA) (Kornblith et al., 2019). CKA is a normalized



similarity metric derived from the Hilbert–Schmidt Independence Criterion (HSIC) and is invariant to
isotropic scaling and orthogonal transformations of representations. In this work, we adopt the RBF-kernel
variant of CKA to capture nonlinear similarities between activation patterns, where lower CKA values
indicate larger representational shifts.

Formally, given two activation matrices X and Y , CKA is defined as

CKA(X,Y ) =

〈
K̃X , K̃Y

〉
F√〈

K̃X , K̃X

〉
F

〈
K̃Y , K̃Y

〉
F

, (14)

where K̃X = HKXH and K̃Y = HKY H are the centered kernel matrices, with H = I − 1
n11

⊤. The
RBF kernel matrices are given by

(KX)ij = exp

(
−∥xi − xj∥2

2σ2

)
, (KY )ij = exp

(
−∥yi − yj∥2

2σ2

)
. (15)

To better understand how activation patterns vary across depth, model families, and data distributions,
we conduct a series of representation similarity analyses using CKA. We progressively examine (i)
depth-wise differences within the same model, (ii) cross-model differences at aligned depths, and (iii)
data-induced shifts under different input distributions.

We first analyze depth-wise activation pattern differences within each model. Table 7 reports the CKA
similarity between shallow, middle, and deep layers for three representative models.

Table 7: Activation pattern differences across depths for LLaMA-3.1-8B, LLaMA-3.1-8B-Instruct, and Qwen-2.5-
7B-Instruct. We compare the activation pattern of shallow, middle, and deep layers using representation similarity
(CKA). “Depth A – Depth B” denotes the similarity between the corresponding layers of the two depths within a
model. Lower CKA indicates a larger activation pattern shift.

Model Shallow – Middle Middle – Deep Shallow – Deep

LLaMA-3.1-8B 0.8022 0.8223 0.6523
LLaMA-3.1-8B-Instruct 0.8071 0.8120 0.6455
Qwen-2.5-7B-Instruct 0.6538 0.8076 0.6948

Across the three tables, we observe structured and non-uniform shifts in activation patterns. Within
the LLaMA family (Table 7), representations diverge more as layers are farther apart, with the largest
shift occurring between shallow and deep layers. In contrast, Qwen exhibits a pronounced transition from
shallow to middle depth, while middle and deep layers remain relatively similar, suggesting a depth-wise
“phase transition” rather than a gradual drift.

We next compare activation patterns across different model families at aligned depths. This analysis
reveals how architectural choices and instruction tuning affect representations independently of depth.

Table 8: Cross-model activation pattern similarity at aligned depths measured by CKA. “Model A – Model
B” denotes the similarity between the corresponding layers of the two models. Lower values indicate larger
representational divergence.

Depth Llama Base – Llama Instruct Llama Base – Qwen Instruct Llama Instruct – Qwen Instruct

Shallow 0.9741 0.3940 0.3818
Middle 0.9751 0.5933 0.5801
Deep 0.9814 0.6123 0.6064

Cross-model comparisons at aligned depths (Table 8) further show that models from different families
(LLaMA vs. Qwen) can differ substantially at the same depth. Interestingly, this divergence becomes
smaller at deeper layers, and the largest change again occurs from shallow to middle depth, consistent
with the within-model pattern observed for Qwen. One plausible explanation for this depth-dependent
convergence is that shallow layers are more tightly coupled to model-specific design choices, such as



tokenization, embedding parameterization, and early feature mixing, which vary substantially across
model families.

As a result, representations at shallow depths tend to be highly architecture-dependent. In contrast,
middle-to-deep layers may increasingly operate in more abstract, task-conditioned subspaces that support
similar functional roles across different models, such as reasoning, aggregation, and decision-oriented
transformations. This could partially explain why cross-model representational differences diminish with
depth, and why the most pronounced structural transition consistently occurs between shallow and middle
layers.

Finally, we study how activation patterns shift under different data distributions. Specifically, we com-
pare representations induced by a general-domain dataset (Pile) and a task-oriented dataset (WinoGrande).

Table 9: Data-induced activation pattern shifts across depths. For each model, we measure the CKA similarity
between activations obtained from a general-domain corpus (Pile) and a task-specific dataset (WinoGrande). Lower
CKA values indicate stronger data-dependent specialization of activation patterns.

Depth LLaMA-3.1-8B LLaMA-3.1-8B-Instruct Qwen-2.5-7B-Instruct

Shallow 0.1984 0.2126 0.2305
Middle 0.2224 0.2301 0.2671
Deep 0.1583 0.1637 0.2502

Table 9 highlights strong data dependence: even under the same model-layer setting, changing the input
distribution (Pile vs. WinoGrande) induces a large representational shift. This case study suggests that
activation patterns are highly input- and task-dependent, motivating conditional computation strategies
that allocate activated capacity based on the observed calibration statistics rather than relying on a fixed,
globally determined partition.

E.3 Naive Expert Partitioning.
We further compare MoRE with a naive clustering-based expert partitioning strategy that enforces disjoint
experts.

Table 10: Comparison between MoRE-Full and a naive clustering-based expert partitioning strategy. The clustering
baseline directly partitions neurons into disjoint experts based on activation similarity, with additional heuristics to
merge small experts and constrain oversized ones. Results indicate that naive hard partitioning leads to inferior
accuracy–efficiency trade-offs under the same activated parameter budget.

Method PR (%) PPL Avg. ↓ Task Avg. ↑

Dense - 8.41 76.13

MoRE-Full (Ours) 20 10.70 71.38
MoRE-Clustering (Naive) 20 40.30 54.06

Despite using the same activated parameter budget, this baseline suffers from severe performance
degradation (Table 10), suggesting that hard neuron partitioning is insufficient for preserving model
capacity.

Table 11: Full result of ablation study on backbone and residual specialization under identical compression budgets.
All MoRE variants share the same expert structure and parameter budget, and differ only in which channel subsets
are activated and how inputs are routed.

Method PPL-Wiki ↓ PPL-PTB ↓ PPL-Avg ↓ Wino ↑ ARC-E ↑ ARC-C ↑ SciQ ↑ QA-Avg ↑

MoRE-Backbone 14.40 19.92 17.16 58.72 61.95 32.85 93.20 61.68
MoRE-Random 13.34 18.69 16.02 61.01 63.26 34.39 93.50 63.04
MoRE-Full 8.41 12.99 10.70 67.72 76.39 45.90 95.50 71.38

E.4 Controlling Compression Budgets.
Layer Selection and Budget Allocation. Unlike pruning methods that enforce a fixed sparsity ratio
through permanent parameter removal, MoRE realizes compression budgets through conditional activation.



As a result, the “pruning ratio (PR)” is determined by how capacity is dynamically allocated across selected
layers and experts, rather than by a single global knob. This behavior is intrinsic to conditional computation
and reflects a design trade-off between flexibility and budget realization

In practice, the realized budget depends on which layers are converted into MoRE layers. We primarily
apply MoRE to middle-to-deep layers, motivated by evidence (Gromov et al., 2025) that deeper Trans-
former layers are often more redundant and exhibit higher similarity to neighboring layers, such that
removing a substantial fraction of deep layers can cause surprisingly small degradation on common QA
benchmarks.

For completeness, we additionally evaluate two alternative strategies: (i) applying MoRE to early-to-
middle layers, and (ii) uniformly distributing MoRE layers across depth. These variants serve as ablations
to illustrate how layer choice influences budget allocation, rather than as optimized configurations.

Table 12: Layer selection ablation under a fixed compute reduction. We compare different layer selection strategies
for applying MoRE, including uniform selection across layers, early–middle layers, and middle–deep layers.
Results are reported on language modeling (perplexity) and non-iterative QA benchmarks. Bold denotes the best
performance in each column, and red denotes the second-best result.

Method PPL-Wiki ↓ PPL-PTB ↓ PPL-Avg ↓ Wino ↑ ARC-E ↑ ARC-C ↑ SciQ ↑ QA-Avg ↑

Uniform 8.60 13.46 11.03 67.32 75.17 45.31 95.40 70.80
Early–Middle 9.58 14.42 12.00 65.19 74.96 43.00 95.00 69.54
Middle–Deep 8.41 12.99 10.70 67.72 76.39 45.90 95.50 71.38

E.5 Effect of the Number of Experts.
Expert Counts in MoRE. Table 13 studies the impact of expert count in MoRE under a fixed compres-
sion budget, where all other settings are kept unchanged. The default setting of MoRE on LLaMA-3.1-
8B-Instruct is E = 4. Across all settings, MoRE remains consistently competitive in both perplexity and
downstream QA metrics, while different expert granularities lead to modest performance variations.

Table 13: Effect of expert count in MoRE: We compare different numbers of experts while keeping other settings
unchanged.

Method PPL-Wiki ↓ PPL-PTB ↓ PPL-Avg ↓ Wino ↑ ARC-E ↑ ARC-C ↑ SciQ ↑ QA-Avg ↑

MoRE (E=2) 7.97 12.43 10.20 69.53 78.20 49.83 95.70 73.32
MoRE (E=4) 8.41 12.99 10.70 67.72 76.39 45.90 95.50 71.38
MoRE (E=8) 8.95 13.71 11.33 66.06 74.45 44.71 95.10 70.08

In MoRE, expert capacity is bounded by a maximum size to satisfy the target compression budget. In
this work, we adopt a fixed maximum and minimum expert capacity range across all experiments to ensure
fair and consistent budget realization. We leave adaptive or learned expert capacity control to future work.

F Extended Experiments.

F.1 Scope of Evaluation.
Our evaluation focuses on training-free conditional compression at the algorithmic level. In particular,
MoRE is applied to feed-forward (FFN) modules in Transformer-based language models (compared to
pruning, where both the attention layer and FFN are prunable modules), where conditional computation is
most naturally supported. As a result, the achievable compression ratio is inherently constrained by the
proportion of FFN parameters in the overall model.

We emphasize that our goal is not to maximize compression at all costs, but to evaluate a perpendicular
compression paradigm under compression ratios comparable to structured pruning baselines. This choice
ensures fair comparison in terms of granularity and avoids instability introduced by overly aggressive
compression.

Overall, we focuses on algorithm-level efficiency rather than system-level deployment optimization. We
do not incorporate runtime scheduling, kernel fusion, or specialized sparse execution engines. Nevertheless,
extensive prior work on sparse MoE acceleration and deployment suggests that reductions in activated



computation can translate into practical speedups under appropriate system support (Tan et al., 2024; Guo
et al., 2025b).

F.2 Compression Estimation under Conditional Computation

Estimating Effective Parameter Utilization. We quantify compression in MoRE using the notion of
activated parameter ratio, which measures the expected fraction of parameters involved in computation at
inference time. We consider all linear projections in Transformer MLP and attention modules as prunable
parameters for comparison purposes, including the up-, down-, and gate-projection matrices in MLPs, as
well as the Q, K, V , and output projections in attention layers. Let Pattn and Pmlp denote the numbers of
parameters in attention and MLP projections, respectively, and let Ptotal = Pattn + Pmlp.

In this work, MoRE sparsifies only MLP modules, while keeping all attention projections unchanged.
Under top-1 routing, each input activates all attention parameters and only a subset of MLP parameters.
We therefore define the effective activated parameter ratio (APR) of MoRE as

APRMoRE
total =

Pattn + E[Pact,mlp]

Ptotal
, (16)

and thus PR (pruning rate we used throughout the experiment table) is defined as:

PR = 1− APR (17)

where E[Pact,mlp] denotes the expected number of activated MLP parameters per input. This formula-
tion enables a direct comparison with structured pruning methods under a unified notion of expected
computation budget.

Discussion on Uniform Routing Assumption. To estimate E[Pact,mlp], we assume a uniform routing
distribution across experts. We emphasize that this assumption is not intended to model the exact runtime
routing behavior of MoRE, which is inherently input-dependent and non-uniform. Instead, it serves as a
simple and reproducible proxy for estimating the expected MLP activation ratio under top-1 routing.

Importantly, matching the same total activated parameter ratio as pruning baselines is conservative for
MoRE. While structured pruning methods typically reduce parameters in both MLP and attention modules,
MoRE keeps all attention parameters fixed and can only reduce computation through MLP sparsification.
As a result, achieving the same total APR requires a proportionally stronger reduction in MLP parameters
for MoRE. Our comparison, therefore, reflects a conservative setting that favors pruning-based baselines.

We stress that our goal is not to capture exact per-input computation, but to compare methods under the
same expected activation budget. This perspective is standard for conditional computation methods and
allows us to assess effective model capacity at deployment time in a consistent manner.

A Case Study of MoRE Routing Behavior. To characterize the routing behavior of MoRE, we quantify
the deviation between the empirical expert-routing distribution and a uniform reference distribution using
the Jensen–Shannon divergence (JSD). Given an empirical routing distribution p = (p1, . . . , pE) over E
experts at a layer, and a uniform distribution u = ( 1

E , . . . , 1
E ), the JSD is defined as

JSD(p ∥ u) = 1
2KL(p ∥ m) + 1

2KL(u ∥ m), m = 1
2(p+ u), (18)

where KL(· ∥ ·) denotes the Kullback–Leibler divergence. We report JSD using a base-2 logarithm, in
which case JSD ∈ [0, 1].

Intuitively, JSD measures how far the routing distribution deviates from uniform expert utilization: a
value of 0 corresponds to perfectly uniform routing, while larger values indicate increasingly skewed
expert selection.

Figure 2 shows the layer-wise JSD of routing distributions in MoRE. The observed variation across
layers indicates that routing behavior is depth-dependent rather than uniformly balanced throughout the
network.



Figure 2: Layer-wise Jensen–Shannon divergence (JSD) between the empirical routing distribution of MoRE
and a uniform reference distribution. Lower divergence in early layers and higher divergence in deeper layers
indicate structured, layer-dependent expert specialization, rather than global routing collapse or static computation
imbalance.

Discussion on Compression Estimation and Evaluation Protocol. A central question raised by
conditional compression methods such as MoRE is whether their compression estimation and evaluation
protocol are comparable to those of static pruning approaches. Unlike pruning, which permanently
removes parameters and induces a fixed computation graph, MoRE preserves all pretrained weights and
reduces computation through input-dependent activation. As a result, exact per-input computation is
inherently non-uniform and cannot be characterized by a single deterministic parameter count.

To enable a meaningful comparison, we adopt an expected parameter utilization metric under a uniform
routing assumption, which serves as a stable proxy for the effective capacity activated at deployment time.
This choice does not aim to precisely model runtime routing behavior, but rather to align MoRE with the
evaluation paradigm commonly used by static compression methods, where a fixed computation budget is
assumed across inputs. Importantly, we treat this estimate as a normalization mechanism for comparison,
not as a claim of exact computation equivalence.

Complementary to this estimation, we empirically analyze the actual routing behavior using layer-wise
distributional metrics, showing that routing skew varies across depth but remains structured rather than
pathological. Taken together, these analyses suggest that while conditional compression fundamentally
differs from static pruning in its computation semantics, evaluating methods under a shared expected
budget provides a reasonable and reproducible basis for comparing accuracy–efficiency trade-offs.

F.3 Full Experiment Tables.

Table 14: Transfer performance on MMLU under a fixed compute reduction (PR ≈ 15%) using LLaMA-3.1-8B-
Instruct.

Method STEM Medical Humanities Subject Avg.

Dense 46.89 68.70 69.97 61.85

ShortGPT 20.94 46.06 54.32 40.44

Ours 46.05 66.86 68.33 60.41



Table 15: Comprehensive results across multiple model families under matched compute budgets (PR ≈ 20%, and
≈ 10% for LLaMA-3.2-3B). We report perplexity on language modeling benchmarks and accuracy on non-iterative
QA tasks. Bold numbers indicate the best performance within each column other than the dense model.

Method PPL-Wiki ↓ PPL-PTB ↓ PPL-Avg ↓ Wino ↑ ARC-E ↑ ARC-C ↑ SciQ ↑ QA-Avg ↑

LLaMA2-7B

Dense 5.47 23.10 14.29 67.25 73.78 45.05 91.90 69.50

LLMPruner 9.14 43.22 26.18 55.49 66.46 32.42 80.70 58.77
ReplaceMe 10.96 33.25 22.11 58.01 54.55 31.66 83.10 56.83
UIDL 15.47 48.10 31.78 57.46 52.82 32.51 80.30 55.77
ShortGPT 12.18 37.77 24.97 57.54 54.08 31.74 82.60 56.49
FLAP 7.64 33.32 20.48 61.88 63.05 32.08 91.60 62.15

Ours 6.27 22.87 14.55 60.93 67.42 38.40 91.30 64.51

LLaMA2-13B

Dense 4.88 28.23 16.56 70.48 76.52 48.81 93.30 72.28

LLMPruner 7.34 63.64 35.49 58.41 72.47 39.08 88.10 64.52
ReplaceMe 7.39 45.73 26.56 63.22 63.05 38.23 88.60 63.28
UIDL 8.30 44.69 26.49 64.48 62.33 38.40 88.50 63.43
ShortGPT 8.30 44.69 26.49 64.17 62.50 38.14 88.50 63.33
FLAP 6.52 45.56 26.04 64.40 67.09 35.41 91.40 64.58

Ours 5.29 36.41 20.85 66.06 71.97 42.49 93.00 68.38

LLaMA3.1-8B

Dense 6.24 10.58 8.41 71.43 82.53 54.95 95.60 76.13

LLMPruner 16.12 26.27 21.19 56.99 61.36 28.84 93.60 60.20
ReplaceMe 20.82 32.05 26.43 63.30 66.79 42.75 87.20 65.01
UIDL 45.95 45.27 45.61 62.90 64.14 40.02 88.60 63.92
ShortGPT 45.95 45.27 45.61 63.14 63.97 40.02 88.60 63.93

Ours 8.41 12.99 10.70 67.72 76.39 45.90 95.50 71.38

LLaMA3.2-3B

Dense 7.81 12.64 10.23 68.43 72.10 46.33 93.40 70.07

ReplaceMe 13.09 21.06 17.08 63.85 66.16 37.54 89.80 64.34
ShortGPT 13.39 19.52 16.46 62.98 69.07 38.23 93.50 65.95

Ours 9.38 14.73 12.06 66.14 71.04 40.44 94.70 68.08

Qwen2.5-7B

Dense 7.81 13.42 10.62 68.43 72.10 46.33 93.40 70.07

UIDL 13.24 25.00 19.12 53.67 63.59 32.94 84.10 58.58
ShortGPT 12.04 25.46 19.38 52.33 62.50 31.74 82.60 57.79

Ours 10.49 18.01 14.25 59.67 64.65 40.02 86.30 62.66
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