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Abstract

Large Language Models (LLMs) with Mixture-of-Experts
(MoE) architectures are distinguished by their strong per-
formance scaling with increasing parameters across a wide
range of tasks, yet they also suffer from substantial com-
putational and storage overheads. Notably, the performance
gains of MoE models do not scale proportionally with the
growth in expert parameters. While prior works attempt to
reduce parameters via expert-level pruning, merging, or de-
composition, they still suffer from challenges in both per-
formance and computational efficiency. In this paper, we
address these challenges by introducing micro-expert as a
finer-grained compression unit that spans across matrices.
We first establish a more fundamental perspective, viewing
MOoE layers as mixtures of micro-experts, and present CAM-
ERA, a lightweight and training-free framework for identify-
ing micro-expert redundancy. Our analysis uncovers signif-
icant variance in micro-expert contributions during decod-
ing. Based on this insight, we further propose CAMERA-P,
a structured micro-expert pruning framework, and CAMERA-
Q, a mixed-precision quantization idea designed for micro-
experts. Extensive experiments on nine downstream tasks
show that CAMERA-P consistently outperforms strong base-
lines under pruning ratios ranging from 20% to 60%. Further-
more, CAMERA-Q achieves superior results under aggressive
2-bit quantization, surpassing existing matrix- and channel-
level ideas. Notably, our method enables complete micro-
expert analysis of Qwen2-57B-A14B in less than 5 minutes
on a single NVIDIA A100-40GB GPU.

Code — https://github.com/xuyuzhuang1 1/CAMERA
Extended version — https://arxiv.org/abs/2508.02322

1 Introduction

Large Language Models (LLMs) based on Mixture-of-
Experts (MoE) architecture leverage sparse Feed-Forward
Network (FFN) structures to enable efficient model scal-
ing, where each time only a subset of experts is activated
by a router (Shazeer et al. 2017; Fedus, Zoph, and Shazeer
2022). This design facilitates the scaling of LLMs to hun-
dreds of billions of parameters. Many well-known open-
source models, such as Qwen3-MoE (Yang et al. 2025),
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Figure 1: Transition from Experts to Micro-Experts. The
lower part illustrates the structure of the mixture of micro-
experts and the corresponding pruning strategy.

Deepseek-MoE (Liu et al. 2024a), Kimi-K2 (Team et al.
2025), and Mixtral-MoE (Jiang et al. 2024), adopt the MoE
architecture and achieve impressive results on downstream
tasks. However, such substantial expansion in parameters
does not bring proportional improvements in model capabil-
ity, while also coupling with prohibitive computational and
storage overheads—highlighting the structural redundancy
inherent in MoE designs.

Pruning is a widely used strategy to reduce redundancy in
MoE models. Existing methods for reducing expert param-
eters primarily fall into two categories: expert pruning and
expert merging. Expert pruning removes either all or part
of the parameters within each expert (Lu et al. 2024; Yang
et al. 2024). Full pruning inevitably results in severe infor-
mation loss, while partial pruning often yields suboptimal
performance due to the lack of reliable measures for intra-
expert importance. Expert merging, on the other hand, seeks
to mitigate information loss by assuming functional similar-
ity among experts (Yang et al. 2024; Li et al. 2024). How-
ever, this assumption rarely holds in practice, thereby limit-
ing the effectiveness of merging-based strategies. An emerg-
ing direction exemplified by D?-MoE attempts to relax this
assumption by combining expert merging with delta com-



pression. Specifically, it constructs a shared base weight and
expert-specific delta weights, both compressed using low-
rank approximation (Gu et al. 2025; Ai et al. 2025).

Although recent studies suggest that partial expert prun-
ing is more effective than full expert removal (Xie et al.
2024), especially in modern MoE models with a large num-
ber of experts, challenges remain due to limited understand-
ing of expert behavior within MoE layers. In particular, it is
difficult to identify essential parameters and determine opti-
mal retention ratios for each expert. A further limitation of
most existing methods is that they compress each matrix in
the expert independently, overlooking the functional depen-
dencies among different matrices. To shed light on the inter-
nal mechanism of MoE layers, we introduce a finer-grained
structural perspective by viewing each MoE layer as a mix-
ture of micro-experts, where each micro-expert is jointly de-
fined by the three transformations—up _proJj, gate_proj
and down_proJj, as shown in Figure 1. Our analysis reveals
that the output of an MoE layer is a linear combination of
all micro-experts, whose relative importance varies signifi-
cantly. This insight forms the critical basis for the compres-
sion strategies proposed in this work.

We frame micro-expert pruning as the problem of re-
moving a fixed proportion (e.g., 20%) of micro-experts
while minimizing degradation in decoding performance. As
we detail later, this is an NP-hard problem that cannot be
solved exactly within practical time constraints. To address
this challenge, we propose CAMERA, an efficient and ac-
curate approximation algorithm for estimating the impor-
tance ranking of micro-experts in MoE layers. Building on
this analysis, we propose CAMERA-P, a structured prun-
ing framework that jointly prunes redundant micro-experts
across the three FFN weight matrices, as shown in Figure 1.
We further extend this idea to mixed-precision quantization
by proposing CAMERA-Q, a novel micro-expert-aware par-
titioning scheme for assigning precision. Experiments show
that CAMERA-P can prune MoE models (>50B) within 5
minutes on a single NVIDIA A100-40GB GPU—orders of
magnitude faster than existing methods that often require
hours of computation on multi-GPUs. Both CAMERA-P and
CAMERA-Q consistently outperform strong baselines across
nine zero-shot tasks and diverse MoE models, demonstrating
superior efficiency and generalization.

Overall, we summarize our key contributions as follows:

* We propose CAMERA, a training-free and effective
approximation algorithm that accurately ranks micro-
experts by their importance in MoE layers, providing the
foundation for micro-expert-based compression.

* We propose CAMERA-P, a structured pruning framework
that jointly prunes across the matrices in each FFN, pre-
serving functional integrity and coordination.

* We present CAMERA-Q, a novel micro-expert—aware
mixed-precision quantization idea that allocates bit-
widths based on micro-expert importance.

Extensive experiments on mainstream MoE models
and benchmarks demonstrate that both CAMERA-P and
CAMERA-Q consistently outperform strong baselines,
while achieving high scalability and efficiency.
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2 Related Work

2.1 Model Compression

This work focuses on model weight compression. The
primary approaches for compressing LLM weights in-
clude quantization, pruning, knowledge distillation, and
low-rank approximation. Most quantization methods tar-
get post-training conversion of well-trained model weights
into low-bit representations (Frantar et al. 2022; Xiao et al.
2023). The state-of-the-art quantization algorithms can re-
duce weights to 3-bit precision with negligible performance
degradation (Liu et al. 2025; Shao et al. 2024). With the aid
of carefully designed mixed-precision strategies, even sub-
3-bit quantization can maintain performance comparable to
the original model (Tseng et al. 2024; Xu et al. 2025). Prun-
ing, on the other hand, reduces model size by eliminating
less critical weights. Unstructured pruning offers maximum
flexibility in weight removal and typically results in the least
performance drop (Sun et al. 2024). Structured pruning im-
poses constraints on which weights can be pruned based on
their location or structure, which may lead to slightly larger
performance loss but enable actual inference speedup and
make it more suitable for deployment (Frantar and Alis-
tarh 2023). Knowledge distillation guided by loss minimiza-
tion (Xu et al. 2024), and low-rank approximation typically
via singular value decomposition (Ping et al. 2024), are also
commonly integrated into broader compression frameworks.
For further reading, please refer to survey (Zhou et al. 2024).
As MoE becomes a dominant architecture for scaling LLMs,
several compression techniques are developed specifically
for MoE-based models.

2.2 Pruning Methods for MoE Models

Most pruning methods for MoE models focus on expert-
level compression rather than on individual matrices. These
fall mainly into two categories: direct pruning and expert
merging (sometimes followed by pruning). Direct pruning
methods like NAEE exhaustively evaluate expert combina-
tions and retain the one yielding the lowest loss on cali-
bration data (Lu et al. 2024). While effective on Mixtral-
MOoE, this brute-force approach does not scale well to mod-
ern sparse MoEs. MoE-I? (Yang et al. 2024) and MoE-
Pruner (Xie et al. 2024) partially prune expert weights,
but struggle to balance identifying important weights and
achieving speedup. Expert merging methods fall into two
subgroups. The first assumes functional similarity across ex-
perts, grouping and merging them based on activation fre-
quency, output similarity, or knowledge distribution (e.g.,
MC-SMoE (Li et al. 2024), HC-SMoE (Chen et al. 2024),
TAP (Zhang et al. 2024), EEP (Liu et al. 2024b)). This
idealized assumption often limits performance. The sec-
ond extracts common components from all experts (e.g.,
D2-MoE (Gu et al. 2025), ResMoE (Ai et al. 2025), Sub-
MoE (Li et al. 2025a), MoE-SVD (Li et al. 2025b)),
then applies low-rank compression to approximate residu-
als. However, these approaches overlook the functional in-
tegrity across the three transformations in FFNs and often
fail to preserve the most critical parameters. Our method,
CAMERA-P, belongs to the partial pruning family but dif-



fers in two key ways. First, it performs fine-grained pruning
at the micro-expert level, capturing cross-matrix coordina-
tion in FFNs. Second, it is powered by CAMERA, our fast
and accurate importance estimator, addressing a major bot-
tleneck of existing methods.

2.3 Quantization Methods for MoE Models

Most quantization work targets LLMs rather than MoEs,
with MoE studies focusing mainly on assigning different bit-
widths across experts. Studies like MC (Huang et al. 2025),
MxMoE (Duanmu et al. 2025), and AFGQ (Xie et al. 2025)
assign bit-widths based on a combination of activation fre-
quency and weight sensitivity. In contrast, our CAMERA-Q
is built on CAMERA, requiring no activation statistics, no
pre-quantization, and no expensive evolutionary search.

3 Micro-Expert Redundancy Analysis

In this section, we first formalize the definition of micro-
experts, followed by a general mathematical model that
characterizes redundancy in MoE layers. We then highlight
the challenges in analyzing such redundancy and derive
the CAMERA algorithm as an efficient approximation, with
provable and controllable error bounds.

3.1 From Expert to Micro-Expert

In the standard MoE architecture, each decoder layer com-
prises a self-attention layer and an MoE layer. The i-th ex-
pert in the MoE layer is typically defined as:

E; (x) = Wi [ (Wx) . WiPx] (1)

where x € R%model and F;(x) € R%mede! are the input/output
hidden states, WuP/gate/down gpe the transformation matri-
ces, and o () is the SiLU activation. The MoE layer produces
a weighted sum of Ny expert outputs, with weights A;(x)
determined by the router (omit Top-k). This process is:

Ng
y = ZAi (x) - E; (x). )

We now adopt a microscopic perspective by decomposing
each expert into micro-experts. Consider the weight matri-
ces of a given expert. Let the i-th row of WYP and W&ate
be denoted as W?p/ 83t and the i-th column of Wdown ag

w{o"n We then define the i-th micro-expert as follows:
[0’ (Wgatex) 3)

K3
The output of the MoE layery = Ziv A; (x)-e; (x) can be
viewed as a weighted combination of all /N, micro-experts,
where the number of micro-experts N, = Ng X dg, and
dg is the intermediate dimension of each expert. Note that

t
A (x), 0 (Wf;a ex) , and w;Px are all scalars, so we denote

down . W?px} .

e; (x) = wy

pi=a;(x)-0 (Wfatex) -wPx. 4)
Based on this, Equation 2 can be rewritten as:
Ne
y =) oiwiom ®)
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For simplicity, we denote all wd°"™ as w; in the follow-
ing paper. Clearly, the function of each micro-expert com-
prises two parts, represented by ¢; and w; respectively. The
{w; }ic, are fixed weight vectors, which we refer to as the
basis vector set. This indicates that the output y of the MoE
layer is actually a linear combination of the basis vectors.
For different hidden states x, the combination coefficients
¢; vary and are determined by x.

3.2 Redundancy Problem

Let (x,y) denote the input-output hidden state tuple of the
MoE layer. Given any input x, we aim to find a subset of
micro-experts such that the decoding result y based on this
subset deviates minimally from the original y. The micro-
experts excluded in this process are considered to exhibit
the highest redundancy. We introduce a calibration dataset
{(x4,y:)}, as a proxy for the ideal hidden state space.
For the i-th sample, we have:

(6)

This decoding process can be compactly expressed using
matrix notation as Y = ®W, where ® € R"*Ne ig the
activation coefficient matrix of all inputs x; over all micro-
experts, and W € RNeXdmodel jg the matrix of basis vectors
(i.e., the transpose of Wdowm),

Now, to decode using a selected subset of m micro-
experts, we aim to minimize the error between the resulting
output and the original output Y. Let S denote the index set
of the selected micro-experts to be retained. This optimiza-
tion problem can be formally written as:

”S{"QHSVV&J@“

Yi = ¢i1W1 + QioWo + - - + Pin, Wi, .

min
SC[Nel,|S|=m

)

This is similar to a class of problems known as Column
Subset Selection Problems (CSSP). Such combinatorial op-
timization problems have been proven to be NP-hard, mak-
ing it impossible to obtain exact solutions in polynomial
time (Shitov 2021). Although general approximate solutions
exist (Mahoney and Drineas 2009; Ordozgoiti, Canaval, and
Mozo 2018), the large N, still poses significant challenges
for efficient hardware utilization. For instance, models like
Mixtral-8 x 7B and Deepseek-MoE-16B have N, on the or-
der of 10°. Even with approximation, the time and space
costs for these models remain substantial.

3.3 CAMERA Algorithm

To approximately solve the optimization problem formu-
lated in Equation 7, we first consider the impact of pruning a
small subset of micro-experts on the output Y. The follow-
ing lemma provides an initial result.

Lemma Let S¢ be the index set of removed micro-
experts. Then the upper-bound of the decoding error ¢ on
the calibration set is given by:

esup = Y [|®2ll3llwill3.

i€SC

()

This lemma indicates that the decoding error upper-bound
is related to both the combination coefficients and the basis



vectors. To minimize this upper-bound, we should prioritize
pruning micro-experts with smaller norms of combination
coefficients and basis vectors. The following definition pro-
vides a formal description of this intuition.

Definition The decoding-time energy £ of the i-th micro-
expert is proportional to the norm of its activation coefficient
®. ; and basis vector w;, denoted as:

E = ||®.l13]lwill3- ©)

Based on the definition of energy, we can rank all micro-
experts and prioritize retaining the Top-|.S| highest-energy
ones. Before presenting the specific algorithm, we first pro-
vide its tighter error bound.

Theorem LetY denote the decoding result using the Top-
|S| highest-energy micro-experts, and let Y* denote the
rank-|S| SVD approximation of Y. If & = N, — |S|, the
approximation error of Y differs from the optimal SVD by
only an O(k)-delta, i.e.,

IY = Y5 <Y =Y |5 +5(0kK).  (10)

This theorem establishes a relationship with the optimal er-
ror bound. The above analysis shows that the energy-based
estimation of micro-expert redundancy yields a controllable
approximation error. All proofs in this section are given in
the Appendix.

Based on this, we propose the CAMERA algorithm. In-
spired by prior work, we aim to extend the definition of en-
ergy by additionally considering the effect of the maximum
activation coefficient. The revised computation is given by:

&= -a)[®.ll} +al®.lZ%] w3 aD

For a given MoE layer, we estimate the energy of all micro-
experts on the calibration dataset using Equation 11 and rank
them accordingly. This ranking reflects the importance of
each micro-expert: the lower the energy, the more redun-
dant the micro-expert is. Notably, CAMERA treats all micro-
experts uniformly, without distinguishing which expert they
belong to. Moreover, if shared experts exist, they do not need
to be treated specially. The procedure for a single MoE layer
is summarized in Algorithm 1.

4 Structured Pruning

In this section, we propose CAMERA-P, a multi-matrix joint
pruning algorithm for MoE layers based on micro-expert re-
dundancy analysis, along with the associated experiments
and analytical results.

4.1 Pruning Framework CAMERA-P

We aim to prune a specified proportion A of micro-experts
in each MoE module. Leveraging the CAMERA algorithm,
we identify the less important micro-experts in each layer.
Specifically, for each selected micro-expert, all three associ-
ated weight vectors are simultaneously zeroed out. The de-
tailed procedure is outlined in Algorithm 2, which applies
pruning layer by layer. First, lines 5 ~ 7 collect calibration
samples from the MoE module, including the input and out-
put hidden states. Then, the CAMERA greedy algorithm is
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Algorithm 1: CAMERA —Micro-Experts Ranking

Input: MoE layer with N experts, each with weights W',
weate Wdown: router R;; calibration dataset (X,Y); bal-

1
ance coefficient o

Output: Rank of all micro-experts
1: ¢%, 9™, w? « Zeros(shape=Ng - dg)

2: A + Top&Norm(RX)

3: for each experti = 1 to Ng do

4 pg<i-dg, (i+1) - dg

5 Wi & ColumnSum(W?own ~W§°Wn)

6: A € RnXdsr A:J— .o (WzgateX) 'W;le
7. ¢, + ColumnSum(A - A)

8: (bgfq + ColumnMax(Abs(A))?

9: end for

10: £ < [(1 — a)¢* + ap™] - w?
11: return Argsort(€)

Algorithm 2: CAMERA-P —Micro-Experts Pruning
Input: MoE model M to be pruned; calibration dataset C;
overall pruning ratio A
Output: Pruned model M ryne
1: I+ Embedding(C)
2: O < zZerosLike(I)

3: for each layer L; € {Ly,Ls,--- ,Ly,} do

4: M + GetMoEModule(L;)

5:  h < RegisterForwardHook(M)

6: O« LZ(I)

7: (X,Y) < GetLayerCalibSamples(h)

8: R < CAMERA (M,X,Y, )

9: S < TopSelect(R,1—-X\)

10: W' ¢ Concat([W;” for j = 1to Ng])

11:  Wee « Concat ([W5"* for j = 1 to Ng])
12: Wdown o Concat([W;iown for j = 1to Ng))
13: VVul’)7 vaate7 Wdown — ng7 W%a,te, Wg%wn
14 0« L)

15 I,O+«+ O,I

16: end for

17: return Mopyne

used to rank all micro-experts and determine the set S of
those to retain. Within each expert, only the micro-experts
with indices in .S are preserved. Finally, the post-pruned out-
put O is recomputed, proceeding to the next layer.

4.2 Experimental Setup

Models and Data We evaluate our method on three mod-
ern MoE models with more, smaller experts: Deepseek-
MoE-16B, Qwen2-57B-A14B, and Qwen3-30B-A3B. Each
is tested under 20%-60% overall pruning ratios. Earlier,
fewer-expert models are discussed in Appendix. All meth-
ods use Wikitext2 for calibration; ours uses 128 sequences
of 2048 tokens. Other settings are in Appendix.



A Method | Wiki2 C4 | BoolQ OBQA RTE Wino. Hella. PIQA MathQA ARC-e ARC-c Avg.
Deepseek-MoE-16B-base (2 shared experts + 64 common experts, 2+top-4 experts are activated)
0% | Original | 651 9.05 | 7245 44.00 63.54 7024 7737 80.68  31.52 72.89 47.86 62.28
NAEE 6.77 10.07 | 67.83 4240 62.09 69.53 74.63 7834 3099 72.56 46.24 60.51
20% D?-MoE 7.29 12.62 | 6932 4140 61.01 6922 69.87 7644 2945 7129 4275 5897
CAMERA-P 6.57 9.84 | 68.01 44.00 64.62 70.17 75.02 78.62 31.46 71.80 45.56 61.03
NAEE 8.01 12.80 | 6226 39.60 57.40 63.69 66.16 7541  27.37 64.06 3848 5494
40% D?-MoE 8.38 17.22 | 66.05 36.60 57.03 66.77 5874 71.44  27.67 66.03  38.57 5432
CAMERA-P 6.93 11.68 | 70.64 4320 58.48 68.51 69.04 7541 29.01 70.71 42.24 58.58
NAEE 15.47 29.44 | 51.65 30.60 58.48 53.67 47.50 65.88 2231 4890 2850 4528
60% D?*-MoE 12.13 3454 | 61.78 31.60 53.43 61.09 4329 63.87 23.65 50.59 31.14 46.72
CAMERA-P 8.68 18.10 | 62.60 40.20 56.32 64.33 56.53 67.90 26.16 54.88 35.67 51.62
Qwen2-57B-A14B (8 shared experts + 64 common experts, 8+top-8 experts are activated)
0% | Original | 5.92 8.22 | 86.39 4420 7545 7348 8256 8l1.61 3822 69.53  49.23 66.74
NAEE 6.32 887 | 86.08 43.80 7473 73.79 81.19 8155 35.14 69.36 4932 66.11
20% D?-MoE 6.15 9.66 | 87.21 44.00 7401 7537 79.94 80.63 39.00 69.53 4770 66.38
CAMERA-P 6.03 873 | 8557 4520 7473 7403 82.02 81.18 41.71 70.37 50.68 67.28
NAEE 7.72 10.56 | 8220 42.00 69.68 70.88 76.68 79.81 34.04 70.20  49.83 63.92
40% D?-MoE 6.37 12.74 | 85.50 4240 74.62 7293 7225 7699 3548 70.58  48.81 64.40
CAMERA-P 6.31 975 | 8642 4540 74.73 73.88 80.34 80.03 36.85 73.10 50.51 66.81
NAEE 16.68 21.69 | 66.64 3420 56.68 62.04 57.88 70.24  25.06 55.89 3396 51.40
60% D?-MoE 11.56 2592 | 75.69 3540 7256 70.80 57.35 7035 @ 27.10 59.22 3840 56.32
CAMERA-P 7.24 1245 | 83.79 4240 78.70 72.38 7323 7639 3578 7311  50.77 65.17
Qwen3-30B-A3B (128 common experts, top-8 experts are activated)
0% | Original | 8.70 12.15 | 88.69 44.40 8123 70.64 77.63 8052 59.20 79.08 56.31 70.86
NAEE 8.72 12.44 | 88.74 4440 8339 69.85 7732 80.14 49.27 7731 5631 69.64
20% D?-MoE 9.68 1852 | 8590 42.80 80.87 68.19 7426 7840 48.81 7146  46.50 66.35
CAMERA-P 8.48 12.25 | 88.50 44.40 82.67 70.56 77.51 80.30 52.80 7833 5443  69.94
NAEE 9.29 13.87 | 87.21 43.00 74.01 68.74 7350 77.74 42091 72.72 5213  65.77
40% D?-MoE 20.40 3548 | 85.50 42.00 76.53 6433 69.87 71.44  40.90 69.78  44.62 62.77
CAMERA-P 9.29 15.58 | 86.97 43.00 7942 67.64 73.79 7851 44.96 7731 5555 67.46
NAEE 12.08 19.37 | 7223  36.60 6895 6393 62.06 71.87 28.68 66.92 4292 57.13
60% D*-MoE 32.13 68.36 | 70.64 3540 64.62 59.12 5821 63.23  26.00 57.37 3357 52.02
CAMERA-P 12.48 2448 | 82.08 41.00 6895 064.64 6490 73.01 30.89 62.46 4335 59.03

Table 1: Main pruning results of evaluation experiment on three mainstream MoE models. The best scores are in bold. We also
test the performance of the original model (16-bit) as a reference.

Baselines We compare CAMERA-P with two strong base-
lines: NAEE (Lu et al. 2024), which prunes entire experts di-
rectly, and D?-MoE (Gu et al. 2025), a recent strong merge-
then-compress approach. To address the scalability issue
with N > 8 in NAEE, we follow MoE-I? (Yang et al.
2024) and adopt efficient genetic search. CAMERA-P uses
a = 0.95,0.95, 1.00 for the three models.

Evaluation To evaluate baseline performance, we calcu-
late perplexity on randomly sampled sequences from Wiki-
text2 (Merity et al. 2017) and C4 (Raffel et al. 2020)—Ilower
is better. We also report accuracy on nine zero-shot down-
stream tasks, including Winogrande (Sakaguchi et al. 2021),
HellaSwag (Zellers et al. 2019), PIQA (Bisk et al. 2020),
BoolQ (Clark et al. 2019), ARC-e/ARC-c (Clark et al.
2018), OBQA (Mihaylov et al. 2018), MathQA (Amini et al.
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2019) and RTE (Wang et al. 2018). We prioritize outputting
acc_norm from LM-Evaluation-Harness (Gao et al. 2024).

4.3 Main Results

We evaluate both shared and non-shared expert models, as
shown in Table 1. Across all models and pruning ratios, our
method consistently outperforms strong baselines in both
perplexity and accuracy, especially under higher pruning
rates. D?-MOoE often ranks second, except in certain Qwen3
configurations. However, its SVD-based approach suffers
from numerical instability in several Qwen2/3 layers, while
our method remains stable. We believe the superior perfor-
mance of CAMERA-P stems from preserving the functional
structure of micro-experts across matrices, maintaining im-
portant ones with full precision. Moreover, CAMERA-P is



Whits | Method | Wiki2 C4 | BoolQ OBQA RTE Wino. Hella. PIQA MathQA ARC-e ARC-c Avg.
Deepseek-MoE-16B-base (2 shared experts + 64 common experts, 2+top-4 experts are activated)

16-bit |  Original | 6.51 9.05 | 7245 44.00 63.54 7024 7737 80.68  31.52 72.89 4786 62.28

GPTQ 11.36 1434 | 6144 37.60 5523 64.01 6435 7557 2523 6225 3541 5345

2 25-bit MC 11.10 16.54 | 60.82 38.80 56.32 6425 67.77 7633 24.69 6246  38.65 54.45

' CAaMERA-QT | 11.28 1470 | 61.68 38.40 53.60 6433 6145 7688 26.33 59.04 3250 52.69

CAMERA-Q 9.51 12.26 | 66.94 39.00 5523 66.46 69.21 77.04 28.07 66.54 40.52 56.56

Qwen3-30B-A3B (128 common experts, top-8 experts are activated)

16-bit |  Original | 8.70 12.15 | 88.69 4440 8123 70.64 77.63 80.52 59.20 79.08 5631 70.85

GPTQ 13.72 16.06 | 72.51 3380 68.59 59.83 66.04 70.62 24.36 46.89  32.17 52.76

295-bit MC 13.59 15.20 | 72,57 3420 6895 61.08 68.30 6828 25.06 4549 31.14 5279

' CaMERA-QT | 14.06 1579 | 71.58 3420 67.15 62.04 67.14 7144 2452 4590 28.82 5253

CAMERA-Q | 12.13 1497 | 7232 36.80 64.62 62.75 71.19 74.16 26.00 50.38 34.56 54.75

Table 2: Main mixed-precision quantization results of evaluation experiment. The best scores are in bold.

Algorithm 3: CAMERA-Q —Mixed-precision Quantization
Input: MoE model M to be quantized; calibration dataset
C; ratio list {rq, ro,73}; bit-width list {b1, ba, b3 }

Output: Quantized model M gyant

1: Get initial I, O such as in CAMERA-P

2: for each layer L; € {Ly, L, -+, Ly, } do

3:  Get calib-samples (X,Y) such as in CAMERA-P
4: R+ CAMERA (M,X,Y, )

5: 51,852,583 + ListSplitByRatio(R,ry,re,73)
6 for each expert j = 1 to Ny do

7 p,q < j-dg, (j+1) - dg

8: S1, 89,83 < GetSubIndex(Sl,Sg,Sg,[p7q])
9: for each bit-width by, € {b1,b2,b3} do
10: WP < Quantize(WP  by)
11: WEe « Quantize(WES, by)
12: WIOWD  Quantize(WII™™ by)
13: end for
14:  end for
15 Recompute I, O such as in CAMERA-P
16: end for
17: return M qyant

a training- and gradient-free method that completes in just
0.1 GPU hours, making it over 100x faster than competing
methods. As for NAEE, this brute-force combinatorial ap-
proximation seems beneficial only at low pruning ratios.

5 Mixed-precision Quantization

In this section, we propose CAMERA-Q, a cross-expert
mixed-precision bit allocation strategy for MoE models,
and present the corresponding experimental results. Notably,
CAMERA-Q is not introduced as a standalone quantization
algorithm, but rather as a complementary component that
can be integrated with any existing weight quantization
method to enable mixed-precision quantization.
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5.1 Mixed-precision Strategy CAMERA-Q

We illustrate CAMERA-Q in a setting with three predefined
precision levels, where each matrix is partitioned into three
segments. As shown in line 4 of Algorithm 3, CAMERA
provides a global importance ranking of all micro-experts,
forming the basis for mixed-precision assignment. Line 5
then divides this ranking into index sets S;, each correspond-
ing to a different precision level. Notably, these sets span all
experts across the entire MoE layer. For each expert, we ex-
tract the indices s; of its micro-experts within each S;, and
quantize the corresponding sub-matrices accordingly. Lines
from 10 to 12 handle rows and columns differently to ensure
consistent precision within each micro-expert. Additionally,
micro-experts in each expert are reordered beforehand so
that those assigned the same precision level are colocated.

5.2 Experimental Setup

We perform 2-bit mixed-precision quantization on MoE lay-
ers on Deepseek-MoE-16B and Qwen3-30B-A3B, focus-
ing on comparisons with single-precision GPTQ (Frantar
et al. 2022) and the recent MC method (Huang et al. 2025)
that applies mixed precision at the expert level. For fair-
ness, CAMERA-Q also adopts GPTQ for its quantization
step (Lines 10~12 in Algorithm 3). We further introduce
a variant baseline, CAMERA-QT, which applies mixed pre-
cision by slicing all matrices along the input dimension
(i.e., column-wise), following the most common practice.
Specifically, our method is W};};z,wggf;@,wfggn, while
CAMERA-Q' uses WP W2t ‘Wdown breaking preci-
sion consistency within each micro-expert. We analyze this
difference in detail in Section 6.6. Precision settings are in
Appendix. All baselines are calibrated on the C4 dataset, and
our method uses 128 sequences of length 2048. Evaluation
follows the same setting as CAMERA-P.

5.3 Main Results

As shown in Table 2, CAMERA-Q demonstrates clear su-
periority over other baselines on both perplexity and accu-
racy. GPTQ serves as a standard baseline for 2-bit single-
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Figure 2: Distribution of micro-experts within each expert based on global ranking from CAMERA (A = 20%), layer 12 of
Deepseek-MoE-16B. We list all 66 experts, where ‘S0/S1’ denotes the shared experts, and the rest are non-shared experts.

1.8% s lcl | 8 16 32 64 128 256
° Wikitext2 | 6.66 6.60 6.59 6.57 6.57 6.56
y C4 7.28 7.13 7.07 6.94 6.95 6.92
94.9%
Eso E2o Eso E

* Table 3: Perplexity on Wikitext2 with different sizes and
sources of calibration data. |C| denotes the size of C.

mm keep prune

Figure 3: Pruning ratios across selected experts, taken from

layer 12 of Deepseek-MoE-16B, with A = 40%. Method | NAEE D?-MoE CAMERA-P
A=20% | 1.00x 1.03x 1.06x
Deepseek-MoE-16B Qwen3-30B-A3B A= 40% 1.00x 1.04x 1.42x
A=60% | 1.00x 1.08x 1.48x

Table 4: Decoding speed comparison of pruned MoE layer
in Deepseek-MoE-16B. The batch size is 64 tokens.

RTE

micro-experts rank highly at the global level. This provides
strong evidence supporting the core assumption of CAMERA
and underscores the advantage of fine-grained expert prun-
ing over coarse-grained methods, as shown in Figure 3.

Figure 4: Task performance with varying o when A = 20%.
The scores are scaled to highlight the differences.
6.2 Approximation Errors

Our better performance is interpretable. By retaining the
most key micro-experts, the outputs of the pruned MoE lay-
ers under CAMERA-P remain closer to those of the original
model—both in terms of L2 distance and cosine similarity.
Please refer to Appendix for detailed results.

precision quantization, while MC achieves slightly better
results by adjusting expert-level bit allocations based on
activation frequency and pre-quantization loss. However,
we stress that such coarse-grained expert-level allocation
fails to capture the finer differences among micro-experts.
CAMERA-Q addresses this limitation, and its strong perfor-

mance supports the effectiveness of a more fine-grained ap- 6.3 Ablation on Balance Coefficient

proach. Moreover, CAMERA-Q adopts a matrix partitioning The « in Equation 11 slightly affects the ranking of micro-
distinct from that used in previous methods, which also con- experts and downstream performance, but has little impact
tributes to its performance gains, as evidenced by the perfor- on perplexity or average accuracy. Figure 4 shows how
mance drop observed in CAMERA-Q'. different « influences task scores. We infer that task- or
domain-specific micro-experts lead to this behavior. In ex-

6 Discussion periments, we choose the « that produced the highest scores.

6.1 Micro-Expert Distribution

. . L o o 6.4 Ablation on Calibration Dataset
Figure 2 illustrates the significant variation in the distri-

bution of micro-experts across different experts within the CAMERA achieves strong performance using only a small
same layer. A lower rank indicates higher importance. No- amount of general-domain data. Table 3 shows that
tably, the two shared experts, along with experts 0, 12, 29, CAMERA-P is insensitive to both the source and size of cal-
and 45, stand out as particularly important, as most of their ibration data when pruning 20% of Deepseek-MoE-16B.
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Figure 5: Matrix calculation flow of CAMERA-P, CAMERA-Q and CAMERA-Q. For simplicity, we omit the matrix W&2te,
The red dashed box on the left indicates the weight of a micro-expert. In CAMERA-Q and CAMERA-QT, we use light and dark
colors to indicate the lower and higher bit-width of the weights.

Method | Wiki2 C4 | BoolQ OBQA RTE Wino. Hella. PIQA MathQA ARC-e ARC-c Avg.
openPangu Embedded-7B-V1.1 (dense model, only 1 expert)

Original (16-bit) | 34.94 4373 | 7174 2980 67.87 5525 59.98 68.72  26.20 5497 3549 52.89

CAMERA-P (20%) 44.35 48.67 | 7520 31.00 6534 54.14 5479 6643 2375 5290 3541 51.00

+Wanda (20%+20%) | 42.96 48.11 | 7456 30.80 66.06 55.09 5434 67.19 24.09 53.07 34.81 5l1.11

Table 5: Results of CAMERA-P and integrating Wanda. “20%+20%" denotes a pruning ratio of “20%+80% x20%=36%".

6.5 Decoding Speed on Pruned MoE Layer

NAEE does not reduce weights during decoding, and while
D2-MoE performs rank reduction, it requires additional
steps. In contrast, CAMERA-P directly reduces weights, en-
abling more efficient decoding, as shown in Table 4.

6.6 Integrity of Micro-Experts

A central insight of our method is that jointly compress-
ing multiple matrices preserves the functional integrity of
micro-experts. Figure 5 compares three different methods.
All share the same FFN structure: the input x is trans-
formed by WU"P and W&*® into intermediate activations,
followed by W4 to produce y. As highlighted in the red
dashed box, each row of W"P maps uniquely to a column
of W% forming a one-to-one micro-expert. For visu-
alization, W"P is shown transposed and micro-experts are
energy-ranked from left to right.

CAMERA-P prunes low-energy micro-experts while
keeping the remains intact. CAMERA-Q assigns higher pre-
cision to higher-energy micro-experts, enforcing uniform
precision within each. In contrast, CAMERA—QT slices W1P
and W&%'© along an orthogonal dimension, quantizing each
weight with multiple precisions. Like many existing mixed-
precision approaches, CAMERA-QT operates on individual
matrices and allocates bits along the input dimension (e.g.,
using H = XXT, overlooking cross-matrix expert struc-
ture. This often gives high-energy micro-experts inconsis-
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tent or insufficient precision. Our experiments show that en-
forcing precision consistency within each micro-expert, as
in CAMERA-Q, yields substantially better performance.

6.7 Application on Dense Model

CAMERA investigates redundancy that spans across matri-
ces within MoE layers. After applying cross-matrix com-
pression, the resulting MoE layers can still be further com-
pressed using single-matrix methods such as Wanda (Sun
et al. 2024). Moreover, our approach can also be directly ap-
plied to structured pruning or mixed-precision quantization
in dense-architecture models. As an illustrative example, we
apply CAMERA-P to prune 20% of the FFN layers in the
openPangu-7B model (Chen et al. 2025) running on Ascend
910B. On top of this, we further apply Wanda to perform
an additional 20% unstructured pruning. The resulting per-
formance is summarized in Table 5. These results demon-
strate that expert-level pruning and intra-matrix pruning can
be seamlessly combined to achieve higher overall pruning
ratios while maintaining lossless performance.

7 Conclusion

We propose CAMERA-P, a novel, effective, and efficient
MOoE pruning method grounded in a cross-matrix perspec-
tive of micro-experts and guided by the CAMERA ranking
algorithm. We further highlight the importance of micro-
expert-oriented mixed-precision idea in CAMERA-Q.
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