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Scalable Sentiment Analysis Model Based on Mixture of Experts
CHEN Qian“* HU Meng-Qiang' GUO Xin' WANG Su-Ge"?

Abstract As one of the core tasks in natural language processing, sentiment analysis faces dual challenges: Accur-
ately capturing fine-grained emotional features and enhancing model interpretability. To address these issues, we
propose a scalable sentiment analysis framework based on a mixture of experts (MoE) model. By integrating a gat-
ing mechanism into the expert modules, we design a mixture of experts module that can be extended to any pre-
trained language model. The framework aims to expand model capacity with controllable computational overhead,
thereby enabling fine-grained conditional computation and expert specialization. Comprehensive experiments on
three representative sentiment analysis datasets demonstrate that, compared with baseline models, our approach
achieves significant improvements across key metrics. Notably, when handling complex multi-classification tasks, its
performance rivals or even surpasses mainstream large language models that have undergone parameter-efficient fine-
tuning. More importantly, benefiting from the sparse activation mechanism, the model maintains high performance
while exhibiting exceptional inference efficiency. Through an in-depth analysis of expert activation patterns and out-
put representations, we clearly observe that different experts develop functional specialization toward specific se-
mantic patterns, providing intuitive and strong interpretability evidence for model decision-making. These findings
validate the great potential of the proposed framework in building efficient, high-performance, and trustworthy sen-
timent analysis systems.
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Example of MoE model for sentiment analysis
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Mistral-7B 7£ N I FTE 43 LoRA HUf i K ALiE
SR X — g WU R, EARIAAR IR 1)
MoE B2 7E b H 28 ) 22 | 1B 55 0 2 4 A A8 Ak
SCARRT B MR AR H T FLH RE A A RN T
122775 = NN e STaEHIIEe Sl

3) BRAFENRBEE. LLMs EEFEAKE
TR AR E, JGHIEAE TweetEval 1 SST-
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R R U ) AL 1 B A BT AT 5%, B I FH K
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34 HIRE R SRR gE ], 75 = 2RE 5%
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Table 2 Performance comparison between baseline and MoE-enhanced models on different datasets
e PR LR Accuracy Precision Recall F1-Score
FeLk 0.9543 0.9543 0.9543 0.9543
MoE-RoBERTa 0.9565 0.9567 0.9565 0.9565
Llama-3-8B-Instruct + Zero-shot 0.9333 0.9164 0.9534 0.9346
IMDb (4 %) Mistral-7B-Instruct + Zero-shot 0.9048 0.9751 0.8303 0.8969
Qwen2.5-7B-Instruct + Zero-shot 0.9424 0.9589 0.9240 0.9411
Llama-3-8B-Instruct + LoRA 0.9692 0.9660 0.9726 0.9693
Mistral-7B-Instruct + LoRA 0.9743 0.9724 0.9763 0.9743
Qwen2.5-7B-Instruct + LoRA 0.9659 0.964 1 0.9678 0.9660
7357 0.8191 0.8187 0.8191 0.8189
MoE-RoBERTa 0.8325 0.8338 0.8325 0.8327
Llama-3-8B-Instruct + Zero-shot 0.7570 0.7846 0.6611 0.6910
Mistral-7B-Instruct + Zero-shot 0.7720 0.7265 0.7433 0.7296
TweetEval (P14r3%)
Qwen2.5-7B-Instruct + Zero-shot 0.7735 0.7416 0.7226 0.7265
Llama-3-8B-Instruct + LoRA 0.8248 0.8018 0.7978 0.7986
Mistral-7B-Instruct + LoRA 0.8381 0.8177 0.7902 0.8019
Qwen2.5-7B-Instruct + LoRA 0.7994 0.7974 0.7878 0.7928
L 0.5452 0.5621 0.5452 0.5464
MoE-RoBERTa 0.5805 0.5788 0.5805 0.5785
Llama-3-8B-Instruct 4 Zero-shot 0.3898 0.2697 0.3821 0.2495
SST-5 (T40%) Mistral-7B-Instruct + Zero-shot 0.4760 0.3922 0.4033 0.3531
Qwen2.5-7B-Instruct + Zero-shot 0.4841 0.4095 0.4322 0.3952
Llama-3-8B-Instruct + LoRA 0.5498 0.5568 0.5515 0.5541
Mistral-7B-Instruct + LoRA 0.6158 0.6148 0.5864 0.5888
Qwen2.5-7B-Instruct + LoRA 0.5398 0.5520 0.5429 0.5474
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(EVERE AR L3R4 ). SR 250 LoRA B A
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ELRK R R A AR T )7 S0 KD,
3.3.2 AEEIRAAT

N AT % 4 AN MoE SR HI7E M AL 5 ¥

BTN ERE R, RIS Z MR A
FRTI T AT RN LS. EEAE SR : 1) LLMs,
5 ESIG M F AL 2) LB (RoBERTa),
X} RoBERTa #47 4 & i (Full fine-tuning, Full
FT); 3) 28 m%0H (PEFT) J7i%, /£ RoBERTa
fJEmt b, M T BitFit. LoRA #1 P-Tuning K]
PEFT #iR. ATk F1 4 BUE %0 R 1
REVPALFRAR. R, N ERA R, 9] N AN G
RS R ATNASHE., BS8E. A
& (Throughput). 1F# & (GFLOPs) LA KA il
Zh A7 (Peak Mem (MB)). Bl A S50 25 B ¥ W% 3.

REGESHRBPER SR, WL 3 T LLiE
Wb B LLMs 31 LoRA )&, 78 IMDb %k
e ERIH T HRM MR, F1 o839 T
0.96, BEMTHTA T RoBERTa HIFEA. X715
#8 T EATIIE K 2 BRI 55 K 1 i R AR 98
T, X R BE 1 5 2 BRI SR T 4. LLMs
R S H R 2400, H LoRA B0 it #& 1)
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BLESSHRBMIE (PEFT) FiERRUE. 5
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i (Fp5) 2 BitFit M1 LoRA) 78GR LRI B3
A e UEE NP % (0.10 ~ 0.89 M) 1=
e, KRB TIEEZEAF (49 1.3 ~ 1.5 GB),

Anger Joy Optimism Sadness L1
Predicted label

SST-5-MoE
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3
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£
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&\@% égéo X9 QS . $
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Predicted label
TRIEFHREE

Confusion matrix plot

JUTF RA R EMIAR—F. 200, XM Rt
FAAEEE MR E. A = N L, X
B PEFT J7iEH F1 303 Re A s ioH,
t P-Tuning 1 BitFit FJMERE TN, xR
B, B4R PEFT Ret A 8 2SR50, (HAEIE K
WECPERERT, "EATTRE J152 2 1 PR

MoE-RoBERTa: {885 F K ZMPa. 4
R ) MoE-RoBERTa #HYAE A 6t Ee 4 B Hh
RILRH, AR PERE FIRCRE 2 (W A T 5L
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Table 3  Performance and resource comparison across datasets and models
AEIE FE AR J7i: F1-Score Train (M) Total (M) Throughput (samples/s) GFLOPs Peak Mem (MB)
LoRA 0.9693 41.94 4582.54 2.997 4346.11 14955.8
Llama-3-8B-Instruct
Zero-shot 0.9346 — 4582.54 9.926 4037.17 —
LoRA 0.9743 41.94 3800.31 2.239 4746.59 11248.3
Mistral-7B-Instruct
Zero-shot 0.8969 — 3800.31 10.077 4327.97 —
LoRA 0.9660 40.37 4393.34 2.997 3634.03 19273.1
Qwen2.5-7B-Instruct
IMDb Zero-shot 0.9411 — 4393.34 8.187 3724.80 —
BitFit 0.9036 0.10 124.65 873.470 45.90 1326.3
Full FT 0.9378 124.65 124.65 796.689 45.90 2702.8
RoBERTa LoRA 0.9310 0.89 125.53 659.302 46.05 1512.8
P-Tuning 0.796 6 0.61 125.25 857.970 49.69 1439.2
MoE 0.9426 172.42 172.42 900.251 41.56 7429.5
LoRA 0.8083 41.94 4582.54 2.353 1171.26 11418.3
Llama-3-8B-Instruct
Zero-shot 0.6910 — 4582.54 50.868 1159.01 —
LoRA 0.8019 41.94 3800.31 2.214 1280.33 11241.9
Mistral-7B-Instruct
Zero-shot 0.7296 — 3800.31 48.024 1266.92 —
LoRA 0.8013 40.37 4393.34 3.124 1016.73 14166.8
Qwen2.5-7B-Instruct
TweetEval Zero-shot 0.7265 — 4393.34 42.518 1010.61 —
BitFit 0.1410 0.10 124.65 882.097 45.90 1326.3
Full FT 0.7962 124.65 124.65 835.678 45.90 2701.5
RoBERTa LoRA 0.5932 0.89 125.54 628.113 46.05 1512.8
P-Tuning 0.1410 0.61 125.26 889.742 49.69 1439.3
MoE 0.8039 200.74 200.74 890.958 42.65 8152.4
LoRA 0.5692 41.94 4582.54 2.385 1218.74 12301.7
Llama-3-8B-Instruct
Zero-shot 0.2495 — 4582.54 48.552 1225.63 —
LoRA 0.5888 41.94 3800.31 2.204 1381.64 11578.2
Mistral-7B-Instruct
Zero-shot 0.3531 — 3800.31 44.868 1378.78 —
LoRA 0.5649 40.37 4393.34 3.214 1093.97 15825.3
Qwen2.5-7B-Instruct
SST-5 Zero-shot 0.3952 — 4393.34 40.558 1061.08 —
BitFit 0.0870 0.10 124.65 888.373 45.90 1326.3
Full FT 0.5432 124.65 124.65 853.694 45.90 2699.3
RoBERTa LoRA 0.4805 0.89 125.54 651.461 46.05 1512.8
P-Tuning 0.1385 0.61 125.26 860.703 49.69 1439.3
MoE 0.5532 172.42 172.42 910.685 41.93 8404.0
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ek B i m, H I T 45 R B R BRI A R A
B IX BT a6 T HMR B O IR 1, B EHERE
W FH 3 K 4. RIS, 2t 5 & (GFLOPs)
2T RoBERTa FiEH AR, #E—2050E 1
TR TEAREER I B 1) v A1

CRE TR, AW FiHE ) MoE-RoBERTa
TR G A BT AT S5 PRt T — MR TE 5+ 1 R Uk
HE. Bk T Eg e EMIRIIZ A &M PEFT
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Table 4 Performance comparison between baseline and
MokE-enhanced models on different datasets

B tE FAILER]  Accuracy Precision Recall F1-Score

i@ FFN  0.9551 0.9552  0.9551  0.9551

IMDb
REGE 0.9565 0.9567  0.9565 0.9565
i FFN  0.8220 0.8222 0.8220  0.8215
TweetEval
REGR 0.8325 0.8338 0.8325  0.8327
i@ FFN  0.5683 0.5677  0.5683  0.5666
SST-5

EGE 0.5805 0.5788  0.5805  0.5785

1e6 Expert activation distribution (Epoch 4)

0 1 2 3 4 5
Expert index

(a) AV LB HUR
(a) Without load balancing loss

Expert activation distribution (Epoch 4)

. 900000 F

(0)

'S
=)
S
o
S
S

300 000 f

200 000

Activation coun

100 000 H

0

Expert index
(b) fifi F B BT R
(b) With load balancing loss

K6 S AsBURER SR 4t
Fig.6  Ablation experiment results on
load balancing loss
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