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Abstract

Aiming at the practical challenges of variable garbage morphology, similar fine-grained feature
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distribution, limited training samples, and insufficient computing resources for edge deployment
in garbage classification scenarios, this paper conducts a performance optimization study on small-
sample fine-grained garbage classification based on the lightweight vision-language model SmolVLM-
256. Considering real-world interferences such as garbage extrusion, occlusion, and complex back-
ground environments, a fine-grained dataset containing eight types of domestic garbage is constructed,
and a standardized experimental evaluation framework is established. Multiple optimization experi-
ments including hyperparameter tuning, semantic prompt guidance, data augmentation, and classifi-
cation head structure improvement are carried out to explore the influence of different strategies on
model classification performance. The experimental results show that the optimized SmolVLM-256
achieves a classification accuracy of 87.92% * 1.56%, which obtains a significant performance im-
provement compared with the baseline model. Comparative experiments with ViT, CLIP, BLIP, and
Qwen3-VL demonstrate that the lightweight model maintains competitive classification accuracy
with fewer parameters and lower inference cost, making it more suitable for edge deployment. The
research verifies that reasonable training strategies and structural optimization can effectively en-
hance the recognition capability of lightweight vision-language models in complex small-sample
garbage scenarios, providing technical references for the design and practical application of edge
intelligent garbage classification systems.

Keywords

Lightweight Vision-Language Model, Fine-Grained Waste Classification, Deformable Waste,
Few-Shot Learning, Edge Deployment

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 5l

BEE IR GG N TR ReBAR RS, B B b o LI AL i [1] SEbR S R SR AF AR &
Prlk . EPETEAAAMN, B MRLOE, S s BEARAL, BT SRR R . NI 25 (2] [3]. f%
G, KA Transformer R —EWIEES), (H R WE SR SHE R, HEBH AR,
e DA B AE B REL AT I i I A (4]

B AL T A B e B RS AT B AR SR VAR, MR BRI A RO . BT
SmolVLM ixX S &4k 2 AR AE B S AR BE 73 AT 55 (M S 0E T S iml L] HCHs 3 o SR w55
AT R = RGERFL[5] [6]-

BT, ARSCIEEL SmolVLM-256 1E A% OEAY, | i B s IR £, I RSk L 48 4544
ARG A e A S, RIS 5 2 3R S T o/ 2 A AR R T R ) 0] Ll o AN SC 32 BRI R

1) RN B S I FH 1) /ISR ARG FE B 3 B 2 [ 71

2) Wi BN E B B E AT S N RIS B S AL & (8];

3) BAERUZ ey IIAUE RG2S (R A 3G 50 10 1) 5] 38 25 9] [10];

4) 1IFBH SmolVLM-256 1EE 5 558 iAs 2 A P 5 (4] 5]

2. EXRBEARSHE IR

AL R 73 FRESR A RS SR B /ML 22 57, RS 2 AR Rt — 4R Tt 1 R A RFE 22 3]
MEFE[2]e AMEASE L IER o) . BRI sE . IENME, $ORESISETTE, SR REE AN 5 R i

ik

DOI: 10.12677/csa.2026.167247 126 THEYLRE 5 N


https://doi.org/10.12677/csa.2026.167247
http://creativecommons.org/licenses/by/4.0/

NERH 4%
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T AT [ 12]-[14]0 ASE T 55 AL (VLM B SCTI 5 S IS LS 15 SO 5%, RIS B SOARE SUA B
YIRS, SRR RS CLIP. BLIP. Qwen3-VL 25 KAIBEAI[15]-[18].

SmolVLM-256 M A1 237 5 W R AL 5815 5 B8, K AR 147 Transformer 2244 5 2 503k =L,
FEAR B SO R A B8 1 RIS KR8 S E R [5] [19]. 4328k 0 BUKs 4R E ML 2K ) 25 1A), ZREEH
AIGRAR LR RIE, FETHAHIZERIIX 40 A8 70 BEIE58 5 Dropouts AU IR IEMMLTFBL, &/MEARITE
S PR THZALEE ST I LA AR O DV 11] [20].

3. XWAHRSFE
3.1. ERFRREE

SIGHET Ubuntu 22.04 245, NVIDIA RTX 4060 K42, KA PyTorch2.4.1 IRFE2:SIHESE, 4i—
BOREPEID B FAE LT S 3, ISR 1 R,

Table 1. Experimental environment configuration

1. ERIFERE

LR ZH
BIERS Ubuntu 22.04
CPU Intel Core i7
GPU NVIDIA RTX 4060
AF 8 GB
CUDA 12.1
Python 3.10
PyTorch 24.1
Transformers 4513
Batch Size 8
etk #s AdamW

3.2. BiRKAE

A H ARSI EAE AR, R 8 RN G IRE I AR TR B R, IS R BB L
A Blndeiatt 240 5KIEMER, 330 5K, 120 8:2 1l NUIZREE(192 5K) HIEE A48 5K), /™% Ik
UER A A ¥l . BURECTTUR, Hibk: https:/github.com/1583118323/Waste FineGrained Dataset [7]. %1
RSB 2 FioR .

Table 2. Categories of datasets

2. BiRE X
I G 5 ESIE
1 aluminum_can
2 newspaper
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3.5. TFEIR

K FHUERfZE (Accuracy) ¥ i % (Precision) H [8]3 (Recall)s F1 73 H/E AP FEHR[21]. SmolVLM-256
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4.2. Vit

4.2.1. EBIEER

Vision Transformer (ViT)& ¥ Transformer B H T B4 73 K& Mg Al 12], @ BE oS BiER
FINLH AR 4 R ML ASAE[13]. MH%E T ResNet [22]. MobileNets [23]454% G A1/ 4%, VIT 4 R HRAE &
FERE J 3 . A SCE ] ImageNet FYIZEAT VIT-B/16 1E N4EA0 5 IEAERI AL, 78 3 @ 8iE 4 Lo foE
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2 Figs viT CRMIED SuEi%. 14.58%

(=R

aluminum_can 6.67%
newspaper 16.67%
packaging_bag 36.67%
paper_box 3.33%
plastic_bottle 3.33%
plastic_box 13.33%

Surgical_mask  26.67%
toilet_paper 10.00%

Figure 1. Zero-shot classification report of pre-trained ViT-B/16 model

B 1. Fi)IZ VIT-B/16 B FEH RS LRE

HIE 1 AT, RO VIT BRI RN 14.58%, AU T )\ 7> KBS AL .
X HTIE Y G TN GRS AL TE i20E PO 35 22 A2 M B SR AL BE R BT 55, USBM 20 22
2) /MRS YRR

BRI ER . 14.58%
[ e B e . 87.50%

A HENf 4

aluminum_can 70.00%
newspaper 80.060%
packaging_bag €0.00%
paper_box 160.0e%

plastic_bottle 160.00%
plastic_box 90.00%

Surgical_mask 1ee.ee%
toilet_paper 100.60%

Figure 2. Few-shot fine-tuning classification report of ViT-B/16 model
2. ViT-B/16 fRBUNMEARNAS KRS

w2 fros, R EREARSERBOAE, VIT HEFRIETEE 87.50%, MHREHKIFIE 72.92%. UEH ViT
HEMAB T ae /1, hE D S bR EdE 22 ST B3 i . SRR PR, I T2 AT
G
4.2.3. RO EPBLEL

TR S ) VIT BR20 BUER %0k 87.50%, Fo70 AN | Transformer Z2H4) 78 4K B ML 54T 45 o A 4
[25]. ZARALITRE 22 S e 1ok, HBEEMAK, DR 1—8 R RS SOARE UBh, &
AHANEL IS BN X 0 ROR G IR o LI NG 4 2 SRR A PRt 7 i Sk 2k, Ll el + ZHE
gE G ez N E B T .
4.3. BLIP

4.3.1. HRBER
BLIP J&28 SAIL 58 18 5 TN ZRAEAY,  ARFE NG i 2 5 L I SR 5 R AL S S A0S 55151, AR LR
MRS ARSI S . ARSCRA B 7 ISR BLIP BEAL, 78 5 @SR 4R b 5o i e B oM

4.3.2. SLIRLER

RN ZRAT G I 48R a3 3 Fom. NPT ARG T, BEBHER 210N 10.42%; &l i )s,
SRR 2 90.00%. HA R M S, BRURERNRAMFEEIE 100%, NEREFEEZFE, FI
S B SHAR o

DOI: 10.12677/csa.2026.167247 129 TFEARY 5N H


https://doi.org/10.12677/csa.2026.167247

NVERH 4%

Table 3. Comparison of model classification results before and after training

= 3. NARIFRE D HERIIE

ESil EizE WA SR
Surgical mask Precision/Recall/F1 0.00/0.00/0.00 1.00/1.00/1.00
aluminum_can Precision/Recall/F1 0.00/0.00/0.00 1.00/0.83/0.91

newspaper Precision/Recall/F1 0.75/0.50/0.60 1.00/0.83/0.91
packaging bag Precision/Recall/F1 0.00/0.00/0.00 0.60/1.00/0.75
paper_box Precision/Recall/F1 0.00/0.00/0.00 1.00/0.67/0.80
plastic_bottle Precision/Recall/F1 0.00/0.00/0.00 1.00/1.00/1.00
plastic_box Precision/Recall/F1 0.00/0.00/0.00 1.00/0.83/0.91
toilet_paper Precision/Recall/F1 0.25/0.33/0.29 0.86/1.00/0.92

- JSNURER TR 10.42% 90.00%
- P 0.12/0.10/0.11 0.93/0.90/0.90

4.33. BGROWESNBSER
SEIG R, BLIP FUIZR ) 13 B ALAS MR P A B s 275, OO B4 IEA SR T 35
VRV R AR 15]. 2R MR REAL S, (BN, HEB AR, MELLEE LG A&T1].

4.4. CLIP

4.4.1. {EBER
CLIP F= TS0 Eo o I g — il U TAI[16], B s KRR AR S G e 1. AL
ViT-B/32 VE A AS 45, TT T FEAC 15 L L PR I ol i S 56

44.2. LWEHER

NATHTEAY CLIP BB NREA S IR 73 AT 55 ERIVERE, AL BEAT T Zero-Shot ZREATIK 5 /)h
FEA YR D256 o
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Figure 3. Zero-shot inference classification report of CLIP (ViT-B/32) model
3. CLIP (ViT-B/32)HE B THE AR 55 iRk 5
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Figure 4. Confusion matrix for zero-shot inference classification of CLIP (ViT-B/32) model

[& 4. CLIP (ViT-B/32)iR BV B # K IR 55 2R 550/

HE 3. & 4 /TN, CLIP EAEAHMERIAERI 2y 56.25%, BALTHEMAN, HEiRAREARGE. BEHRS

R SEARASE TR E T B, SR 1 S5 B 73 AT A A ] S R 2

2) /MREARSSE(Linear Probe)f:fE
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Figure 5. Linear probe fine-tuning classification report of CLIP (ViT-B/32) model
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4.4.3. ERPHENBLELR

CLIP /£ ZFEAR SRR 5 PRI RIFHIEREGE 11[26], SCASTE SCAT 4 BhHR FH40HRL 1R 5 20 R
(HZAE R SR T R A AR LN, TR, DG IE R, Witk — D ENIE T 48 8k o i B0
4.5. Qwen3-VL

4.5.1. tEBEA

Qwen3-VL @ —AORBIMGIE SR, JEK A B SCRAIE 58 iR 1R . A SCRAT Qwen3-VL-
2B BEAL, Z54 LoRA Ui 77 T e s .
4.5.2. SLIREER

1) AR XKAUFER

1 BRI RBWEE L, Qwen3-VL-2B 43t LoRA il GBS 7RI 43 25 PERE . T3 a8 XIGIE
ZERINE 4 fiR.

Table 4. 5-Fold cross-validation results of Qwen3-VL
%% 4. Qwen3-VL A NIIELER

Fold Accuracy (%)
Foldl 95.83
Fold2 100.00
Fold3 95.83
Fold4 93.75
Fold5 95.83

Mean + Std 96.25 +2.04

2) BRArKMERE
K6 R T Qwen3-VL AL £ 2K 51 |1 Precision. Recall 1 Fl-score i {iti%hi &R,

Per-Class Metrics

g
0.9 -

s = e =
e 2 3 T . & S, ¢
2 @ ES 4 3 R a 3 g S g S
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9 3 S
Z
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Figure 6. Evaluation of each category
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Figure 7. Confusion matrix of each category

7. BRHRHERE

PR FH 3728 IGAEZE AN 6 Fizn, “FHIUERRIE 96.25% +2.04%, BiAfae T, 46K 6.
7R, BREAE SRR — AN, FL ARSI Y R R R KT

453. RS NBEL

Qwen3-VL LA R TR AR, BUS A AL p o0 250 BE, 4R FEFIAI RS S 98 o MRS F sk
IbRHEZEAN 2.04%, ZAVERE RUT. (HiZAE R S AR K, XHREARER ™ wE, TN TR i % K i
[3], XA SCHE T AR S AR (A% 0 SRR

4.6. SmolVLM_256

4.6.1. {EEELAR
SmolVLM-256 #2 [ [7]141 2% 37 5 W i AL s 5 8Y(5], SRAIHRE ] Transformer 45445 280K 46 77
ZE[19], e SCRl G e ) SRR T4, AU O I 5.

4.6.2. SRR

1) BESHRLE

NIRTCHES BN SmolVLM-256 L3 73 FRAERE MM, ASSCR MR HIAR B, R E B, B Ls
s AL ITRTAR T, MK AR B L 22 51 % YIZRFEH. Dropout 1E U A XH 7Y HERf 4 1O/ RTALAEE,
it e Ao s e 7 P HEAAE S I B S AL & -
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Experiment 1: Effect of Learning Rate on Accuracy
(Fixed: Epochs=25, Dropout=0.25)
100

—— Accuracy
==+ Mean (41.08%)
8
60.0
6
3 55,83
>
S
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5 45,
3
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a0
28,
2
16,25
0
le5 35 1e4 304 8.4

Learning Rate

Figure 8. Curve of the influence of Learning Rate (LR) on classification accuracy of SmolVLM-256

8. FIJHR(LR)XF SmolVLM-256 5 2 EHHZR B RN 4k

Experiment 2: Effect of Epochs on Accuracy
(Fixed: LR=8e-4, Dropout=0.25)
100

—@— Accuracy
==+ Mean (59.86%)
Y
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60,0 S
60 - 5833 ¥
2
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S
e
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3
<
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20
4
15 2 30
Epochs

Figure 9. Curve of the influence of training Epochs on classification accuracy of SmolVLM-256

9. YZEE(Epochs)¥t SmolVLM-256 53 25 E R RIS N 2%

Experiment 3: Effect of Dropout on Accuracy
(Fixed: LR=8e-4, Epochs=30)

—— Accuracy
—=+ Mean (61.45%)
80
6167 61,58 6125 61,32
) \¢? o
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3
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<
40
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0.05 015 0.25 0.35
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Figure 10. Curve of the influence of dropout ratio on classification accuracy of SmolVLM-256

10. Dropout EE I3} SmolVLM-256 43 2R ZR B 520 2%
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BRI BRINEC & N HER R AUR 61.25%, FAEHRRIG . ASCR B REECRSHE0E T, &
AWM S 3R 8e—4. IIZHAL 30. Dropout 2% 0.05 [8].

o) HE 8 AL, MERREESEIE LT RBK, Se—4 NIRLHUE, WABI SR E S5l 4F
e
W il 9 Fow, YIGREeEETE 2 30 50it, AEAURRIE S 1 BN 757
Dropout: £54 5 10 4558, 0.05 FRSEEE 104k r] AEHD )ik 006 1) R £ B RFAE Rk R
2) Prompt 5] F5£%

Table 5. Prompt experimental results
3% 5. Prompt SEIR4ER

Prompt 287! Fusion 773 Accuracy
No Prompt Visual Only 71.67% £+ 3.39%
Simple Prompt Direct Concat 69.17% £ 2.43%
Simple Prompt Weighted Fusion 71.34% £ 1.67%
Task Prompt Weighted Fusion 71.02% £+ 1.72%
Fine-grained Prompt Weighted Fusion 70.83% + 1.86%
Expert Prompt Weighted Fusion 69.58% £ 2.83%

AW ZE RSB B [27], EEL KA Prompt FFEXTIESEIE, 4R WE 5 fin. HiEPHE
SCARRHIE S GINTE SCUE RS, PRACKE B2 ARG T RURE 1% 0] o [ BF 2% 28 N T8 B E#AS Prompt 3K 7
SREH R RRSR T, Ui BH 4 R L SRR AE U A N B 6]

3) B SN EERER

ik — A TSRS AL ZBAS R G (RN, AR IIALE SRl & (Weighted Semantic Fusion)H1 (1)
RGN E SH o HEATIHRRSEES . SCIR I W B A FIN o 280, 704 SCAE SCHREERHR A 73 S MERE (1 R0

G RHIERIETE A

f=v+aWi 1)

Horre v FORMURAFIE, ¢ %78 Prompt SCAKFE, W RIRLMEBSSHFE, o F75 SCATE SRl SR .

Table 6. Fusion weight ablation experimental results

6. MANEHAMSIINER

o Accuracy
0.0 71.67%
0.1 71.34%
0.2 70.82%
0.5 70.12%
1.0 68.86%

SCAE R AU o IR EE R IUNE 6 Pim. BEAE o HK, BIRHET R KA T FE, UEMIAAE S L
TARFIE A7 I, SOARIE S e s 2 e R[9], SALHMEDN o= 0,
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4) FEn R

FE 58 B R 1] T8 SCT| 3 R SE IR KRRt _E,  ASSCE— P PR TUAS (7] P A 08 5 SR ] 17 38 73 SRR 1
HIZRESIHIREM, BB . ACHRE . BENUER. . Bt Rlsh. BENLEET 5 A,
R as R 9 Fos

Table 7. Data augmentation experimental results

*® 7. BIRERLIESR

Augmentation Accuracy
None 71.67% £ 3.39%
Horizontal Flip 77.50% + 2.04%
Rotation 80.00% + 3.39%
Color Jitter 77.50% =+ 3.58%
Random Crop 85.83% +£2.43%

FREAR I R TT R LSS R ane 7 Fros. PrE g sRT7 IR AL AR J), P BEALE BT AL
R, e RN IR A . A BAR SR LS 5[ 10]; BRI 3 28 AR A PR

5) JHREL

ESIE SR AR 137 3 43 AR M B8 B A S DT R P R 38 2, AR ST PO 27 2] AR AL I ZREE IR
Dropout. FMGFALHEL ., 15 LR TRNG . B IGonE. 22ESkah by, B 3 Jl S o it b Q3 Ak sz s
EBUIEE 8 FioR.

Table 8. Ablation experimental results
= 8. IHRASLINYS

N Prompt
i?g‘éﬁ ]jR Ep‘och qupout %Eﬁ}; Direct Weighted Flip 34 ﬁi Weight- Accuracy
E it fife et il Concatenation Semantic 3L Decay
Prompt Fusion

Exp-1  x x x x x x x x x 43.12% + 4.15%
Exp-2 x x x x x x x x 60.00% = 7.38%
Exp3 N x x x x x x x 61.25% + 4.86%
Expd N N x x x x x x 61.67% + 4.49%
Exp-5 V V V x x x x x 71.67% % 3.39%
Exp-6 N N N ~ x x x x 69.17% + 2.43%
Exp-7 R N v x N x x x 71.67% + 1.67%
Exp-8 N \ \ x x S x x 85.83% + 2.43%
Exp-9 v \ \ x x \ x 87.50% + 1.32%
Exp-10 N N N x x N, S 87.92% + 1.56%
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XUR Gy FER TG AR ARG, BRIl — D IHIL I G [12]. SiE G, B A HE AL 2]
87.92% + 1.56%.

4.6.3. RS NHEER

Al 5 B SmolVLM-256 TR W@ I K RS 2SR . SCATE X Re 4l Bl o X 4y
FRALRE S SR, BENLERBYSE LTG50 T B R T A H bR B . A LS e . HT SR I AR v
ZEAN 1.56%, AR FBOE R4 FHEREI BN o iZBALRE FEE IR T Qwen3-VL, {HSH & 554 H
ik, WERCILZ AT .

AR SE R 280 Prompt. FRAERLG . BUEIG5E . 7Sk a5 2 A0S EE SR . SEIG RS
213 AR Dropout [8] SCARFE /R INBLAL G 7 2 [9] 23 18] L] MG 38 5[ 1013 B 1F AL R R I
PR FERUT SmolVLM-256 HEfIZE N 87.92% + 1.56% [4], FEEEAL SIRAkEE. 2L, BEAWRE
B IEAE T AURLE R AT S, WA R R o R AR AR T R

4.7. BRIGZE
RLEEEHETEEN ., SHEEERNER, XRS5 R IER M, AHREE I 9.

Table 9. Comparison of classification performance and deployment characteristics of different models

F 9. TRIER A MRS EBESFIEXIEL

Model Accuracy SR NGBS
ViT 87.50% K —
CLIP 86.00% X B
BLIP 90.00% X AL
Qwen3-VL 96.25% UON LE =
SmolVLM-256 87.92% /I B

HERIR E, Qwen3-VL FIHL, &5 96.25%; BLIP k2, {EMIZFEN 90.00%; SmolVLM-256 HEH
R 87.92%, HEMKE M TR . #5E 21, Qwen3-VL. BLIP. CLIP ¥ &Pk, X H A EAF%E
Kim, MELLN A T4 %% . SmolVLM-256 KRS TE, TELRUE TR AR FE R [RI S5 R VH FERE AR, B8
T TR A7 IR A S b 4y 2

LEERE, KA SRS RMURE L, 1 SmolVLM-256 SZHL 1 MEAE 5 #8 A I #, 7E52br
IR R .

5. &t 5NRAMNE

R RES I RRE, MBEZOLER, STMIAEWRAL, FEETRBaARE EEMAST
A o
5.1. R4

1) SmolVLM-256 A5 BUEHL/NEA . T 2 AR AR B oy 5 5t ool kAL, RS HER
i 61.25%RTHE 87.92% + 1.56%, TERESRTHE 26 DA m, BRI E LT LM,
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3) ASCRHIR 4R Prompt 51507 BCRA R, SR OB RORBIE R, AR 3 54K
SERERFETE R 2K, BRI ) 2 B R 7 A f i Aef6].
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AL ISR B DX 20 R
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3) WA BN BE R Prompt ML, FEBEERSRR A BRI, 2T SCAE SCHIRI B [30] 6
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