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Diversity prompt-guided cross-domain few-shot learning for hyperspectral

image classification

He Mengyao, He Jinrong’, Liu Hanchi

School of Mathematics and Computer Science , Yan‘an University , Yan’ an 716000, China

Abstract: Objective Scarce annotated data is a critical bottleneck constraining the performance of remote sensing hyper-
spectral image classification models. The small-sample condition not only leads to model overfitting but also poses the sig-
nificant challenge of severely insufficient generalization capability. To address this issue, this study aims to explore a novel
solution that couples data augmentation with semantic enhancement. We innovatively utilize pre-trained language models to
generate diverse semantic prompts, which guide the development of a data augmentation technique that strictly maintains

category consistency. By generating training samples that are semantically rich and distributionally diverse, this technique
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aims to fundamentally strengthen the model’s understanding of the core semantics of categories, rather than merely memo-
rizing the limited training samples. Experimental results demonstrate that the proposed method effectively enhances the
model’s classification accuracy and generalization capability on the target domain, offering a new pathway for small-sample
hyperspectral image classification. Methods This study employs the HyperBlend data augmentation method and the Prompt-
Mix mechanism. At the data level, the HyperBlend method performs cropping and blending of hyperspectral images from
the same category, followed by the application of random rectangular masks. This process simulates real-world scenarios
involving occlusion, noise, and illumination variations, thereby generating blended images that maintain semantic consis-
tency while exhibiting visual diversity. The method is straightforward to implement, allows adjustable mask ratios, and
effectively expands the training dataset. At the semantic level, the PromptMix mechanism utilizes a pre-trained BERT
model to generate three diverse textual prompts for each target domain category, from which semantic features are
extracted. During training, different prompt features are randomly selected as class prototypes, and a diversity regulariza-
tion loss is introduced to constrain the discrepancies among these features. This prevents semantic representation from
becoming homogenized, thereby enriching class representations and mitigating overfitting. In terms of loss function design,
the framework integrates classification loss, cross-modal alignment loss, target-domain supervised contrastive loss, and the
newly proposed diversity regularization loss, achieving end-to-end optimization. Results Experiments were conducted on
four standard hyperspectral datasets: Indian Pines (IP), Houston (HT) , Salinas (SA), and LK (WHU-Hi-LongKou) ,
achieving significant improvements. On the IP dataset, compared with the SCFDA method, the overall accuracy (OA)
increased by 3. 8%, the average accuracy (AA) by 2. 67%, and the Kappa coefficient (KC) by 4. 3%. On the SA dataset,
compared with the MEDPL method, the overall accuracy (OA) improved by 1.16%, the average accuracy (AA) by
0. 84%, and the Kappa coefficient (KC) by 1. 28%. On the LK and HT datasets, the classification performance was com-
parable to the best existing results of SCFDA and MEDPL methods, demonstrating strong competitiveness. Conclusion
Here is the professional English translation and expansion of your method description : This paper introduces HyperBlend, a
novel data augmentation method that generates high-quality, diverse training samples through structured image blending
and mask operations with minimal computational overhead. By strategically fusing spectral-spatial features from limited
labeled data, HyperBlend effectively simulates realistic inter-class variations and boundary conditions, addressing the data
scarcity challenge in hyperspectral image analysis. Concurrently, we propose the PromptMix mechanism, which introduces
semantic-level diversity through learnable prompt embeddings to enhance the model’s semantic discrimination capability.
This mechanism operates in the feature space, generating semantically meaningful perturbations that encourage the model
to learn more robust feature representations. The synergy between HyperBlend and PromptMix creates a comprehensive
augmentation framework that operates at both the pixel level (through structured image mixing) and semantic level
(through prompt-based feature manipulation). The combined approach significantly improves model robustness and general-
ization performance in few-shot learning scenarios. Crucially, both methods feature simple implementation architectures
requiring neither complex network designs nor substantial parameter additions. This practical and efficient solution pro-
vides valuable reference for the hyperspectral image analysis community, particularly for tasks with limited labeled data.
Extensive experiments demonstrate consistent performance improvements across multiple benchmark datasets, validating
the effectiveness of our approach for enhancing model adaptability in data-constrained environments. Key contributions
include: 1) The HyperBlend method for structured spectral-spatial augmentation, 2) The PromptMix mechanism for
semantic-level feature diversification, and 3) A lightweight, easily implementable framework that significantly boosts few-
shot learning performance without computational burden.

Key words: Hyperspectral Image (HSI) ; Cross-Domain Few-Shot Learning; HyperBlend Data Augmentation Method

PromptMix Mechanism; Multimodal Feature Alignment
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Table 2 The type and number of samples of the IP dataset

(R RIS

(a) g (b) KM
KEES &

K7 SAKdRSE
Fig. 7 SA data set

(a) g (b) HIM
KES Kl

8 LK HHitke
Fig. 8 LK data set

W Broad-leaf soybean

BN Narrow-leaf soybean
Rice

 Water

B Roads and houses

. Mixed weed

eSSl ESIEAN FEAA %L
1 Alfalfa 46
2 Corn notill 1428
3 Corn mintill 830
4 Corn 237
5 Grass pasture 483
6 Grass trees in farmland 730
7 Grass pasture mowed 28
8 Hay windrowed 478
9 Oas 20
10 Soybean notill 972
11 Soybean mintill 2455
12 Soybean clean 593
13 Wheat 205
14 Woods 1265
15 Buildings Grass Trees Drives 386
16 Stone Steel Towers 93
FEA BHL 10249

BREREREA SN B 70 21 B S AR 1t e D' 1% 15
1803 RAT 55 I A R AT ST e T /AR B AK
FMERYSe I kAT AT . X e R AR 1A
LR R 27 > SEAL B S5 T 5 o/ A AR 25 > SRS PR 4L
AR EHAE GBS ZUEE | 22 )2 AL 55 DP-CDFSL
AIBIHTIE B Rt Sz AL e

TG TR RL I, R T M g -2
] 5% 22 ™ %% (Spectral-Spatial Residual Network,
SSRN) (Zilong %% ,2018) . %51 BE LA AF HSI 432
RS I R DG 5 A A AR A TR 2 ) AR
RE AT D0 Wi /IR AR 5 1 02 1 S A R T
B

TE B S/ INEEAS 27 2] T i v AR WEFE AN T %40
SR SR R R B A SR U T AR . TR RS I VR
A 2 2] (Deep Cross-Domain Few-Shot Learning,
DCFSL) (Li %, 2021) JE B R G i ] HE S
Z—. BJE, KEER G B H/N AR % ] (Graph
Information  Aggregation  Cross-Domain ~ Few-Shot
Learning, Gia-CFSL) (Zhang % ,2022) 5] A [ # 2 [%
ZRARBREA ] 2R, UE— 20T TR AEAL 8 IR
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Table 3 The type and number of samples

/of the HT dataset
&Sl b lIEA BB
1 Healthy grass 1251
2 Stressed grass 1254
3 Synthetic grass 697
4 Trees 1244
5 Soil 1242
6 Water 325
7 Residential 1268
8 Commercial 1244
9 Road 1252
10 Highway 1227
11 Railway 1235
12 Parking Lot 1 1233
13 Parking Lot 2 469
14 Tennis Court 428
15 Running Track 660
B 15029

H 1&E W B Pt /N B A 22 2] (Adaptive Domain-
Adversarial Few-Shot Learning, ADA-FSL) (Ye (i
2023 ) 5 it Sl AR HUHL T A B RS L 103 T R
WNZRAEIZTT 18] B A RO

UTAER , AT ST A6 s e o) SRS 200 B4R AE 5 O R A
o T B S VA R DG R R 2 e A
>J (Multi-level Relation Learning for Cross-Domain
Few-Shot Hyperspectral Image Classification, MLRL-
FSE) (Liu 4%, 2024) I 22 J2 B FEA FIRFAE G AR
TR A 28 1) 5 S VR AR R DS 5 70 26 (Cross-
domain Few-shot Learning based on Feature Disen-
tanglement, FDFSL) (Qin %5 , 2024 ) 2 J1 F 43 &5 A
AR 5 R SRR IE ASE T AT IE R . T[] /MR A 15
G MR 7 28 i BT SCRBIARUO 5% (Spectral
Context-aware Frequency Domain Alignment, SCFDA)
(Ma %, 2025) QB PEHLAE SR AEAT RAIE XS 55 . T
B NREAS DT R 70 28 1Y B 1 i U Y 2 )
HE 22 (Momentum-Enhanced Dual-Prototype Learning
Framework , MEDPL) (Liu %5, 2025) 1| | F 8 12 AL
R IR AL i AR SR PR RE R th T 2 —

R4 SAHEERERNRERNTE

Table 4 The type and number of samples of the SA dataset

Bl eSS FEAA L
1 Brocoli green weeds 1 2009
2 Brocoli green weeds2 3726
3 Fallow 1976
4 Fallow rough plow 1394
5 Fallow smooth 2678
6 Stubble 3959
7 Celery 3579
8 Grapes untrained 11271
9 Soil vinyard develop 6203
10 Corn senesced green weeds 3278
11 Lettuce romaine 4wk 1068
12 Lettuce romaine Swk 1927
13 Lettuce romaine 6wk 916
14 Lettuce romaine 7wk 1070
15 Vinyard untrained 7268
16 Vinyard vertical trellis 1807
FEA BB 54129

x5 LKEHRERNENRERNH
Table 5 The type and number of samples

/of the LK dataset
2 I # R FEAAEL
1 Corn 34511
2 Cotton 8374
3 Sesame 3031
4 Broad-leaf soybean 63212
5 Narrow—leaf soybean 4151
6 Rice 11854
7 Water 67056
8 Roads and houses 7124
9 Mixed weed 5229
FEA B 204542

W IR AR B R ki AT
FRGE NF I RS, AR WS RE S 4 1 50 1E DP-CDFSL
TE fifp DR 5 3l R AR 8 DG R 53 28 IRl R FE A AE
X FEROR SR TR 5 LA SO W s A B A 1

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

(9 HIRE 7 45 77 T A 235 U S PERESR T, AT ™

TERIE T IR 7 ik A RO 5 ek

R6 SHEMBEXTLE (IP)

Table 6 Classification performance comparison (IP)

; Gia- ADA~  MLRIL-

S SSRN DCFSIL. C;;L i roL FDFSL SCFDA  MEDPL Ours
oa 6572 64.89 65.44 68.61 69.38 70.20 81.58 80.66 85.38

¢ +3.77 +3.50 +2.23 +3.54 +3.87 +2.66 +0.79 +1.38 2.39
a9 75.74 76.08 80.34 80.70 80.42 89.00 88.43 91.67

¢ +1.61 +2.44 +1.48 +1.96 +1.22 +1.95 +1.19 +1.27 1.35
Keooa(ss) 0172 60.36 61.02 64.76 65.70 66.48 79.19 78.14 83.4912
appatre +3.90 +3.96 +2.53 +3.78 +4.11 +2.94 +1.97 +1.54 2.6238

T AR O AR R e A 2R

FKOFEFIFNER T IP. LK SA & LK % #i 4
FERRBEAARICREAR T B4 28k sE . TP B4 I
(F£6) 76 1625 H 1 13 1200 UG 202
KR, HAEZE R 2.3 10 FE AR e e 7 B 3t 3 o
FERARTE bR b, T J7 1A 4F OA (85. 38%=2.39) \AA

(91. 67%=1.35) K KC (83. 49%=+2. 62) I ¥ 4 T fr
AXF T, 5 SCFDA ML, 7 OA L AA FTKC 1243
W TE 3. 8% .2. 67% 1 4. 3%, H.4% 46 i bp o 22 45
I, R RAFMRR e e S

R®7 LRI (LK)

Table 7 Classification performance comparison (LK)

Gia— ADA-

e ~a _ ~ ~
GBS SSRN DCFSL "o b, MLRL-FSL  FDFSL  SCFDA MEDPL Ours
oagy 9256 95.08 9449  93.49 94.93 94.89 96.27 96.10 96.20
7 583 +1.18 +1.72 4245 +1.96 +2.22 2.12 +3.47 1.71
89.35 91.10 9046  92.58 93.94 90.55 93.71 90.37
AA 9427 1.68
(%) 15906 +2.18 +232  +1.66 +1.74 +2.82 2.44 +1.54
Keooa(s) 9039 93.58 92.82  91.59 93.43 93.35 95.15 94.82 95.0515
appat7e +3.21 +1.52 221 +3.09 +2.49 +2.84 2.72 +4.07 2.1827

I RO PR RN RS

FTX T LKEEAE M 53 K45 5L . DP-CDFSL
JTEAE OA (AA (KC B30l i85 96. 20+1. 27 .94, 27+
1. 68 1195. 0515+2. 1827, Al b A% 4t & fft Jy % SSRN
43 AR T 3. 64% . 4.92% . 4. 7605% , 5 5 35 e A O
1 SCFDA SEAHRF-

FK8W/N T SAEEE LA XT g5 ] . DP-
CDFSL 775 OA L AA (KC 435124 94. 33%=0. 42,
97.20%=0. 39 F1 93. 69%=0. 46, 5 1% 4 &% 1 J5 1%
SSRN AH L 23 4R TF 5. 20% 2. 41% F1 5. 74%, 5 85
A5 A 77 % MEDPL A HE 43 5l 42 TF 1. 16%.0. 84% .
1.28%.

FEHT B85 45 A9 S2 0 25 S an 26 9 fifos . DP-
CDFSL J5 iE A e 37 50 AR 8 0 o o 8 iy PR g,

SRS B YK B 5 Kappa R 5043 514 79. 36%
+1. 94 . 81.36%=+2. 50 F176. 65%=3. 03, Y HL A5 T 24
AU SC B0 o MR Tz s 46 - R i dd:
145 58 75 ¥ SSRN, DP-CDFSL 7 OA L AA FIKC |43
FISEEL T 8. 90% 6. 39% A1 8. 57% Ay K i & M BE AR
Gy e S5 R T 1 R e B 0 b £ 2 AN
FEAR 2% 3 Fe 4t J7 5, W0 SCFDA A1 MEDPL 25 4 L,
DP-CDFSL Jir B A5 19 45 T 46 5 5 PR REAR 2, 3K
B T AU A AKX IR T TR ik
FE A TR S5 AN BE T 45 b 38 B fadd LA Ak iz
ek BE , AT R E AR FR T80 — %l o A, B 300
M E S HE .

9-12 J&7~ T DP-CDFSL7E MU 56
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Table 8 Classification performance comparison (SA)

Gia— ADA- MLRL-

s SSRN DCFSL CFSL FSL FSL FDFSL SCFDA MEDPL Ours
0A(%) 89.13 90.51 89.75 90.52 89.97 90.85 92.83 93.17 94.33
v +2.59 +0.99 +0.80 +1.90 +1.73 +0.90 +0.71 +0.48 0.42
AA%) 94.79 94.52 93.10 95.30 93.82 94.35 96.23 96.36 97.20
v +0.55 +0.66 +1.19 +0.99 +1.54 +0.98 +0.82 +0.66 0.39
87.95 89.45 88.60 89.48 88.83 89.83 92.03 92.41 93.6919
Kappa(%)
+2.80 +1.09 +0.90 +2.09 +1.92 +0.99 +0.79 +0.54 0.4626
o B PR R R LA R
x9 SFEMERERTEE (HT)
Table 9 Classification performance comparison (HT)
Gia— ADA- MLRL-
K
UIES SSRN DCFSL CFSL FSL FSL FDFSL SCFDA MEDPL Ours
0A(%) 70.46 74.22 72.26 74.77 76.63 78.57 79.68 79.96 78.37
’ +1.24 +2.92 +3.60 +2.85 +2.28 +1.98 +1.91 2.12 +2.83
AA(%) 74.97 77.47 75.48 75.87 79.30 81.56 82.55 82.86 81.36
Y +0.99 +2.62 +2.82 +3.01 +2.10 +1.55 +1.44 1.75 +2.50
68.08 72.16 70.05 72.72 74.75 76.86 78.08 78.38 76.6590
Kappa(%)
+1.33 +3.16 +3.89 +3.08 +2.47 +2.12 +2.04 2.28 +3.0328

T RO PRI R RIS R

€ (g) (h) (i) G) &J7

MLRL-FSL FDFSL SCFDA MEDPL %

K19 AN A2 05 e TP BR AR B 73 2880 K1 (0A=85.38%)
Fig. 9 Classification maps on IP dataset(OA=85. 38%), including: (a)Ground-truth, (b) SSRN, (¢) DCFSL, (d) Gia-CFSL, (e)
ADA-FSL, (f) MLRL-FSL, (g) FDFSL, (h) SCFDA, (i) MEDPL and (j)Ours.

T IRAZE SR E TP RS b A 25
P B B e PR BE 240 AR RE ZS aER S A 1
R A oE By T e H A

TEHT E s g b, N BRI 531 3D S e B v A 2
WIRRE YA DR 5 BRI VG
oo 7E SABUIR AT, B E T T Y R IR R

P, PREF T IR MR B . LB 4R b 7E T8
SO RGP 5 B bR A o T, W LT A
LA HER R B AR S 2R T U o3 )
KL FAN T R AR RE ST . WAL 2 SRk — 20 kW
DP-CDFSL ifi it HyperBlend 3 5 5 PromptMix i X
ZREVERLH , REAS R IBCE B J7 BORRAE , TIAE 5
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(a) EILPRZE (b) SSRN

(¢) DCFSL (d) Gia-CFSL

(e) ADA-FSL (f) MLRL-FSL

(g) FDFSL (h) SCFDA

(i) MEDPL () AJrik

K10 AN EINETEHT LR 2EBCR E (0A=T8. 37%)
Fig. 10  Classification maps on HT dataset(OA=78.37%),
including: (a)Ground-truth, (b) SSRN, (¢) DCFSL, (d) Gia-
CFSL, (e) ADA-FSL, (f) MLRL-FSL, (g) FDFSL, (h)
SCFDA, (i) MEDPL and (j)Ours.

JCIE AINEA 53 AT 55 vh S BT MEA B AR Y 4 26
PEfE.
2.3 HEhLIE

A8 IE HyperBlend 4044 5% 5 PromptMix #L 1l
AR BT T RGN SEEE (£ 10) . LKL
PEREEA 354+ J11) CDFS-CASCL(1i %5 A, 2024) )51
VR BELAGTIRY B 7 | A A LA BT FL BTk

Fg L R R AE LB 5] A HyperBlend
BEHLS  BERLTE TP 5 HT S04 4 150 kS B i 35 4
Th5 OA 43 51K 81. 72% $2 /=i %5 84. 88% . M\ 76. 63%
$ii 5 22 78. 37% VLW RE 5 A RO AR AN 2 S S
R AR AIE 8 AR B 7 5 0 76 SA A LK K00 H 4 [Pk RE
FRRRE , 2R WIZ IR SR R X B AT M g ™ A= T g

W o #f— i A PromptMix #L il ¥4 & 52 & DP-
CDFSLEEAYJS , iy Bs R A PERE R ik B i A, 1P 5
HT ) OA 3 — 242 T} 25 85. 38% F179. 36%.

T Fili 52 56 1E B, HyperBlend #5205 i) 25 $2 7 17 B
TR PRIYERE A (R REAE A1 -5 4000 68 ) ,PromptMiX*ﬂ
Tl 308 3 R AR S22 T S it 52 1 LR SRIIR &L A RO
ST RRAIE 2 8] Y Z2 R, IR 1 1 AR AN ] Ja )
IR LM E 5 X 5E . 3 LA R DP-
CDFSL7ERS W/ MEA G35 7S 55 b UG i 354
AESR T SR SR
2.4 HRLSH

P 13 J& 7R T21P HT  SA K LK Hicdla 4 28 2 5
22 2 FRAE 5 09 ¢ 53 A B HLAB B A (t-distributed
stochastic neighbor embedding, t-SNE) — 4k n] #ii {k,
£

NIRRT DL AN ] 8 A AR LR AR 44 25 ] v 42 3
FR AR 15 0 1) SR A A, 2 B B S e
R TR IE B A REFBOZRMEHF S Sy AN
T S A ) B R R A I L L (E AR R SR S A
P B, A [ B B 14 5 0 o A i 20 N SRR S
IR B o 12T AR A RS IE T A SURIE
2] 7V RE RS IR e AR G % - 2 TR B4 1) G B A ) 25
S H X R R R
2.5 SHBRMESH

ARG I 2 T 1 Hh OC B R 2 B0 UM L FRATT
5 1P Bs 4 b XK R R R 1 IR 9256, 45
AR 11 PR

S PR, PRI R A ) e AU A R 2.5
Horp YA HERLR L, BALEE Ay B0 2.5 I, AR A
PRI R I F 85, 13%; TS X U2k L, HOALEE 2
PR 2. S, OA HE— 4R T 2 85. 38%, Sy Ik
B, B ESHESBOE T, O Bk I8
T AR AR (B 2. 5) BT A i 5 | A A

%10 DP-CDFSL XA AR B H B SE U0 45 R
Table 10 Ablation study of key components of DP-CDFSL

ik PAEIIE S
HyperBlend PromptMix 1P(%) HT(%) LK(%) SA(%)
81.72 76.63 96.27 93.13
N 84.88 78.37 96.30 93.63
v N 85.38 79.36 96.20 94.33

T RO PR R e LA R
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(b) SSRN (¢) DCFSL (d) Gia- (e) ADA-
CFSL FSL

(f)  MLRL- (g) FDFSL (h) (i) G) AJk
FSL SCFDA MEDPL

E11 ANES2ET7 78 SA BI85 K (0A=94. 33% )
Fig. 11  Classification maps on SA dataset(0OA=94. 33%) , including: (a)Ground-truth, (b) SSRN, (¢) DCFSL, (d) Gia-CFSL,
(e) ADA-FSL, (f) MLRL-FSL, (g) FDFSL, (h) SCFDA, (i) MEDPL and (j)Ours.

(b) SSRN (¢) DCFSL (d) Gia- (e) ADA-
CFSL FSL

(f) MLRL- (g) FDFSL (h) SCFDA (i) MEDPL  (j) ANk
FSL

12 ARGEITEAE LK ERor28ECRE (0A=96. 20%)
Fig. 12 Classification maps on LK dataset(0OA=96. 20%) , including: (a)Ground-truth, (b) SSRN, (¢) DCFSL, (d) Gia-CFSL,
(e) ADA-FSL, (f) MLRL-FSL, (g) FDFSL, (h) SCFDA, (i) MEDPL and (j)Ours.
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QB' .‘Fﬁ”%.‘r
P ¥ ¢ AT 2
AT
‘ﬂ' .\“Jﬁti
5 RLTE i<
(a) IPHCHEAE (b) HT¥EsE
kﬁ 08 ﬁ

(¢) SA¥dit: (d)  LK%dmse
E 13 7 AN EERAE LY — iR iE T Ak

Fig. 13 The two-dimensional feature visualization on four data-
sets, including: (a) IP data set, (b) HT data set, (¢) SA data
set, and (d) LK data set.

b, X HCA 2 AN 1 90 2 % o 2 B 11 4 T sk
B

BT RI12MLEEG 5 £ W], DP-CDFSL J5 ¥ 7E
THARCR GRIR e B RS T W B384 10

R11 IPHIEESHMAN
Table 11 Hyperparameter Tuning for the IP Dataset

L, UE N\,
e
0.5 1 1.5 2 2.5
0A(%) 85.11 84.99 85.25 85.22 85.13
. L AEN,
e
0.5 1 1.5 2 2.5
0A(%) 84.51 84.85 85.04 85.22 85.38

T RO AR g R

iy o AR, TEINGRB B, 1% 0 578 1P (HT \SA =
B A 3R B S s AU GRRE R, 3 5 X
B RN AR 2% 1 5 3 0) S ML EL R ARG, RO T 2
25 )5 I ORASRRAE T 6T IR . SR
M, 75 4f BB Bt , DP-CDFSL J& 3 40 S5 i i 38 4%
R TE TP FIHT B £ b A0 I3 st i) Sk T e e 1Y)
MEDPL /7%, H i 00 T 21> S 805 B R A X L
AU BOE T AR e i R ) A . TR % Tk
TELR R R0 SRR RE 7 M RTHE T, B A5 780 2 B 42 il
AR A 72 T % e 5 2 H L # T MEDPL.

F 12 SHEHREMER 7GR E UK EE S

Table 12 Translate the training time, testing time, and parameters of seven methods used on each dataset into English

ADA-

i ezt DCFSL FSL MLRL-FSL FDFSL MEDPL  DP-CDFSL
YRR (s) 1939.09 2501.45 3633.43 2453.21 1861.30 4220.49
P DU ) (s) 3.28 6.53 1.73 5.79 0.64 1.26
ZH(M) 4.28 3.21 6.07 5.28 0.19 0.31
YRR R (s) 1382.88 3120.12 3636.96 3136.15 1326.05 3916.85
HT DU ) (s) 3.13 21.25 8.97 26.78 2.43 1.49
ZH(M) 4.27 3.21 6.08 5.28 0.19 0.30
YIZRiE](s) 2053.16 2980 2843.12 2857 1596.84 4286.63
SA T ) (s) 12.64 19.23 5.50 15.43 2.77 6.72
ZH(M) 428 3.21 6.04 5.28 0.18 0.31
YIZRitE)(s) 685.89 2563.4 2438.25 1832.52 1450.98 1340.59
LK HE SIS 63.82 5.17 3.65 432 0.74 11.31
ZH(M) 4.28 3.21 6.08 5.28 0.19 0.30

SR, FEMEFR Y BE , DP-CDFSL J& 30 0 5 i il

BRI A TP A HT Bt 4 L By i 18] £ T e

L MEDPL J7 % , BR300 T 24 S 80t R
FURERY S0 1 HBOR e SR R (0 e ke o RIS, 3%
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TIETE RIS BORRALRE IR RIS T R R S
s il A8 A AR AP A BT A O AR T
MEDPL. 33X Yl 25 H A= BAE R /)M {4
AR L ARG IS T SEBR RO T — U
2T UG AR HE IR 7E 2 W LR A A 28 1
ORI BE T DL AT BT A 2 RE 1 5
BT B, L5 R LTS EHG/NEAR 73 AT 55 h B
WA X (8 S

3 4

P 0 2 REE R R T | T i Sl VR AR 1R T
18432575 1% (DP-CDFSL) W& 518 WA 2 18 P
[vi) 3 s A 7 AL R ) - A2 B 2 1T 1T HyperBlend
B, 38 2o X [ AR A A TR B DR 5 B LIRS
A N B H AN R IR A s FE 1 2 T
$2& ) PromptMix ML , FILFH WU 2505 5 4 8L AR i %
FEALSCARE R, IR B A ZAEPE I AL e DL 26
S SRR R R R A ST HESR BG4 A
o0 BEPLASXE RIS W B He R 2 5 2R 1 4k
PR HEA T R I 25

TEIP HT.SA 5 LK P44 & ik £hodls 48 L Ay 58
55 3R W], DP-CDFSL7EHE A HE B (OA) - YHG JE
(AA)Fll Kappa ZEL(KC) BIIHEF 2117 F 9 ik, JC
HLAE H PRIE AR S 2 R B, o
G/ INEAR AR T AR T 56 AR
A 1 e B 5 B UR I B AR A A S
S A ] o SR b 1 28 03] 58 4 A — B R s 4
SIFAE IR ) WY T TR KRR A
KA FIR B o A TR IE F 1E R 3
5T R R B RS X S SR, i — 25 PR TR TR A
e it B A S5 T A F I 8l L7 3 SR A e
PR SRR H
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