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ing, this study identifies significant limitations in current research approaches. Existing vision-based process
generation models tend to overemphasize image feature extraction while generally neglecting critical textual
annotations in drawings (such as dimensional tolerances and material specifications) , leading to insufficient
multimodal information coordination. The underlying issues stem from the inadequate modeling of the multi-
modal characteristics (visual-textual correlations) inherent in engineering drawings by existing methods, and
the inability of traditional fusion strategies to achieve progressive cross-modal alignment, thereby constraining
the accuracy and logical consistency of generated process descriptions. To address these shortcomings, this
study proposes a generative process design algorithm based on multimodal information fusion. By deeply inte-
grating OCR-extracted textual features with visual features, the algorithm effectively addresses key chal-
lenges such as incomplete extraction of technical parameters and inaccurate semantic representation from pro-
cess drawings. Our algorithm demonstrates superior performance over traditional vision-only models on met-
rics including BLEU and ROUGE, without significantly increasing computational overhead. It provides reli-
able technical support for the intelligent transformation of process design and holds significant practical value
for advancing the digital transformation of the manufacturing industry.
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Tab.1 Experimental parameter setting

28 B fE
CPU AMD EPYC 7542 32-Core Processor
GPU 15k NVIDIA GeForce RTX 3090 GPU

I8 (Epochs) 65
YR KN (Batch Size) 8
R Adam
iR 5 2 > 3% 4E—4
o i 75 2 ) 1E—4
dropout 0.5
Y IEAE BLEU-4 ¥ 28 8 A~ A 0 R 42 i
ol AR BT B 5.0

28 3] A GEU W
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SRy 4 T VAR A RUAE T 28 U R AR A 55 v i v
e R, AR T 248 AR &R, N T 7
JF 50 RN 1T SCAS DAl 48 bR 7 T 5 £ 45 AU 1 A B BT
W, BRI

1) 5& 4> DU i R (Exact Match Rate) ffij & 4 i
¥ 3 5 5 2%y 5 58 45— 3000 Lo ), S i A TR RS
ST Z)PHNHIEE T

(3=
EM="“-"——— 1
N

R N A By B F )Ly o RIS
I RFE R R 7 91 58 4 — ST H 1, A IR 0D .

2) BLEU(Bilingual Evaluation Understudy)'*"
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3 o 5 n-gram B BEIEAN A2 WSCA 55 5% A Y
FRIEAPIE R 2 ML DU T4l (BLEU-O 15

4

1
BLEU,,, = BP+exp ( > 7 log p,,)

n=1

(2)
Hor, p, h n-gram ¥ i, BP O i S5 A& 5 T BP=
min(l,&)o
Vi

3) 5 16 & (Precision) 5 7 Al & (Recall) 3 F
K AT A (LCS) A, E B KR M B PEAh
A RPN A HE A PR N T R

~Les(y.g)

seq

P €75 N
j | ]
HALCS(Gy, RS HITH vy 54T y ik
NITF IR .
4) TJ¥ XA BLEU:

|
BLEU,.,= BP-exp(Z4logpff""”) @D)

n=1

Horbr, p, i n-gram K5 FE , BP Jy fa LA §1 P F BP=

min(l,&)o
i

5) ROUGE (Recall-Oriented Understudy for

Gisting Evaluation)"*” & 41§45 : ROUGE 5 BLEU
Th A B B OAH 3T, 3 % F n-gram DT RC R B (0
ROUGE % il # T 4 [ 37 £l o A 92 58 % Al
ROUGE-1 . ROUGE-2 f1 ROUGE-L % 3.0 #8
B, 53 5N —JT 15 ¥ DR I . — Jo i 1k DL e A K 2
TR G = A E L F 15 0T #R f 5 A H
a] %2, A T PE A AR BSOS (38 SC— S A i B
3.3 X

R 95 IE 22 R3S Wil R AE L 2T AR A AT 55
Hh Y SR AR AR A TR G R L S g HE
B BT AR ) 0 I R B A 4R R T Y 800 i ] I
SRS R T Y @l A OCR SCR (5 B 1) MultiMP
L TR 55 A AR 3 D SRR AIE 11 Attention & 2k 458 Y | L
T RAEBL I 2k 19 Qwen2. 5-VL-3B-Instruct-bnb-
4bit 15 K Fl Deepseek-v1-1. 3B-chat #& 4 #F 47 3 47
YR, LRt w 7R e 2
AN U2 JR 3, B DR X L 25 2R 09 4 v M R AT M
38 35 7E AN [R) I 25 B B ok DO 2R 455 A8 4 A7 A8 1) 2 g 1L
B, R B B ST G X A BT Y R
AT Ay A5 78 S5 0 it AR S E AR B o L A 52 6 45 S
K2MN.

®2 HEBETIZERITFHRTHEMRBE AR (Epochs)

Tab.2 Comparison of model generation capabilities in process design scenarios ( Epochs)

Nigigl LT 3R
BB VERC R/ % BLEU RS PENCIRE S BLEU ROUGE
Rouge-1 Rouge-2 Rouge-L
Attention (15) 3.98 0.402 6 0.7247 0.7235 0.5526 0.569 5 0.4246 0.562 3
Qwen (15 5.98 0.3453 0.7893 0.6579 0.472 6 0.4505 0.2953 0.4432
Deepseek (15) 4.38 0.4309 0.7314 0.770 4 0.608 0 0.508 2 0.3587 0.4997
MultiMP  (15) 9.56 0.4793 0.746 6 0.758 4 0.600 7 0.616 4 0.477 4 0.6111
Attention (25) 9.96 0.4854 0.7430 0.786 9 0.614 1 0.607 2 0.470 3 0.6000
Qwen (25 5.98 0.4325 0.7878 0.7853 0.5536 0.5102 0.3591 0.503 8
Deepseek (25) 5.58 0.486 4 0.7785 0.8125 0.6386 0.5378 0.3784 0.5291
MultiMP  (25) 19. 52 0.569 0 0.799 0 0.793 2 0.6625 0.648 7 0.5205 0.6407
Attention (55) 20. 32 0.5620 0.792 2 0.8237 0.696 0 0.6547 0.5299 0.6453
Qwen  (55) 7.97 0.4654 0.8018 0.756 8 0.5957 0.549 0 0.402 8 0.540 8
Deepseek (55) 24. 30 0.5820 0.8111 0.8580 0.7132 0.6227 0.490 1 0.6149
MultiMP  (55) 24.30 0.606 4 0.827 4 0.816 1 0.7023 0.6818 0.563 2 0.6749
Attention (65) 20.72 0.5695 0.796 9 0.8317 0.702 3 0.663 1 0.5395 0.6513
Qwen  (65) 7.97 0.464 3 0.8134 0.7538 0.5811 0.540 6 0.3938 0.5336
Deepseek (65) 22.71 0.570 3 0.8196 0.8517 0.7149 0.628 8 0.497 9 0.6207
MultiMP  (65) 24.70 0.604 1 0.8190 0.8337 0.7241 0.6918 0.5711 0.6831

T B — YR E  AE0 48 bR B dRe o 45 R LU ARt

Note: For each training epoch, the best result of each evaluation metric is shown in bold.
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™ =0+ A e g, (D (D
Horp, g N Y AT 20 T TR AL 0] 6, o R sig-
moid P4 IE PREL, AR RASEF LSTM 1 24 Aif Bt Ik
B, W b AT 25 2] S8, ol NGt TR 1AL
1) AR R AL, ¢ R 283 4 % 1) OCR SCAR HEAIE 17
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Tab.3 Ablation study results cmparison between simple concatenation fusion and gated feature fusion(Epochs)

TIF 741 TP 3CA
BRI A D R BLEU R S BLEU ROUGE

Rouge-1 Rouge-2 Rouge-L

Simple(15) 9.16 0.4853 0.7849 0.7527 0.593 2 0.6189 0.4837 0.613 4
MultiMP(15) 9.56 0.479 3 0.746 6 0.758 4 0. 600 7 0.616 4 0.477 4 0.6111
Simple(25) 15.54 0.524 8 0.7790 0.7618 0.6101 0.642 3 0.5128 0.6379
MultiMP(25) 19.52 0.569 0 0.799 0 0.7932 0.6625 0. 648 7 0.5205 0. 640 7
Simple(55) 23.90 0.589 6 0.8116 0.8059 0.662 3 0.698 1 0.5855 0.6917
MultiMP(55) 24.30 0. 606 4 0.8274 0.816 1 0.7023 0.6818 0.563 2 0.6749
Simple(65) 23.90 0.5738 0.8374 0.772 4 0.6550 0.6882 0.5720 0.6818
MultiMP(65) 24.70 0.604 1 0.8190 0.8337 0.724 1 0.6918 0.5711 0.683 1

TE A —UIGREIN T 4 P00 8 A 19 SR D0 205 58 LA B o

Note: For each training epoch, the best result of each evaluation metric is shown in bold.
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