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Abstract

To address the difficulty of detecting large-scale elements in mobile document layout analysis, such as
complex tables and full-page text blocks, as well as the tendency of full fine-tuning lightweight detec-
tors to overfit under small-sample constraints, this paper takes PP-PicoDet as the baseline and pro-
poses a parameter-efficient fine-tuning scheme based on asymmetric hierarchical LoRA (Low-Rank Ad-
aptation). The proposed method deploys high-rank adapters (r = 128) in the deep layers of the back-
bone and the classification head, while introducing lightweight adaptation into the feature fusion neck,
thereby enhancing the model’s ability to capture the global structural representations of large-scale
layout elements. Experiments conducted on a self-constructed small-sample dataset containing 1000
images and 8 categories of large-scale layout elements show that the proposed method requires only
6.5% of the trainable parameters while achieving 0.561 and 0.820, respectively. Without sacrificing
inference speed (18.6 FPS), it attains more than 94% of the detection performance of full fine-tuning.
Further evaluation on large objects area = large demonstrates that the proposed strategy effectively
alleviates the sharp generalization degradation of full fine-tuning under limited data conditions,
achieving a balance among accuracy, stability, and training cost. Ablation experiments further verify
that the asymmetric rank configuration for specific network layers is critical for capturing long-range
dependencies in document layouts, providing an efficient path for the rapid customized deployment of
lightweight layout analysis models on edge devices.
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Table 1. Hyperparameter settings
T BEERERR

ENZER INIGY 7S R R EL Dropout
Backbone Stage 3 backbone.stage3.*conv* 128 145 0.1
Backbone Stage 4 backbone.stage4.*conv* 16 32 0.1

Neck (FPN) neck.*.conv* 18 36 0.1

Head (Cls) head.*.cls* 128 145 0.0

Head (Reg) head.*.reg* 28 56 0.1
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Figure 1. Schematic of LoRA injection positions in the original PP-PicoDet framework
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4.2. WA IERRSIRK R

SRy THI T AR R PR LSS SCRS AR THT 43 BT AT 55 R 1 38 RS 5 543 254068, AR SCR A MS COCO B 77 1y
HEN, JEHL mAPoso.0s TEALEA RN I EFGAR, IFEHLL APso 5 AP7s APPSR BYAE AR ToU BIfE T 1)
BETE. [, S RAR ORI R L, G K H AR T B R (AR ), FUAE R 56
HEAEXTFR LoRA it B 7548 e A A A 4E4 K H Al ¢ B0 77 THI (R Rk

AR SCIF ] PP-PicoDet 2 AT 45 R RAHESE, SBT3 B, 52 7 (BT V45 2K 5 R 38 40 A 452 2Kk 1) i )
YER S S /INFEAS R R R R T 76 3R AR ) 5 78 A7 o 50451 2K BRI B Varifocal Loss (VFL). Generalized
IoU (GloU) Loss 5 Distribution Focal Loss (DFL) IR M EZ[13], HEEEN:

loss = loss; +2-loss ;,, +0.25-loss

giou
Horh VFL 79 SR 73 P00 5 58 R Bt AT AR o, AR BRRIE IR SAREAS 73 A AT I, 5] R R
T R IR ST RIS, GloU Loss iid v 5 3F B8 XK LATRHK, ik
KR A RAEYIEEHT B ToU % SRR R Ml A, AT S A i S il Az ko [R]I,  DFL 534 5%
HE (i F% 8 AR 0 A, ARSI S AR T i Je 34 S M I BB 2, BE B IR B 3 T (EMA) 5]
W, SRTHR BRI S A E L AL PRI (USSR B 14]

4.3. NEE B S RIE

SEUG LT PaddleDetection AEZLSEE . NN /INEARIAES R HTRIERE, B INE T 7F ImageNet 5
MS COCO ##a4E b o BIZRIIALE o YIIZRR FH AR IR K5 ) ZR R RUR IS IR I & Warmup LI, 28
H N 150 Epoch. B EI/INEAR YNGR 5 2R BEME S T, ARCTIN “IREFE T HI(EMA)” HAR TP
HYH, DABUE ERME I o RS S ERERIG DT, A SO TS 2 R4, BEVLERRE
WA (P R K2R, HETETI N Mosaic 5 Copy-Paste i, DR eSS H 3G R 5m g, 7RI BRI
CEIRREATR” BENRE IR, AR B S B S SO R A B AR AN . Ah, S A TUIMGE
k5 LoRA U 12 546 Dropout B (. 3.4 1), HE— L4l HoL & R

4.4, FFECSES T

NEIVE AR R LoRA SRS A& RCRCAE, A SCHE 1 =20 S
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XSS o> SRR ) R AR IR 1 705

2) A& iA(Full Fine-tuning): X8 4 WX 40347 o 21 v BB, AF AT RESEAE DU EL/ANFEARZ R R
A 1z AR E P

3) AEXIAR LoRA (ASCH7iE): EARRFFEUER R R S5 AT HE T, AN Stage 3 5 43 26 M Sk 5 5 4k
RS 2 AR RS . 1205 R B ERAERETS UL 6.5% M il IS5, 16 AR HEFE I 7 (18.6 FPS) %
RARRIHTHE T, SEIU AR SCRS B 2% R RRE ZH A 11 e 35 ATT 5 A R0

5. EWERE S

Table 2. Comparison of detection performance of different fine-tuning strategies on the in-house dataset

= 2. TRIMARIRAE BZBURE LR RERT L

Hik YGRS H & T AP50 AP75 mMAP@o.5:095
Original 0% 61.7 30.4 31.6
Head-Only ~1.2% 80.4 46.9 52.1
Full Fine-tune 100% 86.4 60.6 59.4
LoRA (KL T7i%) ~6.5% 84.7 59.4 58.1

72 BT AFI LR SRS AR F RS BT RETE AR b JE I BE AT R W R SR

Original #ER7E AL TSRO, H mAP A 31.6%, & W T Z5AN 2 7E A BR A 52 Wi If A JR) IR A7 7E
FAEJR IR . Head-Only 5HE LLZ) 1.2% IS 89K mAP 3-TF 2 52.1%, Hl TS 78 T W% SRR
HIE, BRITGEIERS H bR USSR FIRHE AT, S Rt s

mAP@0.5:0.95 Curve of Full Fine-Tuning and LoRA Fine-Tuning over Epochs (150 Epochs)

60 1 —— Full fine-tune
—— LoRA fine-tune

50 1

10 1

0 20 40 60 80 100 120 140
Epoch

Figure 2. mAP@o.5:0.95 curves of full fine-tuning and LoRA fine-tuning over 150 epochs
2. 228MIA5 LoRA #iEAY mAP@os.0.95 B Epoch AL HRZE(150 %)

Full Fine-tune R W&IE I B0 37 A4 e TR BIR, L mAP 1A% 59.4%. Wik 2. &3 for, ™
Pl i g S AT A /N AR R T 70 AT AT 25 SR 00l (HVERERIIAFAEZE T - B mAP@os0.05 5 AP50
M2 W, LoRA S AT PR . BT/, R AT E M B Aol SR 5 I Re 4k 242 T,
I ARG FERS iy, AR SRS AR RS T R . 25 SRkt 4 mT . 4 B O J5 BRI 2R3 e Fp 82 T B (1 [ I
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IAER R B F T, RO — @ A M2 R, LoRA WIS AR R RGN, B0Edh 285
PR, ARIERE, Wk 4 FR. 52, LoRA TEAL 5 6.5% YIS EM A FHUS 58.1%01) mAP,
54 BRI ZE 1.2%, U8 FAEHemuk MRS . I ke e 5 S 808cR 7 T AR 3.

SEEGEE FAESE, @ E GBS B E NAIRRR LI IR, R8I B TN SRR A F i P AR AE SR HCRE 7, I DAIG
SRR LIAIRERL . LoRA PRAKAEFEE RO AE e ) T IEMIAL/E R, 78 PRAR TS B2 IR T #E 1 [H)
W, 2R T A RO S A PRI AR I A ISR, ST A B S I R CR IR F1

AP50 Curve of Full Fine-Tuning and LoRA Fine-Tuning over Epochs (150 Epochs)

—— Full fine-tune W
— 1 X DA
80 - LoRA fine-tune
60
3
o
& 40
<
20 A
o -
T T T T T T T T
0 20 40 60 80 100 120 140
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Figure 3. AP50 curves of full fine-tuning and LoRA fine-tuning over 150 epochs
3. £8iA5S LoRA #iE8Y AP50 BE Epoch ZE{kiiZk(150 %)

Comparison of training and validation loss curves

—— Full FT - Training loss
2.2 A —— Full FT - Validation loss
—— LoRA - Training loss
—— LoRA - Validation loss
2.0 1
1.8 1
3 1.6
o
-
1.4 4
1.2
1.0 1

0 20 40 60 80 100 120 140

Figure 4. Training and validation loss curves

B 4. N ESIESR AL L E

DOI: 10.12677/5€a.2026.152032 347 T RS


https://doi.org/10.12677/sea.2026.152032

FIRKR, IMEIR

5.1. BAFEESWSREMYE

BE— B0 AR F ToU BIME R IR BURT AR L, LoRA J7 AE TSI e A 6 b N R BLHY KA ke fe k.
A% T Head-Only /7%, LoRA 1E AP;s EARTFT 125 MNES A, HE5EBMIARKZEENR/DN. X2
Rank Pt & Xt [\ 543 32 5 Neck A& ZH) “Erxt g5~ , GBI FEATEA PREEA T 2% 2] 25 fa e i 5t
METRIIGE /7, Wb T 5 AR IBEHLE} B0 o

R, JE I B N 2R 2 K B, LoRA J7 2218 g LATE DIk ARKE Vgt NIt Re P & 1, Bl fEvERe
PR PR B P R N T A A o X R SRR AE AN PR T S PR A P R I S L AR, R IE T
KRR FRAE S0 A 2

5.2. jHRESELE

NI PIAEA ST A B, ASCN “YENALE” R “HESHICE” POT T T B, R
POHIss, HARNGRES 4.3 f/RfF—E.

5.2.1. ANLEER

FEENAL B RS, ik 3 Fros, Seiest R0t W35 I RE U R RS . AEE RS I Sk vl &
Fie #5(A1) BB S B RE RT 25 3842 (H 0 T ERFIE AR BT 06 SORY ISR HE, R P e A« & N RTER S,
IAEE T P E NG 2 (A2 PERE I ZU R I, 3L APso 5 mAP UR 14.6%F1 5.2%, X Wi #20N E4E
N VBRI B SCBER MLER: B TR ARHIE R A X AL Neck (390) 5 A Uit Head (Kl k)35 4 T4
ZEIRAS, HIE Backbone AR E] T AU EAE E, X LLRFAELE I 75 A0 T 38 A E0IR S 1Y Neck B2 218
18 AR SRR S AR LT, 3R 5 AR () Head 7228 /™ B 4FAEMAS IR 5, SETRIE 425 3% BE
FHENGET 5K, “FT + W7 KA ER(A3)fE APso HIFH 2 73.6%, A JJUERH | Neck JZ 0 AEX 55
% REERRTHE X B ST AR o %, 4503 Backbone. Neck 5 Head 14245 2% 1) A& FC(A4) R,
BIAR T 84. 7% I LRI, X 784 EDIE A ST Bevt-AE I« 06 25038 5 6 A He 1) i 21 o e A5, W B eh 2
Neck [RHFFENRS S A I Head [ AIS YA, 7 AL S MRS 25 400 i B R 381 3 J5 FIE P 022 4 11 5 4 St

%,
5.2.2. Rank 5 Dropout &gl

Table 3. Ablation study results of LoRA injection positions
7 3. LoRA JENI B HRISCIOEE R

(iR ENE R AP50 mAP@o.5:0.95
Al ¥ Head 68.1 44.8

A2 ¥ Backbone (stage3~4) 14.6 52

A3 Backbone + Neck 73.6 50.4

A4 Backbone + Neck + Head (4<30) 84.7 58.1

T Rank 4% 5 Dropout M6 17 Al SEB6 (U5 4 From )i s 1AL 25 5 512 A 1 B8 2 1] A -1
SRIGSUR TR, HRRRLERL r 1NN (0 B1 ARG E), BRI AR E A2, SECULAE 1000 FRAMEAZ
TR AE AR R AR S SO R R R IR b KR, APso N 16.6%. 1 43— H H 2T+ Rank (41 B3
AF, PEREI AR S B BN 2R VESRE T, ROf R S S A A IREE AR T R A
P, B0 BE H LB SR [R1 o 7E TR AR SRS 7 T, SEIRUESE T 4HREAN R 5% 43 3 St 72 5544 Dropout 1
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DEANE: B4 (45T Dropout) ML T A (B2 IR T 14.6 N 2 56 APso R, 3iEBIALE |54y
35 Neck £5# 415 N\ 0.1 ¥] Dropout % Wi 25 T3 bh BE W 2 H-$E THid FAE e A i AssE ve . JRTm, 73280
F(Cls Head) X REAE 76 8 B AR FERBURR, 3k i () TR UL T2 11l 5545 28 ) Title 5 Header 55 JCHE A AFAE 1
AR, 28 BRTIR, AT E AR RIS B 7 2 ——BIAE 73 285 SCR A ik (r = 128) H A Dropout, T £
LA SR AR PR AR IR 4 DU S 0 E M ——TE R O e S SIS I FE R [RTBF, St 17 2 ) s o () A e e,
SCHL TR A R I SR ST

Table 4. Ablation study results of LoRA rank and dropout configurations
%% 4. LoRA rank 5 dropout g & ;HRASLIG AR

(54 stage3 r staged r neck r clsr regr dropout AP50 mAP@0.5:0.95
B1 (/) rank) 64 8 12 64 16 0.1 16.6 6.2
B2 (&30) 128 16 18 128 28 0.1/0.0 84.7 58.1
B3 (K rank) 192 32 32 192 48 0.1/0.0 78.7 50.6
B4 (J& dropout) 128 16 18 128 28 0.0 70.1 46.5

6. HRERFKITIE

ASCIHA] 1000 5K EHE . 8 & HARK/MEARK N 5, P PP-PicoDet AFEZk, WF5TIFSKIL [ LoRA £
Hrm AR 7 o I AE 1T )2 I RLE S RISk OGBS R A NRER AT UINZRBEER, 3R 432 rank
HIEWAEE, ACONEERFFHEBI M ARRRTIR T, SCOL T BAFRIR R - S8 b 55 R0 Il Zk
W, R SLEeE— B I0E T “Backbone + Neck + Head WHEIERL” K “43384r 2o, a0 5R0& 4%
B B . KRR TR S EERMKES N SE SRS I FR, #—BRA LY
JEES TREEHEN.
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