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Abstract

With the continuous improvement of the generative capabilities of large language models, detecting
machine-generated text has become a key technology for ensuring information reliability. Existing
studies typically model text in the probability space using causal language models, which tightly
couples discriminative power with computational cost and offers limited robustness to changes in
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input form. This paper proposes a generated-text detection method based on embedding-space dif-
ference learning, transferring the margin constraint of difference learning from the probability
space to the embedding space. Using the centroid of human-text embeddings as the reference point
and the Euclidean distance to construct the difference function, the method enables a bidirectional
encoder to effectively distinguish between human- and machine-generated text; a dual-state train-
ing mechanism is further introduced to improve robustness to different inputs. Experiments on the
MIRAGE-DIG benchmark and a self-built DeepSeek-Bench dataset show that, using only about 12.4%
of the backbone parameters, the method achieves detection accuracy comparable to causal-lan-
guage-model scoring methods. These results indicate that the discriminative mechanism of differ-
ence learning can be effectively established in the embedding space, providing a new technical ap-
proach for generated-text detection.
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Figure 1. Overall framework of the embedding space difference learning method for text generation detection
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WIERFR, KJE S IIZRE, BRAE 56 855 5 N HUS 1.0000 () AUROC, 18515 ~ AUROC
R 0.7609, A, 3% 23.91 N FE 53 s, R IIERILE I G B FEMRR T 5 B85 ATk A7 (0 HE B A% 3 QUARFAE
Ja FXGSIZRG, %% AUROC #2742 0.9870, A, WHFEZE 1.01 NED A, 5658 AUROC MIE 1.0000
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BB E 0.9971. SeBEEMEREN/INME T S KBETERER B I—TTRY, XS UIZRIE L 2 AR 5 i il
TR TR BN, AR 1 HE R AR A HEAR S 5

Table 4. Dual-state training mechanism ablation (DeepSeek-R1 test set)
T 4. WASINZHLEEER(DeepSeek-R1 UK EE)

W= Y5 AUROC MCC Bal Acc TPR@5%
ES-DDL noDST e 4 1.0000 1.0000 1.0000 1.0000
ES-DDL noDST FHk 0.7609 0.4367 0.7080 0.3020
ES-DDL + DST e 0.9971 0.9900 0.9950 1.0000
ES-DDL + DST P~ 0.9870 0.9080 0.9540 0.9580

4.4.2. BfrEIRRHR
HAR IR p 22 IHLES SO T AKBUG M HARZE RS2, T A RS EENREERE AR, y
) PR A LR 7 AR . AT ARK IRER B N 34348 1 € {5,10,15,20,25,30) , &5 R4 5 ffior.

Table 5. Target interval ablation
& 5. BtrElkEiER

Y AUROC AUPR MCC Bal Acc
5 0.7796 0.7906 0.4245 0.7070
10 0.9742 0.9451 0.8677 0.9330
15 0.9739 0.9647 0.8761 0.9380
20 0.9887 0.9783 0.9246 0.9620
25 0.9817 0.9661 0.8923 0.9460
30 0.9628 0.9567 0.8303 0.9130

y BUAE S KD VE BE AR5 i S IS TH S BRI S .y i /Ny, WL SCA 5 N SRR 2 7455 B a]
Sy e TR AN A LA HE R, AUROC A 0.7796;  y ik K, fifk B bsitl H 2 aiic N 25 (8] B SR 1 R
J%, AUROC [H7% % 0.9628; » =20 [Ff AUROC A% 0.9887.

4.4.3. BESBEBRM I
AVEAG B0 BB o, 5 LoRA FRX T EVERERIEEM, 45 5 0% 6.

Table 6. Hyperparameter ablation
6. EBESHIHM

e 2 A AUROC MCC Bal Acc
Ay 0.9 0.9791 0.8921 0.9460
Ay 0.95 0.9758 0.8785 0.9390
iy 0.99 0.9887 0.9246 0.9620
Ay 0.999 0.9850 0.9080 0.9540

LoRA r 4 0.9829 0.9041 0.9520

LoRA r 8 0.9887 0.9246 0.9620

LoRA r 16 0.9829 0.9000 0.9500

LoRA r 32 0.9861 0.8858 0.9420
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&

Ay 1E 0.9 5 0.999 [X[EAZLLIN, AUROC BaNEEL) 1.3%, FRWIJ5TC SEFHE R AEZIX 5] A X e 2%
PEREABUR . X —4REW, Hay,, BT AN, $RECRS0-1 85 SHT LA AT (R 22 M Stk oqd T g
PG R A AL RS X B0 2 . LoRA FRAE r = 8 INPEREIA B iR, r=16 5 r =32 TR PERERIE—22
Tt KW r =8 CONAAESARML T R KW NASHER . AL ELBRIRINKM ap, =099 5r=8.
4.4.4. EEE RN

NFIHT I 22 N 23 18] R 3 RE 08 B AR A TP AL B BOT R I B i LB U 3, AT ] 32 DARK R R S
MR IR A fi(seed =42, 5HRMHMSCIIREF—0, EIFMEHB A SHBIR. &2, SR=MEE
R ERH R R VRS, AR 7 PR
Table 7. Distance metric ablation
*7. EEEEIRM

PR TR S5E¥BE AUROC  52¥4E AUPR  52%84E TPR@5%  F4E AUROC %4 AUPR &4t TPR@5%

R PR B 0.9971 0.9947 1.0000 0.9870 0.9843 0.9580
ARELEEE 0.9972 0.9941 1.0000 0.9875 0.9845 0.9580
LIEE S 0.7791 0.6430 0.0160 0.8613 0.7983 0.2280

e 7 FoR, WRRERBSAE P A7 5T S HUSARE 7 AUROC,  AR5ZBE BIAE [Al— N 22 6] L3P A i
RIJVF—E, ZFEHNT 01AES A SRS EUE T 2T, £ 1024 4ERAZ ) TA
BRETIZREEARA R LR E A THI T 2450, VEREWI RIS G . X, ASCPT 4 I 22 3 R AE XS PRAG B B
PR R AMEUR, B R R B RS AR E 2 STAA X N ST AR S 5 s RIVRT A 22 5 4 T R 8 AR
ARAR TR I Gt B K R A S MEAR AT N AR . e 55 3 W EREIT
M RN A B B —E

5. &g

AR ST X AR AR R 222 7 ST R B 0l BE 0 GRS R NS A], 1 S AN TR e N RO DN 5 1
FEH T R TR 22 8] 22 57 2 2T B 2E RO T i o 125 VR IE DR B2 o 2T I 1A B D6 S8 AR
MR A AR BIRA L6, PAANESCAR O AZ I, B BRI S AE 2 7 157, IR 5N RE 3T
RIFIE LSRR ENE, RN DASGS IR i 38 S AR R0 AN [ B N A DS ek o SR 5 SRR,
$EJTIEAE MIRAGE-DIG A JFHEME 1 ULZ) 12.4% )8 T2 Mo s 5 B R 18 5 AR 5 D5 E AR 2 i ke DIk
FE, B (ARG AT 5 A B R 71553 Sl PRI 2 40% R 23%, 3 B 28 55 2% =) 5 VA T FE iR N 25 [ o B
AR S, T AN MR PR R B AR R A% (8] . R — 2D TARRR R I B2 A A B 2 K 5 R e
AIEEEES 5N Y e, e MBI R _EiP Al L R g ERR

E&InE
JE T RSB 222 (20240004); 3T N TR RE R H A 1 K AR XGE WS in T A 71(N0.22150124045);
B B AR 2255 4:(62472040)
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