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Inference speed vs performance for Gender

0.90 - IKLA—I—I—E’; [l] ® Baselines
1 %X This work
O o.89 1 This work LAT)[:E-S [1]
-p -
S A I R R R COoLES|
S 0.88 3
4 .TALLF{ec
@ !
O 087 E
© o
E = RTD
s° 31 NSP
& | esoh DeTPPCHC
| Cod IFTPP ®\ppR
_ *fFTPPT
0 25 50 75 100 125 150 175

Speed (samples/sec/GPU)

Figure 1: P JIFIAE 55 o ROC-AUC MEREFIERLHE (FEA/FP/GPU) TEH
fabr. W74 HE LATTE [ 1], LATTE-S[ 1], CoLES [I]RTD [24] ,
CPC [23], NSP [25] , NPPR [22], DeTPP [33], IFTPP [34] , IFTPP-T [34]
, ESQA [15], #l1 TALLRec [19] .

www.xueshuxiangzi.com



G) Pretrained Sequence
A) Event Sequence Data Encoder (CoLES)

X
— &

BEHAVIOUR
UNDERSTANDING

®
Ee ol
(& et

PREFERENCE
PREDICTION

F) Description
Embeddings 1) Contrastive Loss .
o — MIEC)
a | |Acaa #i =g
ard [~ Nom . @)
| Negative Pai ATTRIBUTE—
Il Neg.a.tlve P.axr CLASSIFICATION
§ <—Positive Pair

Figure 2: §i£ 1) LATTE Jifefifid. (A) FLFEA AL . B) it
PR AE RS . (O LLM AR s iR n A2 il A SR S itid . (D)
P B SCAR A AR FE S BB AR AL (B) SUA AR RHEIA S0 [7]
BN (F) XIS A M T LB SR, (G) A, P84 asic AR
MRS . (H) A2 e S A P G A A T, (D) Xk FEX SR
ST DA L 3R R 25 ) FORE 57 SCAS IR A A .- () X5 5 A T T
BRRWRES, Aoy, KR

SR, FRZUTE SR (LLM) R B 32 B 11 90 AR B 7 2R A 2
i, BTN RRERCEGE, SETRERITEITR. B, S
AT G BRSBTS 80a Kl BRIl LT Ms
g, TSR RSO DR, R T HER AR . B 1 R,
BT LLM [ TALLRec [19]1 F1 ESQA [15] AU B EEA B A7 10
A ARHBER ] 1 I EARA T R P E

BUA 7 YR X A R 220 P2 5 — 2Rl A LLMs [21,
207 S I S AT AR D BRSO B, XA 25 2 X ffy A A
HE Y U R AR S U o 28 307 AR i A R 7 20 i DA Al SRS
17, 16] R Gead ERSCREERR . SRT, X HEFIRilH = = F 00 H ik o
FAERITE XN (I, 5K R0 P HEE R ) . sboh, BEE ML
ARFER, XA S FECTIRNAII, A h TRAA A IR 5
HUMERE T R

T EJOX SRR, AR T LATTE! | @A T2 3551058
Gy RISCARR AR LY JRAESE . FATTARFREA P B AR SR (LLM), 1l
e PR U IR PR RS R R R ILRY LLM 2R B AR TE S 2
P I IIRAE, 5 A R R A 4 1 TN Gk S A a0t Hear )
XI5 FEHEWT, LATTE SCREPIAME: —Fu@ s 4ifdes (LATTE-S),
PRE LLM e UM NT S s 5 —Fhiedi G anids: (LATTE ),
Rl SCARTIEE IR o

YEFRDE[ZE https://anonymous. 4open.science/r/LATTE-3BD2/ T

www.xueshuxiangzi.com


https://anonymous.4open.science/r/LATTE-3BD2/

KT IR PERE IR Z B ATE, RATZIAT —MEME (FOM) , il
{H F BT PR TN AT 55 B9 AR TR AR A T 450 45 i) ROC-AUC FIH#EHEH FE (3]
(B 1). FAVEAL T LATTE (i FpAs i, 456 7 PRl A KRS - (X Z5#
) (LATTE-S) PAK S5 SCAREHEDHER (LATTE ). fEVERE AT, Frd iR
) LATTE 359 T 3L B g B2k il v . ANEEMIAE (&R (LATTE-S) 775
fE45 FSEEl T 0.899 () ROC-AUC, HEFETEE A 162 BEAY/FY/GPU, it TN
TALLRec F1 ESQA X FEEET LLM Ry, sREEER T 14x £i5. FETA R4
ISR, 45A72K (LATTE ) 052528 T = # & ROC-AUC,

2 ik

BATVBIEH LG A—Fp A SCAFT AR P B i BB ke 52 m M 55 5
1 Fp2e 2 B R i . Ak, FROTEEH T — =B B i fe LATTE
;W 2 PR, AR RS2 2 7 A WL R iE A R IS B A

AT = x1,%2,...,Tn TR LS8, HAPEA o 5w a
TRV A A EE B M (D, &8, wPr2enl). wiE 2 A Fos, &
HEITE—MNMLERHER & s, R ERG TIF5H i G
. WM. M. BB E AR kST
AU A BRSO, A REIRERET] . B RPN A B A B 7R
B, HSIME C . MBS I SCRiE R (KB 2B), L8
—MNAREEFESTRI LLM (& 2C), PUERKE TR P T H AR5 5 il
rd; (B 2D). RS —ANRGEHEM— NI A5 K —BH AT iR
WS [P s; G5FALRTR -

M, FAGFS) T; d3ET GRU W8 dmides b B (K 2G), %Y
#VTE H B CoLES HAR UL (11, B NYIGHER A EZR 175
(IEREAR) Rk B HAE P ixt L OREAR B o 328 B T RS 2070,
AR E & P AT N ahiS . SIFEE, §5A d i — MRS 2
ShITomiges (B 2F) &, @i P tb A oA 2 (B 2E).

SR G E ] = s LSxT leide . — (| 21) %IXUL?‘?EJK/\ 2 VR 2]
HHRFESCAR GRS 2 AAE . EHRIES A (277 (K 2H), 530RER
XI55, FEPHEEATE FIES LB, Bl Fm sk (| 27).

N T SEBERELSNFE, TATGIA T =Nk XFFR Softmax., A xF
TCAIEAZIE AL . d— 322 T 28852 16,7, 321 F K. X LEKAE
XEFF JUIANE AL A BT AR, JATRFENT 2 51F88 LATTE [ 1], LATTE
[2] i1 LATTE [31. SASSGHENE R ES W SUAR idid AR, SO TS g .
TS (2°9) W WAHAT S AT PRAL, i SO S E L E KRy
T SCEIRARAEE S FUARBIXT TR, 1070 S A B T AR R 4L | SO
Ho
LATTE [ 1 ]: XJ#% Softmax X} Lt 3k F F X} FK InfoNCE XUt #1 2 R AR & 2
[B] AR i) K 5 -

1
»Csoftmax = i (cseq%text + Etextaseq), (1)

Hor

www.xueshuxiangzi.com



seq text

72 exp(h 20/ 7)

ity exp((2*, 25 /1)

kk—‘Iﬁ Etext—meq E’JEX*WU\, /\Eﬁﬁ”%ﬂ)‘cz"(%%éﬁﬁo X H <7 > %%%
JPH (259 ) IR SCA (7)) 1) L2 i A Z [RIARsZ A, 7 2
P AR 2 B RE TR R S 40

LATTE [ 2 ]: J%t — 0% Sk Ae st v e iy 9ot 2 [a) 37 1 561 Sigmoid

f M
1
DI N e @

i=17=1

Eseq%text

Hpy; =13%Fi=5 (IEX), EWRy; = -1 (X)), o 2nlilgkn
(TE=
LATTE [ 3 ]: 1EAZIE NS H Sk —AS JUART I )i 0 7 5T softmax 1Y
PR, IR TR RS E E . ik, ROT5IA Tk,
%ﬁﬁ%%ﬁAf”%%ﬂﬁﬁ%“@&m%ﬁ zshared - HLAAR 5 SO
BRI, AR ZPe¢ ﬁ% FiE THSBERE R

£0rtho — H Zsha.red)TZSpec . F)?TE/J

Ereg = Esoftmax + )\ortho : ['orthm (3)

X3 i A A L AR E T IEUZIEHE’J?I‘H?&@%@&%EH’J%%%
HA Northo #2HX AR IE AL 58 BE AT SR 8 £ B A E S Y 15 6

3 FHRA
AR TR B R OAIY AR . KRRy
P A SEBATTE R A it

3.1 %

BATHE = E LA EEEE EEAIRAT v, X EEok e 8
SR E 2SR50 MAEERE R RABEMZEEN (F]
w, &8 WRIR. ZH5EH) R FPEMNFH, A% HTERS
WIARSRE 5. Churn [2] f352Y 10K 44 AR 15 ER MR 1CH Rosbank
% 1, Gender [3]Fi1 Age Group [4] i Sberbank ik, 43 %64 15K F1 50K
AN DGR R

3.2 GRS

BABAREP 5 N EAEERIGRFNLX, HAR R 10 % FERS
B T R RY 90 % EARICH T, SR AT BRARC ] P
AT UG AR, T PP 2RI i, FATR S 9r s URkAE
Feo BARRUL, INZREERIIPRCTR g AT K/ MASE T & . T

5

www.xueshuxiangzi.com



W@ o, Bl (1) FER YD ERIRA _LIZ—1 LightGBM [38] 73
Kiw, LA (2) TEMREMNET S LIPS, R TR M, .
XTI RS GRSk, TER1), AT ROC-AUC; X2 JEAF T,
FA TR D 2UETE . ANERERETN par £ o, HH oy ZPCA AT
BIIIE, om ehrifEE,

3.3 gk

FAVRF LATTE 5 TUROR R 7 A5 R I FE L T

FR P HIEEL, CPC [23] A %] L 2k 24 > Mt i bR TRt =k & 1
FAE. CoLES [1] i i fl InfoNCE %} 55 58 1) 13+ 571 oK 12 e s [] — Sk
NPPR [22] R H[EHIS:, HAMNEBR: R —ASFHARM 51
A Z B F . A BB IR iR O Bast T, A AN
B[R] A AT AR AR AL, DeTPP  [33] i I 2 5 i ik i 8 AR 7 1 B ] T 28 28
IFTPP £l IFTPP-T [34] {ifi ff] Transformer A1 GRU HEZZ, ¥ MAE Fl4324i5k

£
éﬂéo

HAAEF AP H bR RTD [24] BEALER G 15 % BYSPEARICH B0 R A6 hsIc s
NSP [25] f BERT fy N —HJFiil 4" e I S F 1751 o

BT LLM 7535, T8 T TALLRec [19] Al HKFR [21] , MIfE#ERSE
PEAT P AR I, ad i AE ] -2 3 P s e S4B AR LLM 84T —
AFRIETN o AR A e R R AT EM AT R 1Y, 0 Al Y
S (46,421 o BEAh, FATM LLaMA 3.2 3B [47] F4 TIHAHESL (B4,
LLaMA 7B [49] , ChatGLM-6B [48] ) DAFI I ZEAL A% .
RIGRHER G A — AR PR, agg BANLEST, ARFISE. FRiE
. BUN-RRAER N EBRGET (0 RHE) , RS REA TR G

4 FEEER
4.1 JEER

T 1RO TR PR ALE =AY IR h eI R HI (AUC). 4F
a2k (HERAR) MPERIHN (AUC) . &SRR CPC. RTD il NSP X ff
1548 A 7B H #77% J5 T CoLES il TALLRec S5 Sai i 4k, HIRMTHEH Y
LATTE fE2R (R LA AR AL ME S5 R B B 24 T . LATTE [ 1] £
KB P HUS T R4 (0.868 AUC) , ifif LATTE [ 3 ] FE4F 41532
(0.678 WERER) FNPEATHIM (0.902 AUC) 4. XLHUHEERM], MAGK
AW T RS AT AR FR B

4.2 afrisorpr

FERATR I, T HRZEA BRI GPU R (R 3R 58 N AL B H A2 5k
TR g, DR 3 2 S E . EAST Y, FRATTRIF SRR B R
(PHE ) AR ) S5 BB 5 iR i P REAT L T R AR 2R ) — > T AL
iy .

www.xueshuxiangzi.com



Model Churn (AUC)  Age Group (Acc) Gender (AUC)
agg 0.827$0.010 0.629 § 0.002 0.877 § 0.004
CPC 0.792 5§ 0.015 0.602 § 0.004 0.851 $ 0.006
RTD 0.77150.016 0.631 $ 0.006 0.855§0.008
CoLES 0.841 $ 0.005 0.644 $ 0.005 0.882 § 0.004
NSP 0.828 $0.012 0.621 $ 0.005 0.85250.011
NPPR 0.845$0.003 0.642 § 0.001 -

DeTPP 0.823 § 0.002 0.632 $ 0.004 -

IFTPP 0.828 $ 0.004 0.632 5§ 0.003 0.863 § 0.003
IFTPP-T 0.814 §0.004 0.620 § 0.002 0.852 § 0.005
TALLRec 0.839 4+ 0.003 0.659 § 0.004 0.875 4+ 0.004
HKFR 0.823 + 0.006 - -

LATTE [1] 0.867 § 0.004 0.666 § 0.005 0.900 § 0.005
LATTE [2] 0.868 $ 0.006 0.671 § 0.005 0.901 § 0.005
LATTE [3] 0.857 §0.003 0.678 § 0.003 0.902 § 0.006

Table 1: & ik ATE MRS PRI MM R R mfEL5 L underline 3%
INRAELE SR double underline 7858 ={E 4551

3 J#/R T AE Churn %4 BRI, A il (LATTE[1,2,3 ],

TALLRec) SZFL T ¢

T

f) ROC-AUC 73 4f, j#iid 0.868, {EACH 2 M AR I
l@ﬂ&@"‘ BEA—PA G 30 4&7“%&6’] I NAFIEFE.

2N, Fa LATTE-S AT A Fhab BT 160 MEARY/MEF (X

440 FIZH) T, PR ROC-AUC fi.
B, BT R

B, TEFRETIAT 55 B B T 2R 5

4.3  {NRIFSE

X LEAGA LIS 1 X tl:%{EEl’Jxﬁl
HEEFNAE 5 T Z B R IEANFISR B (/& 4)

Method Churn (AUC) Age Group (Acc) Gender (AUC)
Descriptions 0.718 § 0.004 0.552 5 0.002 0.692 5 0.006
CoLES + descriptions  0.853 § 0.009 0.662 s 0.005 0.895 5 0.008
LATTE-S[1] 0.852 5§ 0.005 0.657 $ 0.007 0.890 § 0.008
LATTE [1] 0.867 § 0.004 0.666 § 0.005 0.900 § 0.005
LATTE-S[2] 0.858 § 0.007 0.662 § 0.006 0.894 § 0.009
LATTE [2] 0.868 $§ 0.006 0.671 $ 0.005 0.901 § 0.005
LATTE-S[3] 0.844 5 0.005 0.663 s 0.004 0.899 5 0.001
LATTE [3] 0.857 5 0.003 0.678 $ 0.003 0.902 5 0.006

Table 2: il X FEBORAIBLS DR T AT 55 9 0«
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Inference speed vs performance for Churn
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Contrastive Head LLM Generator Churn (AUC) Age Group (Acc) Gender (AUC)
LATTE [1] Gemma 3 4B 0.849 $ 0.005 0.645 $ 0.006 0.888 § 0.005
LATTE [1] Gemma 327B  0.867 § 0.004 0.666 $ 0.005 0.900 s 0.005
LATTE [1] Qwen 3 32B 0.859 § 0.004 0.658 § 0.005 0.896 § 0.003
LATTE [2] Gemma 3 4B 0.851 §0.005 0.652 $ 0.006 0.889 5 0.002
LATTE [2] Gemma 327B  0.868 § 0.006 0.671 $ 0.005 0.901 § 0.005
LATTE [2] Qwen 3 32B 0.862 § 0.001 0.667 § 0.004 0.896 § 0.000
LATTE [3] Gemma 3 4B 0.849 § 0.005 0.665 $§ 0.006 0.890 § 0.005
LATTE [3] Gemma 327B  0.857 § 0.003 0.678 § 0.003 0.902 § 0.006
LATTE [3] Qwen 3 32B 0.862 $§ 0.004 0.675 § 0.002 0.895 § 0.003

Table 3: V@IS YEE S AT A IR ORI .

Contrastive Head Text Encoder Churn (AUC) Age Group (Acc) Gender (AUC)
LATTE [1] mE5-large-instruct 0.860 § 0.005 0.658 $§ 0.008 0.895 § 0.003
LATTE [1] Qwen3-Embedding-0.6B  0.862 § 0.004 0.660 § 0.007 0.897 § 0.003
LATTE [1] Qwen3-Embedding-8B 0.867 § 0.004 0.666 $ 0.005 0.900 $ 0.005
LATTE [2] mES5-large-instruct 0.860 § 0.007 0.664 § 0.006 0.894 § 0.004
LATTE [2] Qwen3-Embedding-0.6B  0.863 § 0.005 0.667 § 0.005 0.896 § 0.003
LATTE [2] Qwen3-Embedding-8B 0.868 § 0.006 0.671 § 0.005 0.901 § 0.005
LATTE [3] mES-large-instruct 0.850 § 0.004 0.671 $ 0.003 0.897 § 0.002
LATTE [3] Qwen3-Embedding-0.6B  0.852 § 0.006 0.673 §0.001 0.899 § 0.002
LATTE [3] Qwen3-Embedding-8B 0.857 § 0.003 0.678 $ 0.003 0.902 § 0.006

Table 4: JHRELWITE : SCAR AR T UL S5 PERER SN o
SO IR ABORERE . 3% 4 0T T TG 7 BYUREE SCAS G i X i 4
L5 PEREAT SO MR, b 2R AR i A SR 50 5 A Dyt SR py e 37 SR
FA 1 mES-large-instruct [44] 5 Qwen3 [45] PR HEFT B — V%
BRI (0.6B) F—REFIRABZL (8B) . 1EFTA XL,
Qwen3-Embedding-8B — 51 L H HH e s (4558, AF S MR SIAE 55 PR B EL
mES & 1.0-1.3 % , M RKAES 7 0.7 %, (HAERRE, 75 LATTE
[317F, ERFFERDIERTEE 0.678, 1] AUC §271 2 0.902, —FI Nk
BRI HEsR B $24E T2 X TR [ AR AR LR I RIS -

Contrastive Head Prompt Format Churn (AUC) Age Group (Acc) Gender (AUC)
LATTE [1] Raw serialization 0.854 § 0.003 0.653 5§ 0.007 0.887 §0.004
LATTE [1] Stats 0.867 § 0.004 0.666 § 0.005 0.900 § 0.005
LATTE [2] Raw serialization 0.855 § 0.005 0.656 § 0.007 0.886 § 0.005
LATTE [2] Stats 0.868 § 0.006 0.671 § 0.005 0.901 § 0.005
LATTE [3] Raw serialization 0.842 § 0.007 0.662 § 0.005 0.889 § 0.003
LATTE [3] Stats 0.857 § 0.003 0.678 § 0.003 0.902 § 0.006

Table 5: JHRHSEH: F AR TR LLM GRS 5 P I ST B ST i .

PRARSA. 35 R TR LLM ApASa: UR PS5 5 Fr 5]
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wn, fE LATTE [ 31 3EH, GEitiemnf i iisiy ROC-AUC 5 1 1.5 %
FIPER] AUC 4815 17 1.3 % o Ml B 32 4L 7 SCARA RN T IR gy
AL N Rl BT o
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YT Brf s2g, i H 2352 R%E ) Gemma-3-27B-Instruct [39] #AIE R H
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AT,
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Contrastive Head Auxiliary Modality Churn (AUC) Age Group (Acc) Gender (AUC)
LATTE [1] Stats (MLP-1L) 0.846 $ 0.006 0.647 $ 0.006 0.886 § 0.004
LATTE [1] Stats (MLP-2L) 0.847 § 0.005 0.645 § 0.007 0.887 §0.003
LATTE [1] LLM text 0.867 § 0.004 0.666 $ 0.005 0.900 s 0.005
LATTE [2] Stats (MLP-1L) 0.848 $ 0.005 0.651 $ 0.006 0.883 § 0.005
LATTE [2] Stats (MLP-2L) 0.851§0.003 0.653 § 0.005 0.884 § 0.004
LATTE [2] LLM text 0.868 § 0.006 0.671 $ 0.005 0.901 $ 0.005
LATTE [3] Stats (MLP-1L) 0.842 $0.007 0.657 $ 0.004 0.886 § 0.003
LATTE [3] Stats (MLP-2L) 0.843 § 0.005 0.656 § 0.003 0.887 § 0.003
LATTE [3] LLM text 0.857 $ 0.003 0.678 $ 0.003 0.902 $ 0.006

Table 6: {HRLATTE: T 57 FORIBIBSRCR— T LHIER ST A5
LLM B 5 3CA . MR s t, 41 underline fURUH:-
SRR A SHGEVHRA - A 6 LU T AR B H AR i MLP #5211
IR G R 5 LLM AR R HARTE S L. BT SORR HUEAE B3
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Contrastive Head Method Churn (AUC) Age Group (Acc) Gender (AUC)
LATTE [1] LLM encoder (ours) 0.867 § 0.004 0.666 $ 0.005 0.900 § 0.005
LATTE [1] MeanPool (generator) 0.859 § 0.006 0.659 § 0.003 0.893 § 0.001
LATTE [2] LLM encoder (ours) 0.868 § 0.006 0.671 § 0.005 0.901 § 0.005
LATTE [2] MeanPool (generator) 0.862 § 0.005 0.666 § 0.002 0.894 § 0.003
LATTE [3] LLM encoder (ours) 0.857 § 0.003 0.678 § 0.003 0.902 § 0.006
LATTE [3] MeanPool (generator) 0.851 § 0.007 0.671 § 0.004 0.894 § 0.002
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System: You are an expert in financial transaction analysis. Your task is to generate
clear, structured, and concise descriptions of user financial behavior based on given
transaction data. Use data-driven insights and avoid speculation.

Guidelines:
o NEAEIEW KR X ST AR X
© HEMTATHEI I
o FEECTFIRENR (AN, B AR, FEISAY)
o R IT. RSN ER . W55 — 2k
o BERASCRFRIRBE: PRAFIE AR

User: Below is a summary of a user’ s transaction history:

- Number of transactions: 226

- Active transaction period: 444 days

- Avg transactions per day: 0.51

- Avg transaction interval: 1.97 days

- Top MCCs: Supermarkets, cash withdrawals, telecommunications
- Share of transactions in Top 1 MCC: 0.04
- Avg amount for Top 1 MCC: 2770.47 RUB

- Avg amount for Top 2 MCC: 45969.41 RUB

- Avg amount for Top 3 MCC: 8139.52 RUB

- Share of days with transactions: 0.36

- Total income: 2,706,553.10 RUB

- Total expenses: 3,956,007.97 RUB

- Avg outgoing amount: 17,981.85 RUB

- Avg incoming amount: 451,092.18 RUB

Instructions:
o« AT R
o THBIEE T UL 2E B O 1
o PR XU PR3 A 55 LRI RFAIE
 FEPRFFFSUESIIRIN , PAZEFI ARG | NARER T S

Table 8: 17 il A ARG HE AR
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Output:

This user demonstrates a low-frequency, high-variance spending pattern over a sub-
stantial period (444 days). Transactions occur on approximately 36 % of days, aver-
aging one every two days, indicating infrequent but potentially substantial financial
activity.

Spending is heavily weighted towards cash withdrawals from financial institutions
(4 % of transactions, average 45969.41 RUB), suggesting a preference for cash-
based expenses or large withdrawals for specific purposes. Significant spending
also occurs at grocery stores/supermarkets (average 8139.52 RUB), representing a
consistent, though smaller, portion of overall expenditure. A smaller number of
transactions are related to phone services (average 2770.47 RUB).

Expenses significantly exceed income (3,956,007.97 RUB vs. 2,706,553.10 RUB),
implying reliance on savings, credit, or other income sources not captured in
this data. The high average outgoing transaction amount (17,981.85 RUB) cou-
pled with a large average incoming amount (451,092.18 RUB) suggests irregular
but substantial income events are occurring, potentially offsetting consistent over-
spending.

The combination of infrequent transactions, high cash withdrawals, and a substan-
tial expense-to-income imbalance points to potentially inconsistent financial man-
agement . While not indicative of reckless spending, the reliance on infrequent
income and high cash usage warrants further investigation to determine financial
stability and potential risk factors. There’ s a lack of diversification in spending,
with the top three MCCs dominating activity.

Table 9: M LLM A& i1 7 9 4
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