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Algorithm 1 £ uRNN By

SHEszikd, ?ﬁﬂ]ﬁﬁ/l\ﬁ?"ﬁi?)fﬂ’iﬁ/\mﬁ RNN BRI A,
XHR T B2 A transformer 2 IFaE R L% .

1: Initialize: Unitary matrix U using structured parameteri-
zation:
Set F', F~! I as fixed matrices; initialize diagonal phase
matrices D; and Householder reflection matrices R; near
identity.

2: Choose learning rate n and total epochs FE .
3: for epoch =1to E do
4:  for each minibatch in the dataset do
5: Forward Pass:
6: for each transformer layer with unitary-constrained
weight do
7 Replace original weight matrix with current unitary
matrix U .
8: Compute the forward pass using the updated uni-
tary matrix U .
9: end for
10: Compute the task-specific loss £ based on current
minibatch predictions.
11: Backward Pass:
12: Compute gradient Vy £ via backpropagation.
13: Construct skew-Hermitian matrix B :

B=vVyLU" -U (VuL£)¥ ,
where U denotes conjugate transpose of U .
14: Update the unitary matrix via matrix exponential:
U «~ exp(nB)U
(Use truncated Taylor series or scaling-and-squaring
approximation for efficiency)

15: If numerical drift occurs, re-normalize U to strictly
enforce unitarity.
16: Update all other non-unitary parameters of the model

as usual via standard gradient descent.
17:  end for
18: end for

B uRNN 14 J5 038 4 5] Transformer B4R P24 T
U RER AL, B, SR R AR AR TR R R
M RIGELE AR TR N 28 B A KOS AR 550, B
REBH 1EAH B2 A iR 32 7H 2k Bl g A

FUk, 7 IR TAE ORI R Ak S, AR
SE IR TR B T I ERFTE ATAE R I 25 OBk B4
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TEARBUB R RGO T T LLM & f 2812 (6
W, FER B ERTERLE ), AT IE A e i 68 9
PIHALG BB A 2 Sh . I F Py AR ey R E T AR R
arl) LLM, FRATESE 7Aoo, 2800
R E AT AR .

I RAHOAT %

AR T MiZ)2 & LoRA-GA F1 BOFT B
Jrik, AT SR ARFRAN IR S LA A BRI, X
PR SR E A — R AR AR P, 715k ] LoRA-
GA FRB B SF IR AR BB MR B BOFT (4544 1552
B, RIEEN SRR ERG. AL, X
VR R RR AL CF AT ORI AR Y, ) IR U ZRAGEA T
TRWRFEE S 5 ) BOFT 1A 2

B AR HE-ARAAHNERERE W e

Rowexdin gyt ¢ S8 AMEREH T AL € Rbowxr F
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Algorithm 2 JE &R

1: Initialize: pretrained weights {W*} , low-rank matrices
{A*, B'} for LoRA-GA, skew-symmetric matrices {Q"} for
BOFT.

: Set learning rates nLora,”nBorT ; choose rank r , total
epochs F .

[\

3: for epoch =1to F do
4:  for each minibatch in the dataset do
5: Forward Pass:
6: for each transformer layer ¢ do
7 Compute LoRA-GA update: AWE . = A'B*.
8: Compute BOFT orthonormal matrix:
R' = (I +neorrQ)(I — nBorrQ") ™"
9: Compute BOFT update:
AWhopr = (RF = T)W* .
10: end for
11: Compute task-specific loss £ using model predictions.
12: Backward Pass:
13: for each transformer layer { do
14: Compute gradient norms:
gfoRA = ||VA@,B@£|| ’ g]gOFT = chﬂﬁ” :
15: Compute dynamic weighting coefficient:
)\Z — gLoRA
9toratIBORT
16: Form hybrid update for layer ¢ :
AWhybrld = XNAW{ ga + (1 = X)AWgopr -
17: Update weight matrix for layer ¢ :
W' W+ AW g -
18: Update low-rank matrices via gradient descent:
14Z < Az — nLoRAVAe‘C s
B« B’ —yoraVge L .
19: Compute skew-symmetric gradient matrix for
BOFT:
G' =VgiL— (VL)'
20: Update skew-symmetric matrix Q° :
Qe — Qe - nBOFTGZ .
21: Recompute orthonormal matrix R’ via Cayley

transform (for numerical stability):
R — (I +neorrQ°)(I — neorrQ°) !
22: end for
23: Update other model parameters (if any) via standard
gradient descent.
24:  end for
25: end for

ARFRA R Q€ Rlowxdon (QF = —Q' ), %MIT
BOFT [3] , {Fk LoRA-GA &)
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1EAZ BOFT B Cayley 424 [10] 345
ZT

R' = (I+7Q%(I-nQ", Q'=-Q",
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LR 52 BREREE AR T A A
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o GSMSK: —ANEfifk B ) i B i 48
ZER A ARE S [24] .
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AN T o = 32, 1 BOFT R T =AWIE /)2 Ik
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TR 923 %, T 5E MR (Full FT) Bk
92.5 % o XFBTRA 0] AR 240505 S B
T BT RO SR T AR

FEd A Llama3.3-70B #5#! |, Hybrid 77%:0A 0.8 % ##
it BOFT, PA 0.6 % #iil LoRA-GA, Z8&g T H Pl 8t
ISR IZ A AT RE . B /MEEL 40 BloomZ-7B1, M
Hybrid S 53k, o LoRA 87 1.1 %, #t—#
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BOFT 7 MNLI f1 QNLI %155 & 34145 L3Pl 7ok
KITZACRE S7, Horp &5 M Ak 1F A2 58 3 8 i 7 6 i a8
FH}, LoRA-GA FE 75 B AR E$E U AT 45 a0 SST-2 Fl
QQP HR B (oo SRTT, PN PATE S DI I AN e
5 T R AR SR PR, TR A ¥ S e 1 3K S R R

GSMSK HEHENA: GSMSK #ifife it 2 2 PR AR
WA )1, SR WME T frn. FTEABMEBIY, BE
75 (GSMSK Benchmark) SEBLT S s OHERG %, HoE
Llama3.1-405B k% T E3M 55.9 %, Ik Full FT & #
0.2 %, kt LoRA it 1.7 %. jXLbst B m TIR A7 VAL
SRRSOl N RE T, [ B PR T RS AR B A 4

SEF AR Fl4n Llama3.3-70B, Hybrid 75 3% H
LoRA-GA #2757 0.9 %, I BOFT #2557 1.0 %, %]
AR SIGHE FE NS5 K R VR 2 R P . AER/INMI A
YN Wizard-Vicuna-30B 1 BloomZ-7B1 I, Hybrid J5
VERREL T HAN O, 4/ T 5 Full FT pfyPEREZERR, [H
HF SR T 9 U8 = R R

1R SRS AE L/ E 4 S 25 L 35 5 ) T LBl 28514
Eﬁﬁ@%ﬂ%ﬁiﬁt%é@ﬁ%ﬁ, (o FLARR S 5 S R HEBRAT,

MT-Bench #iffi: MT-Bench HasE PR AT 215
LS IORE ST, SRIRTE L SN X EE. %
BT R TR BOR 7 Y AAE I MR B LS R g BLEU 4
B RETERIMMR, BAMT 58 BRI AL /Y =51
SO . #E Llama3.1-405B I, iR &5 ¥ER) BLEU 434%
2k 29.4, BB sERMAE 0.1, X% BloomZ-7B1 X
FER /N, R AT7VAH LoRA-GA 2 T 0.7, [k
T AR TR AZ BRI T AR M

Hybrid 75755 uRNN Z AR PEREZEI R 2 TER 1A=
195 B B AR R Bl . A uRNN FER 751
PREFBREZRVEE IR (0, HERZZIEF IS
AT Y E -

MR RIC RN, RETERIHE ST BOFT Al
LoRA-GA %, BOFT R4 F1k IE A8 B e b P 22
HE S B ARIE TR MEA—2 i, T LoRA-GA [1FH
FEXFE S TR S, T RES AT AR L. B,
RAE T EFE Wizard-Vicuna-30B _F b7 89 LoRA #5
T 0.9, SRE T HAE P AR E PRI SIGH B T ) RE

TEB/INFIREZ | 40 BloomZ-7B1, Hybrid J5 %38 i
SCEE 25.4 ) BLEU 404 n 7 HACE .. ST R/IMBAY ]
HHSEERE, X—FRIMEMAER, A5 H 2 m ok E
FoAr A HAT AR O A A 4E R . Llama3.3-70B 5
A |, Hybrid H¥ESCELT 28.1 () BLEU 2%, 4Lt
LoRA-GA F1 BOFT & 0.8 f1 0.6, 328 T Hybrid %
E%?K%%&&%E@%%T . REMEES AN [ S B Tz 4k

JRETT .

HumanEval {8245 : 2 HumanEval 3815
AR RE IR A Y RE Ty, fads EECEE A R QL Al
MR Q10 fyERME 3 o FAE T JEIR T A 7RI
BURBL 25, sRiE TIR A B E R R A k. 1
Llama3.1-405B |, J&&HESLMT 62.5 % myid® al
VERPE , T 52880 0.5 %. (HAREEME, MTR/M
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&) S . V= S D= — N g
TaBLEL  MEREIEE : GLUE. GSMSK., MT-BENCH Al HUMANEVAL FEUEMR IR IGa 1455 M
N7 A
FEE
Benchmark Method Llama3.1-405B Llama3.3-70B Wizard-Vicuna-30B BloomZ-7B1
GLUE (%) Full FT 91.0 / 94.0 / 92.5 90.0 / 91.0 / 91.1 87.8 / 90.0 / 89.0 84.9 / 86.2 / 86.3
Avg 92.5 90.7 88.9 85.8
LoRA 90.2 / 91.5 / 92.2 88.9 / 89.2 / 89.3 87.3 / 87.4 / 87.8 83.7 / 84.2 / 84.1
Avg 91.3 89.1 87.5 84.0
BOFT 91.5 / 92.0 / 91.6 89.1 / 89.8 / 89.3 87.7 / 87.9 / 87.8 84.0 / 84.5 / 84.4
Avg 91.7 89.4 87.8 84.3
LoRA-GA 91.4 /92.3 / 92.0 89.4 / 89.8 / 89.6 87.6 / 87.9 / 88.2 84.1 / 84.3 / 84.8
Avg 91.9 89.6 87.9 84.4
uRNN 90.1 /91.5 / 91.1 88.0 / 88.8 / 88.7 86.0 / 86.7 / 87.5 82.6 / 83.9 / 84.0
Avg 90.9 88.5 86.7 83.5
Hybrid 91.7 / 93.1 / 92.1 89.8 / 90.3 / 90.4 87.9 / 88.6 / 88.7 84.6 / 85.2 / 85.4
Avg 92.3 90.2 88.4 85.1
GSMBK ( % ) Full FT 55.6 / 56.0 / 55.5 53.0 / 53.5 / 52.8 51.3 / 51.9 / 51.2 48.7 / 49.0 / 49.0
Avg 55.7 53.1 51.5 48.9
LoRA 53.8 / 54.4 / 54.3 51.1 / 51.9 / 51.5 50.6 / 51.0 / 50.8 47.8 / 48.2 / 48.0
Avg 54.2 51.5 50.8 48.0
BOFT 54.7 / 55.0 / 54.7 51.9 / 52.1 / 52.0 51.0 / 51.2 / 51.4 48.4 / 48.5 / 48.6
Avg 54.8 52.0 51.2 48.5
LoRA-GA 54.2 / 54.8 / 54.8 52.1 / 52.4 / 52.0 51.3 / 51.6 / 51.2 48.5 / 48.8 / 48.7
Avg 54.6 52.2 51.4 48.7
uRNN 54.2 / 54.7 / 54.6 51.7 / 51.9 / 51.8 50.7 / 51.1 / 51.2 48.0 / 48.4 / 48.2
Avg 54.5 51.8 51.0 48.2
Hybrid 55.3 / 56.0 / 56.4 52.8 / 53.1 / 53.0 51.7 / 52.1 / 52.5 48.7 / 49.4 / 49.8
Avg 55.9 53.0 52.1 49.3
MT-Bench (BLEU) Full FT 28.7 / 29.8 / 29.4 27.5 / 28.2 / 27.9 26.0 / 26.8 / 26.4 24.5 / 25.0 / 24.8
Avg 29.3 27.9 26.4 24.8
LoRA 28.4 /29.1 /285 27.0 / 27.6 / 27.3 25.4 / 26.0 / 25.9 23.8 / 24.4 / 24.7
Avg 28.7 27.3 25.8 24.3
BOFT 28.6 / 29.2 / 29.0 27.1 / 27.8 / 27.5 25.6 / 26.2 / 26.0 24.0 / 24.6 / 24.9
Avg 28.9 27.5 26.0 24.5
LoRA-GA 28.7 /29.3 / 29.1 27.2 / 27.8 / 27.7 25.9 / 26.4 / 26.2 24.2 / 24.7 / 25.2
Avg 29.0 27.7 26.2 24.7
uRNN 28.2 /29.1 / 28.5 26.7 / 27.5 / 27.1 25.2 / 26.1 / 25.7 23.7 / 24.5 / 24.4
Avg 28.6 27.1 25.7 24.2
Hybrid 29.0 / 29.6 / 29.7 27.8 / 28.3 / 28.1 26.4 / 26.8 / 27.0 25.1 / 25.7 / 25.4
Avg 29.4 28.1 26.7 25.4
61.8 / 62.2 / 62.0 / 77.3 - 54.0 / 54.3 / 54.1 / 70.2 | 41.1/41.5 /41.3 / 59.0
HumanEval Full BT /77.8 /775 / 70.6 / 70.4 / 59.3 / 59.1
Avg 62.0 / 77.5 — 54.1 / 70.4 41.3 / 59.1
LoRA 60.8 / 61.2 / 61.0 / 75.9 o 51.9 /52.2 / 52.0 / 68.7 | 39.0 /39.7 / 39.5 / 56.8
/ 76.3 / 76.1 / 69.3 / 69.0 / 57.4 /573
Avg 61.0 / 76.1 — 52.0 / 69.0 39.5 / 57.3
BOFT 61.3 /61.6 / 61.4 / 76.5 - 52.3 / 52.7 / 52.5 / 69.3 | 39.6 / 40.1 / 39.9 / 57.4
/ 76.8 / 76.6 / 69.6 / 69.4 / 57.9 / 57.7
Avg 61.4 / 76.6 — 52.5 / 69.4 39.9 / 57.7
LoRA.GA | 61:4/61.7 /615 /76.7 - 52.6 / 52.8 / 52.7 / 69.4 | 39.5/39.9 /39.7 / 57.5
/77.0 / 76.8 / 69.7 / 69.5 / 58.0 / 57.6
Avg 61.5 / 76.8 — 52.7 / 69.5 39.7 / 57.6
RNN 60.5 / 61.1 / 60.8 / 75.7 - 51.6 / 52.2 / 51.9 / 68.3 | 38.6 /39.4 /39.0 / 56.4
v /76.3 / 76.0 /69.1 / 68.8 / 57.2 / 56.8
Avg 60.8 / 76.0 — 51.9 / 68.8 39.0 / 56.8
Hobrid 62.1 /62.9 / 62.5 / 77.4 - 53.2 / 53.8 / 53.5 / 70.0 | 40.2 / 40.8 / 40.5 / 57.9
y /781 /778 / 70.6 / 70.1 / 58.5 / 58.3
Avg 62.5 / 77.8 — 53.5 / 70.1 40.5 / 58.3
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