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(d) The person slides to their right 3 times, (e) A man throws an object with (f) A man is running with arms
slides to their left 4 times, and slides to his right hand while lifting his at side.
their left 2 times. right leg off the ground.
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(2) A person jumps in the air, then abruptly  (h) A person walks forward, briefly (i) A person kneels down onto all
stumbles to his left as if he had been sits down, and then stands and walk four, crawls towards the left, and

pushed, and finally he regains his balance. back in the opposite direction. then stands back up.

¥,

w/o SoPo w SoPo w/o SoPo w SoPo

(j) A person walks forward in a zig zag pattern, (k) A person raises both their arms over their head while bending their
stepping over something along the way. elbows, they then bend their knees in a squat, and then come out of it.

Figure S1: Visual results on HumanML3D dataset. We integrate our SoPo into MDM [1] and MLD
[2], respectively. Our SoPo improves the alignment between text and motion preferences. Here, the
red text denotes descriptions inconsistent with the generated motion.

This supplementary document contains the technical proofs of results and some additional exper-
imental results. It is structured as follows. Sec. A provides the implementation and theoretical
analysis of our SoPo. Sec. B gives the proofs of the main results, including Theorem |, Theorem
2, the objective function of DSoPo, the objective function of USoPo, and theorem of SoPo for
text-to-motion generation. Then in Sec. C presents the additional experiment information, including
additional experimental details (Sec. C.1 and C.2) and results (Sec. C.3).
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A Details of SoPo for Text-to-Motion Generation

In this section, we first examine the objective function of SoPo and argue that it presents significant
challenges for optimization. Fortunately, we then discover and derive an equivalent form that is easier
to optimize (Sec. A.1). Finally, we design an algorithm to optimize it and finish discussing their

correspondence (Sec. A.2).

A.1 Equivalent form of SoPo

In Eq. (15) and (16), the objective function of SoPo is defined as:

diff diff diff
L5opo = LSoPo—vu T LSoPo—hus (SD)
iff
L3oPo—vi = “Eoa(0,1), (a1 ) ,tif nmgen (1) Zou ()
[logcr( — Tw; (,Bw(xw) (E(@, ref, z;") — BL(O, ref, xi))))], (S2)
L8500 1 = ~Eunts(0.1), (20,00~ Znu(e) [ 10g o (= TwnBu (@) £(6, xef z7") ) |,

— VUK —hux

However, these objectives can not be directly optimized, since the distribution 775** and 7,"* are not
defined explicitly. To this end, we begin by inducing its equivalent form:

dift
Lsoro(0) = = Ey 14(0,1) (2% 0D 2K ~rg (1)
logo | — TwiPuw(xw)L(6, ref, x%")) ,
where !

Proof. Recall our definition of £
have:

diff diff diff
ESoPo = ['SoPo—vu + ['SoPo—hu

diff

— : k
= argming, VE oy T (@7, €).

otherwise.

{logag —Twy (ﬂu,(xw)(ﬁ(Q,ref, z) — BL(O, ref, xi)))), if r(z!,¢) <7, (S3)

Sopo(8) in Eq. (15) and (16). Through algebraic maneuvers, we

= _Et~u<o,T),(mw,c>~D,z};;<~frgu*(-|C)Zvu(c)
[loga( — Twi (Buw(ww) (L0, ref, xy") — BL(O, ref,xi))))]

— Eii(0,1),(2%,c)~D Zhu(C) [loga( — Twi B (xw)L(6, ref, a:i”))]

= —Ez~u(o,T),(w,C)NDEx}?bKNﬁgum‘C)Zvu(C)
[loga( — Twy (ﬁw (zw) (5(97 ref, x;") — BL(0, ref, wi))))]

_ EtNM(O,T)7(mzv’C)NDEw}T{;HI(Nﬁ,gu*('lc)Zhu(C) [loga< — Twifuw(zw) L6, ref, xi"))]

1:K

= —Eit1(0,7), (o ,0)~DE, 1.k DRy (X7, |C)
[loga( — Twy (/Bw(:vw)(ﬁ(@,ref, xy’) — BL(6, refwi))))]

_ ]Etwu(o’T)’(ww’C)ND]EZLKPQZ(JS}{QK|C) [loga( — Twi B (xw)L(0, ref, as;“))]

= _]EtNL{(D,T),(:c“’,c)NDEx},rieKNﬁg(.‘c)p‘r(r(xi’rg7C) <)
[loga( — Twi (Buw(ww) (L, ref, 2") — BL(H, ref, mi))))]

_ EtNM(o,T),(zw,c)~DE$7Lr:gK~;T9(.|C)PT(T($%97C) >7) [loga( — TwiBuw(zw)L(0, ref, xi”))]

= ~Ei 0. (v )vD ek K g (o)

log o

where @ holds since pzyu-(-) =
proof is completed.

P2t ()
Zyu(c)

and p2¥ (z

1:K
o

C) :pﬁ'e(

logo | — Tw: (ﬁw(xw)([,(&ref, xy) — BL(6, ref,:ri))))7 if r(z!, c) < T,
— TwiBuw(xw)L(0, ref, x%")),

otherwise.

1K
Z‘ﬁ.e

c) -pT(T(xﬁfre,c) > 7). The
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A.2 The process of SoPo for text-to-motion generation

Based on the equivalent form of SoPo in Eq. (S3), we can design an algorithm to directly optimize it,
as shown in Algorithm 1.

Algorithm 1 SoPo for text-to-motion generation

Input: Preference dataset D; diffusion steps T; iterations I; samples K; ref model 7,¢f; policy mg;
threshold 7
Output: Aligned model g
1: fori =1to I do

2 for each (2", ¢c) € D do

3 Sample t ~ U(0,T)

4 Sample L5 ~ 7 (-|c)

5: Compute S(z") = miny cos(z", z% )

6 2! = arg miny, r(xfm ,C)

7 if (2!, c) < 7 then

8: £ = log o/(=Tw, B () (L(0, xef, z}") — BL(O, ref, 2})))
9: else

10: £ = 1Ogg(—thﬁw(:z:“’)£(9,ref, xiﬂ))
11: end if

12: Accumulate loss: £3f = £dif 4 £

13: end for

14: Update 7y using Vgﬁgioff)o

15: end for

16: return 7y

The SoPo optimizes a policy model 7y for text-to-motion generation through an iterative process
guided by a reward model. In each iteration, given a preferred motion " and a conditional code c,
a random diffusion step ¢ is selected, and K candidate motions are generated by my. The motion
with the lowest preference score is then treated as the unpreferred motion. To determine the weight
of the preferred motion x", the similarities between all generated motions are computed, and the
lowest cosine similarity value is used to calculate its weight. Finally, the loss is calculated in two
ways, determined based on the preference scores of the unpreferred motion. If the preference score
of the selected unpreferred motion falls below a threshold 7, it is identified as a valuable unpreferred
motion and used for training. Otherwise, it indicates that the motions generated by the policy model
my are satisfactory. In such cases, the policy model is trained exclusively on high-quality preferred
motions, rather than on both preferred motions and relatively high-preference unpreferred motions.

To further understand the objective function, we analyze the correspondence between the objective
function in Eq. (S3) and Algorithm 1:

diff _
Foorol0) == B, )~ Dt~ U(0,T) 2k ~ 7ol )

Line 2 Line 3 Line 4
loga( — Twi (Buw(ww)(L(0, ref, ") — BL(O, Tef, mi))), Ifr(z',c) < S4)
Line 8 Line7
loga(— Twt B (zw)L(0, ref, m?’)), Othf:rwise.
Line 10 Line 9
B Theories
B.1 Proof of Theorem 1
Proof. The offline DPO based on Plackett-Luce model [3] can be denoted as:
K )
exp(Bhg(z*, c))
Lo (0) = —Egure opop [log i ] , (S5)
,El 1 exp(Bhy (27, ¢))
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mo(z|c)

Then we have:
et (2]€) ©

where hy(x,c) = log =

£on(8) = B expﬂhe)x ,0))
i (6) (x D[ OgH * kexp(ﬁha(:cﬂ c))}

eXp (Bho(z*,c)) }
j= kexp 5h0($] ))

= ECND ,olK pgt 1 Kl |:10g H

7o (z¥|c)
exp(8log ZEEY)
1:K| ) log I | ref (2% ]c) ):|

o(@i]c)

o exp(log T

= _ECN'D,ZELK pgt (Qf

= 7ECN’D7$1:K pgt (x

explog( mo( kc) ) )]
1K 1o mref (2F]c)
9] gH o

Jorexplos(Z2 )P
o (z¥|c) )
. TrrL zF|c (S6)
= _ECND,xl:K pgt(l’l'K|C) log H f(ﬂ_s ‘wgl ) 3 :|
) Jj= k(mef(IJ| ))
po(z*|c)
= —Eeup o per(zt5e) [longe («"]e) }
%,_/
po(zh¥|c)
= —Eouppx per(z'e) [logpe(:rLKIC) — log pgi (" |c) + log pgi (¢ ¢)
1:K
=Eoup )1 Pl 7o) ) K e)|
c~D,x1: K pgt(‘/l’. ‘C) 0og pQ(I1ZK|C) nggt(x |C)
= Eeup ot Dicr(pgilpo) — pei (2 [e) log pey (¢ |¢)
Therefore, we have:
VoLo(0) =Ecup z1:x VoD g1 (pgt||po)- (S7)
The proof is completed. O

B.2 Proof of Theorem 2

Proof. Inspired by [4], we replace the one-hot vector in DPO with Plackett-Luce model [3], and then
the online DPO can be expressed as

(Zelele))s

(S8)
o (x]c) ]’
23 k(ﬂz,(wq ))ﬁ

Lppo—on(0) = —Eeup g1k wrg(-|e) [ZPT T |c) log
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expr(ak o)

—=x———2—"— Then we have:
S expr(ak )

where p, (2% |c) =

K (71'9((1’;”5)))5
ﬁon(e) = _ECND,wl:KNﬁ'ch) [Zpr(xk|c) IOg Kﬂ-m :-H(ij‘c) ﬁ:|
k=1 j=k ( et (29 ] ) )
K (ﬂ'g ((:Ei”c)) )5
= —Feup Pry (ml’K|c) [ZPT(CEHC) log Kﬂ”f ;&m B}
k=1 j:k(ﬂ',ef(wj\c))
S Gty
= —FEeup . (l,lzK|C) [Zpr(xk|c) log Km-ef :9(;]“0) g ]
st =k (G @) (S9)
po(z*|c)
K
= —Eep pry (2]c) [ 3 pr(a]c) log po " )|
k=1
K
= —Eep pay (25 c) [Zpr(zklc)(logpe(xk\@ —log pr(z"|c) + Ingr(xk‘C))}
k=1
= Ecup pr, (275 c) [DKLQ?T o) — pr(2"[c) log p, (2" IC)}
Therefore, we have:
VoLon(0) = EepVo pr, (2" [c) Dk (pr]|po)- (510
The proof is completed. O

Given a sample x with a tiny generative probability pz,|.(x) — 0, and large reward value (x, c) — 1,
we have hmpws (z|c)—0,r(z,c)—1 VoLon =0

K

Proof. Since x is contained in the sampled motion group z'*¥, we have:

lim VoLon

Prg (2|€)—=0,7(z,c)—1

= lim Vo pry (2" |¢) D (pr|Ipo)
Py (z]c)=0,r(z,c)—1 (S11)

@ .

= Vo pr, (z"5|c) D (pr]Ipo)

im

Prg (21K |c)=0,7(x,c)—1
:07

where @ holds since p, (215 |¢) = pr, (z|¢)pry (¥ |¢) < pr, (2]c), and M denotes a motion group

obtained by removing the given motion z from the group z1'%, i.e., satisfying that z = z%K — {7},
The proof is completed. O

B.3 Proof of DSoPo

Proof. Eq. (10) suggests that DSoPo samples multiple unpreferred motion candidates instead of a
single unpreferred motion. Thus, we should first extend Eq. (9) as:

£50r0(68) = = DBk -y o1y l0g 7 (BHo (2, 2, 0)), (S12)
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62 where ' = argming,x yx . (2%, c). Then, we have:
7?0 o=

Lpsoro(0) = — Ew onpEptik oz (o) logo(ﬁ’Hg(xw’ xl’ C))

= —Euw,opBoix pr, (x5 c) loga(ﬁHg(mw,xl7c))
[ ——

Substituting with (11)
_ E E 1K l 1K l w 1
= — E(an 0o Bariic (pry (@55 0)pr (r(a', €)27) + pr, (a5 [0)pr (r(a', ¢) <7) ) log o ( BHo (2 2", c)
=~ B npEoix pry (28, |0p- (r(a', 0)27) log o (BHo (2, ', ) )
PRy (K e)

— Ew cynpEpiix pay (m}rQK le)p- (r(xl, c)<7)logo (/87-[9 (z*, z, c))

Py (@K o)

=—Epw,oupE ik Zhu(c)p?r:(xLKk) 10ga(ﬁ7—lg (=", z, c))
— Euw,onpEarix Zuu()pzy " (27 |c) 10%‘7(5719(29”, o, C))
hux, 1:.K w !
=—Eiw,oopZhu(0)Epuxpay (277 |c) loga(B’Hg(w , T 7c))
- E(zw,c)NDZUu(C)EzliKp;z* (xliK ‘C) IOg U(ﬁH9($w7 xlz C))
== E(zw,C)N’DZhu(C)ExlzKNﬁ-g“* lOg J(BHQ (xw’ xlv C))

— E(ew omn Zou(O) By 1ok mgus log o (BHo (2", 7', ) )

=Lvu(0) 4+ L1u(6), (S13)

v hu
63 where pryus () = Z’:’EC)) and plv(-) = g:’i EC) respectively denote the distributions of valuable

e+ unpreferred and high-preference unpreferred motions. The proof is completed. O

65 Accordingly, we rewrite Ly, (6) and obtain the objective function of USoPo:
Lusopo-tu(0) = ~Egew oyup Znu(c) log o (Bho (2" ) ),
Lusopo(0) = Lusopo—nu(f) + Lyu(0).

(S14)

66 Implementation Now, we discuss how to deal with the computation of Z,,,(c) and Zp,,(c) in our
67 implementation. As discussed in Sec. A, directly optimizing the objective function Egﬁ,ow) is
68 challenging, and we used Algorithm 1 optimized its equivalent form:

‘C(Sii)flfjo(e) = _EtNM(O,T),(:c“’,c)N’D,m}r:GKNFrg('\c)
logo( — Twy (ﬁw(a?w)(ﬁ(e, ref, ) — BL(O, ref, xi)))), if r(z!,¢) < 7, (S15)
logo( — Twifuw(xy)L(0, ref, x%”)), otherwise.

6o Similarly, we can optimize the equivalent form of UDoPo to avoid the computation of Z,,,(c) and
70 Zpu(c):

logo 57{9(x“’,9:l,c)), Ifr(z!,c) < 7,

(S516)
logo( Bhe(z®, c)) , Otherwise.

Lusopo(0) = —E(gw e)np otk vy (o)
71 The proof of Eq. (S16) follows the same steps as the proof of Eq. (S15) in Sec. A.

72 B.4 Discussion of USoPo and DSoPo

73 In this section, we discuss the relationship between USoPo and DSoPo and the difference between
74 their optimization. Here, USoPo and DSoPo are defined as:

Lusopo(8) = —E(gu oo Ziu(c) log a(ﬂhg (¥, c)) 4 Lon(6). (S17)
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EDSOPO (9) = £vu(9) + Ehu (0)7 (818)

76 Relationship between USoPo and DSoPo We begin by analyzing the size relationship between
77 USoPo and DSoPo:

ﬁDSOPO (0) - £USOPO(9)
=Li(0) + E o n Zna(c) log o (B (2, )

= E(J:W,C)NDZILU (C)]Ezlinﬁ-g“* log o <ﬂH9 (Iw7 Ilv C)) + E(I“’,C)NDZ}'LU«(C) log a (ﬂhG (Iw, C))

= E(Iw’C)NDZhu(c)IExLKN;Tgw [1oga(ﬁ7{g(ajw, z, c)) — loga(ﬁhg(xw, c))} )

(S19)
78 Considering that Hg (2%, !, ¢) = hg(x®, c) — hg(x!, c) and hg(x, c) = log :rj{((a;lfc)) , we have:
EDSOPO(Q) - ['USOPO (9)
== Egw,0)oD Zhu(0)Eprix pnus logo(ﬁ’;’-{g(xw, !, c)) - loga(ﬂhg(xw, c))}
exp Bho (2, ¢) exp Bho (2, ¢)
:_E:L’wCNZu E :Nfu*|:1 _1
e D Dl OBy (8 G B ) +exp Bt e) % exp Bl ) + 1
- exp Bho(a®,c) + 1
:_EZ“’CN Z IE (K o hux 1 :|
e D OB re 108 o o (@ ) + exp Bha(alo0)
~ ( Tre((xznc)) )ﬁ + 1
= E(xw c)NDZhu ()Eg1x Lznus | log T .
' z oo mp (z]c) mo (2! |c)
’ (ﬂ',{zf(zw|c) )ﬂ + (ﬂ',if(;cl\c) )B
(S20)

79 In general, DPO focuses on reducing the generative probability of loss samples (unpreferred motions).
so Consequently, the generative probability of the policy model 7y (2!|c) will be lower than that of

st the reference model mep(7!|c), i.e., Ty(z!|c) < Ter(x|c), resulting in mo(z'19) < 1 Hence, the

et (2! ]c)
g2 following relationship holds:
mele) _
met(ztc) —
mo(2"]c) Y41 ( mo(x®le) \5 mol@'le) |4
7Tref(‘rw|c) - Wref(xw‘c) WIEf(x”C)
mo(z™|c) \8
(Fatamiey)” +1
mo(xW]c) 7o (z!|c) -
(7rrcf(mwlc) )ﬂ + (Wref(xl‘c) )B
(el +1 o
= log (ﬂg(fcw\c) )8 +(7re(rc’\c) )8 20
Tret (W] ) mrer(z!|C)

(ma(xw|c) )ﬁ +1

et (2% [€)

= _E(.’Ew,C)N'DZ}LU(C)EII:KN,T—‘.Q'LL* [log <0

(Wg(:vwlc) )5 + ( o (z!]c) )B}

Tt (™) mrer(zt|c)

Lpsopo (9) —LusopPo (9)
:>£DSOPO (9) S £USOP0 (9) .

83 Eq. (S21) indicates that Lygopo is one of upper bounds of Lpg,po-

s+ Difference between the optimization of USoPo and DSoPo The difference between the opti-
85 mization of USoPo and DSoPo can be measured by that between their objective function. Let
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L4(0) = Lusopo(f) — Lpsopo(8), the difference between their objective function can be denoted as:

L4(0) =Lusoro(0) — LDsoro ()

mo(z*|c) \B
(Fami)” +1 ] o, 62
(ﬂg(a:w\c) )5+(779(a:l|c) )ﬁ —

Tret (2] C) Trer (! )

:]E(:Ew7c)~’DZhu(C)Ewl:KNﬁ'g‘u* |:10g

where @ holds due to Eq. (S21). As discussed above, the generative probability of the policy model
7o (x!|c) will be lower than that of the reference model 7e¢(2!|c), and thus 7¢(z!|c) falls in the range
between 0 and mf(!|c), ie., 0 < mo(l|c) < mep(2l|c).

Assuming that the value of 7y (2" |c) is fixed, the value of L£4(6) is negatively correlated with 7 (2|c),
since we have:

(Tre(%wlc) ),8 +1

Tret (W] )
Vng(H) :Vg - E( w )N‘DZ}LU(C)ExlzK = hu* {log ! ]
e ~T o (z*]c) mo(2!]c)
’ (Faea)’ + (Ziame)’
w l
= (gD Zha (VB i s Vo — 108 [ mo(a®le) 5 | Tol@]) 7]
6 Tret (2% ) mret(2t|C) l (S23)
1 mo(x'|c)
ZE(xw C)N’DZhu(C)E,.LKN*hu* — Vg )ﬂ
’ T ™ o (% |c) o (zt|c) l
0 (Tr.ir(frwlc))ﬂ + (Trrif(.’ljl‘(,'))ﬁ Wref(x |C)
!
Q . Ve 7T9($ l|c) ),8
Tref(2t|c)
where @ holds since L > 0.

relld)e (Zalld s
Hence, when the generative probability of unpreferred motions 7y (z!|c) is lower, the difference
between the optimization of USoPo and DSoPo is larger. However, the unpreferred motions are
sampled from the relatively high-preference distribution 773’“*, and thus should not be treated as
unpreferred motions. Using Lysopo(#) to optimize policy model 7y instead of Lpgopo(#) can avoid
unnecessary optimization of these relatively high-preference unpreferred motion L£4(8).

B.5 Proof of Eq. (16)

Before proving Eq. (16), we first present some useful lemmas from [5].

Lemma 1. [5] Given a winning sample x., and a losing sample x;, the DPO denoted as

o (2" |c) mo(z!|c)
L 0)=E v -1 log ——~ — Blog —————~ | |. S24
R G e R e o
Then the objective function for diffusion models can be denoted as:

Lro-pifision(V) = — By )0 108 0 (BB oy (apt o) 2t o ol o)

T (2g.1) 7o (0. 7) (S25)
[log —— —log 1)
Tref (Z47) Tret (Tg.77)

where z} denoted the noised sample x* for the t-th step.

Lemma 2. [5] Given the objective function of diffusion-based DPO denoted as Eq. (S25), it has an
upper bound Lyp(0):

Loro-pigision(0) < = Eay wl)nD,tntt(0,1) 0, ,~ro(atey Jo) by ,~mo(al_,y ,[zb) 0BT
w w ! l
(BT log ) g M) (526)
WrCf(‘rtflm't ) 7rref(£t—1|xt)

Lygs(0)

where T' denotes the number of diffusion steps.



106 Lemma 3. [5] Given the objective function for diffusion model denoted as Eq. (S26), it can be
107 rewritten as :

Lus (0) = _]E(zg’ ,zg)N'D,tNL{(O,T),z%"/\/q(z%" \a:’o”),zlt'/\/q(zi |zé) log J(_ﬂth

B ;) (S27)
(le = co(at’ BIE ~ lle — euee(zt’ . D1E — (lle — eoleh OIE — lle — er(a 1)),
108 where xf = ayaly + ore, € ~ N(0,1) is a draw from the distribution of forward process q(z}|xf).

109 Now, we proof Eq. (16) based on these lemmas.

110 Proof. This proof has three steps. In each step, we apply the three lemmas introduced above in
111 succession. We begin with the loss function of SoPo for probability models:

Lsopo(0) = *E@w,c)ND,z;g%ﬁgw(»\c) Zvu(c) [10g0(5w (z)ho(z*,c) — Bheo(a', C))]
‘C'SoPo—vu<0)

— Ew,cy~pZhu(c)logo (/j'w (z")ho(x", c)) .

(S28)

LsoPo—nhu(0)

112 Based on Lemma 1, we can rewrite the objective function for diffusion models:

LsoPo-Diftusion (0) = Lppo " (0) + Linpo i (0)

diff —ori
LSoPoivu(e) = ]E(;L’a”,C)ND,x(l):KN?rg“*(-\c)ZUU(C)
w o (z5.1) 7o (Zp.1)
IOgU(Ex“f’:TNWe(quﬂ:T‘chj)ymllzTNﬂ'e(mll:T‘%%))[BU’(:L‘O )IOg Wref(x(L)L{T) - /81 Wref(x%)AT)D’
rdiffi—ori gy @ A 1 E wy ] ™o (%5 7)
SoPo_nu(0) = (z§ ,c)~D nu(c) log o wif’:T~7rg(w}”:T\z.5”)[ﬁw(x ) log )

et (T57)
(S29)
113 where x; denoted the noised sample x* for the ¢-th step. According to Lemma 2, the upper bound of

diff —ori diff —ori .
114 LG po vy (0) and L5 5 %) (6) can be denoted as:

ﬁdiff—ori

< — . o . . .
SoPo—vu(Q)— E(x(”]”,c)ND,ac(l)'KN'/rg"*(-|c),t~Z/{(0,T),ac#’71‘t~7r9(actwilwt\m(f),wé717t~w€(xltiljt\x%))
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To simplify the symbolism, the objective functions can be rewritten as:

diff
LsoPo-vu = ~Einyy(0.1), (@ ,0)~ D2l K migue () Zvu(€)
[loga( — Twy (Buw(zw) (L(0, ref, 2;") — BL(Y, ref, xi))))],
. (S32)
c(Slglf:’ofhu = _]EtNZ/{(O,T),(.'L‘w,C)NDZhu(c)

[loga( — thﬂw(xw)ﬁ(e,ref,x;”))],

where £(0,ref, 2;) = L(0,x;) — L(ref, z¢), and L(0/ref, ;) = ||€g/ret(2+,t) — €]|3 denotes the
loss of the policy or reference model. The proof is completed. O

C Experiment

C.1 Details of Experiments on Synthetic Data

To simulate our preference optimization framework, we design a 2D synthetic setup with predefined
generation and reward distributions. The generator distribution 7y is modeled as a Gaussian with
mean [—2, 1] and covariance matrix diag(2.0,2.0). The reward model is defined as a mixture of two
1 £0.5

Gaussians with means [—3, 2] and [2, —2], covariances [ 105 1

] , and equal weights of 0.5.
For the offline dataset, preferred samples are randomly drawn from the reward distribution, while
unpreferred samples are sampled from a manually specified distribution dissimilar to the reward
model. These are used to fine-tune the generator via offline preference optimization. For the online
setting, we draw samples from the reference model and assign preference labels using the reward
model to distinguish preferred and unpreferred motions. This process is repeated iteratively to
optimize the model online.In SoPo, we combine offline preferred samples with online-generated
unpreferred ones to perform semi-online preference optimization, thereby leveraging the strengths of
both offline and online data.

C.2 Additional Experimental Datails

Datasets & Evaluation HumanML3D is derived from the AMASS [6] and HumanAct12 [7] datasets
and contains 14,616 motions, each described by three textual annotations. All motion is split into
train, test, and evaluate sets, composed of 23384, 1460, and 4380 motions, respectively. For both
HumanML3D and KIT-ML datasets, we follow the official split and report the evaluated performance
on the test set.

We evaluate our experimental results on two main aspects: alignment quality and generation quality.
Following prior research [8—10], we use motion retrieval precision (R-Precision) and multi-modal
distance (MM Dist) to evaluate alignment quality, while diversity and Fréchet Inception Distance
(FID) are employed to assess generation quality. (1) R-Precision evaluates the similarity between
generated motion and their corresponding text descriptions. Higher values indicate better alignment
quality. (2) MM Dist represents the average distance between the generated motion features and
their corresponding text embedding. (3) Diversity calculates the variation in generated samples. A
diversity close to real motions ensures that the model produces rich patterns rather than repetitive
motions. (4) FID measures the distribution proximity between the generated and real samples in
latent space. Lower FID scores indicate higher generation quality.

Implementation Details For the preference alignment of MDM [ 1], we largely adopt the original
implementation’s settings. The model is trained using the AdamW optimizer [11] with a cosine
decay learning rate scheduler and linear warm-up over the initial steps. We use a batch size of 64
and a learning rate of 10~°, with a guidance parameter of 2.5 during testing. Diffusion employs a
cosine noise schedule with 50 steps, and an evaluation batch size of 32 ensures consistent metric
computation. For fine-tuning MLD [2], we similarly follow its original parameter settings.

C.3 Additional Experimental Results

We visualize the generated motion for our SoPo. As shown in Fig. S2, our proposed approach helps
text-to-motion models avoid frequent mistakes, such as incorrect movement direction and specific
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(a) A person runs to their right and then curves to the left (b) A man jumps and brings both arms above his head as ... and then
and continues to run then stops. moves them back into the original position.

Figure S2: Visual results on HumanML3D dataset.

semantics. Additionally, we also present additional results generated by text-to-motion models with
SoPo, as illustrated in Fig. S1. Our proposed SoPo significantly enhances the ability of text-to-motion
models to comprehend text semantics. For instance, in Fig. S1 (j), a model integrated with SoPo can
successfully interpret the semantics of “zig-zag pattern”, whereas a model without SoPo struggles to
do so.
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