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Algorithm 3: Mixed-Sample SGD (Restated for General ©)
Input: 0 = 0g,0 = 0, Ao = 0, stepsize {at}?zgl and 7, v, €g.

fort =0,...,T —1do

Draw & ~ Bernoul]i(ﬁ)

if &, = 1 then

‘ Sample (z¢, y¢) uniformly from Sp
011 = Po(0: — (1 + M) VEL(Os; x4, y1))

end
else

‘ Sample (z¢, y:) uniformly from Sq

Ors1 = Po(0r — (L + At)VL(Os; 24, yt))

end
Sample (z+, y¢) uniformly from Sq
A1 = [(L = ym)Ae +n(l(0e; e, ye) — L(0q,e; e, yt) — 3€q)]+
0q,t+1 = Po(0q,+ — arVL(0q,t; T+, yt))

end
Opg = {2 projection of + ZtT;Ol 0: onto the constraint set {0 :Ro(#) — Ro(fa.r) < 2¢q }
Output: éPQ

8 Results for General Losses

In this section, we provide the results for general convex losses. We consider a hypothesis class
H ={z — hg(z) : 0 € ©}. We make the following assumption on the loss function £.

Assumption 3. ((6; z,y) is my-strongly convex and mq-smooth in 0 for any (z,y) € Spg.

We define x = my /mq as the condition number of /.

We consider general © C RPD, possibly a strict subset, and therefore present a version of the algorithm
that projects iterates back to ©, provided a projection operator Pg (see Algorithm ; when © = R?,
i.e. is unbounded, the operator reduces to identity mapping so Algorithm 3|reduces to Algorithm [I]in
the main paper. Note that this projection operator is usually cheap for the common choices of O: for
example, for the sake of regularization in practice (e.g., ridge-type regularization), often © is an {5
unit ball, whereby Pg (0) = 0/ max {1, ||6]|}.

For the convergence analysis, we need the following definitions.

Definition 4 (Key Lipschitz Parameters). Let p = HGO -0 PQ H We then define

- 2
A 190 2,9)] < |0 - Bra||” < 2% (2,) € Spa,
Gg = sup 1+ log(T + K
o) < LHBTER) VB0 o)
mi (z/,y/)ESQ

- 2
[0(0; x,y) — £(0"; , y) — 3eq] - ‘9 - 9PQH <2p% (z,y) € Spq,

GA:SUP 14+ log(T + &
lo < LEOETER) Vb0 )]
mi (z',y")eSq

The above definition captures the Lipschitzness of the risk function on the iterates generated during
our algorithm proceeding.

Definition 5 (See [6]). For ¢ > 0, let r(€) = inf {||VJ%Q(9)||2 10 €0,Ro(0) — Ro(fg) = e}.
This notion is used to control the distance between the return solution and solution before the last

projection step, i.e., |07 — 0pol| where 67 = 1 Zt:_ol 0;. In linear regression, we can explicitly
compute itas 7(e) = € - AL, (30).

12
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Theorem 4 (Strongly Convex and Smooth Result). Let p? = ||y — 7] PQ

2 1 <0.1, and U%Q, ¢y be
some positive numbers such that

025 < 256 (14+ ()2 + p?) G2, and ¢, < min pA , d , p ,
po < 3501+ (\)7+07) Gy " 2v2G" 16V60pg+/log2/7’ Cpq

_ 1 N~ 2 2 6(7(2910g(2/7') 2 _
where Cpq = 2mi(1 + 26) ([ VRQ(60.0)2 + [8q.0l*) + L2, for o7 =
2
log(T+2k
(S22 sup, e, V400291 -

. . Gie
Assume the parameters in AlgorlthmHare setasn = % Y= j%", Qp = le : Hﬁ

Suppose

2
CpglogT [ Cpg(log(T+2k))? . -
> < _
T > max o ( YTy ) and r(2eq) < 1, then, with probability at least 1 — T

over the randomness of Algorithm[3] the empirical risk of the returned solution satisfies:

o o . T\ (S +GoGaiflogt  XGayflogt+ 2
Rp(0pg) — Rp(0pg) S | Go + G log; . +

T(QEQ)\/T VT

Statistical Implications. In this section we give an example of how the above Theorem 4] can be
converted generically to statistical guarantees on transfer (as was done for the linear regression case).

For intuition, Theorem guarantees that Rp (é p@) is small, i.e., close to R p(é pg), while we also
know R (fpg) is also small, i.e., close to Rq(fg) (since Rp(fpg) is a projection of the average

iterate onto the constraint set centered at 6¢g 7). Thus, if in addition, we have concentration of
empirical risks to true risks, we can convert the guarantees of Theorem |4| to statistical transfer
guarantees.

The results below illustrate the above intuition. These results are expressed in terms of generic
relations between P and () risks given as follows.
Definition 6 (Weak Modulus [5]). Given ¢ > 0, we define the modulus

d(e) =sup{€y(0) : Ep(P) <€,0 € OF.

In words, the weak modulus captures the best achievable () risk, if the learner only has access to P’s
data. For instance, in linear regression, as explained in the main paper and shown in [5] it can be
upper bounded as §(€) < 2Amax (X5 20) - € + 280 (0%).

We next consider some traditional concentration results for bounded losses in terms of the Rademacher
complexity of the loss class.

Assumption 4 (Boundedness of Loss). We assume £(6; x,y) < My forany 6 € O, (z,y) € X x ).

Remark 3. The Assumption{d| hold for a strongly convex loss given that the parameter 0’s norm is
bounded, e.g., ||0]| < B, Y0 € ©. For example, in linear regression, if we assume the label space
Y C[-M,, M,), then £(0;z,y) = 0Tz —y)2 <2B2M2 + 2M5.

We then introduce the Rademacher complexity which characterizes the complexity of a class and will
be used to derive uniform convergence result.

Definition 7 (Rademacher complexity). Let F be a family of functions mapping from Z to R and
Z ={z1,...,2,} be the i.i.d. samples drawn from distribution . Then, the empirical Rademacher
complexity of F with respect to dataset 7 is defined as

~ . 1 n
Rn(F) = Eeeqaryn Lglelg - Zi:l 5if(zi)] ,
where €1, . .., &y are i.1.d. Rademacher random variables with P{e; = 1} = P{e; = —1} = 1/2.
Then Rademacher complexity R, (F) is defined as R, (F) = ER,(F)

Assumption 5 (Bounded Rademacher Complexity of Loss Class). We assume R, (£oH) <
Sfor some positive real number By, ¢ which characterizes the complexity of the loss class £ o H.

Byy,e

v
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Remark 4. The Assumption|5|is standard. Here we give some examples.
For linear classifier class H = {x + 0Tz : 0 € R%,||6]| < B} with L-Lipschitz loss, the bound [23)
Lemma 26.10] is given by R, (¢ o H) < L\/%If

For | layer neural network class H = {x — Wioc(Wi_1...c(Wix)) : |W;|| . < B;} with L-
Lipschitz loss, the bound [24, Theorem 1] is given by

vn '

For general VC class H C {—1, l}X with VC dimension d, the bound [25| Corollary 3.8] is given by
Ra(loH) </ Hoar,

Ru(loH) S

With the above two assumptions we can derive the following rate of uniform convergence.

Proposition 1 (Uniform Convergence). Let i denote either P or Q). With probability at least 1 — T,
the following statement holds:

~ BH Vi 10g 2
sup |R,(0) — R, (0)| <2—/—=+ M, L.
sup |Fu(6) ~ R (6)] < 22 o
Corollary 1 (Statistical Transfer Guarantees). Let
By log 2 By v log 2
6P2277+Mg 77—,€Q:2 ’ +Mg T

Vnp 2np Nia) 2ng

Then with probability at least 1 — 3T over the randomness of Algorithm [3|and Sp and Sg, the
returned solution satisfies

Eo(Opg) < 5-min{eq,d (3ep)},

provided a number of iterations

R . 7\’ ?—&-éaé,\q/log% NGy log%+%2
TZ Gy + Gxy/log — . i + i
-

T(QEQ)GP Ep

Here we achieve a transfer guarantee similar to that in Theorem [I} The rate is still adaptive—it
achieves the better rate between solely target ERM and source ERM. The required iteration number
depends on the ep and 7(€g ), also similar to that in Theorem

9 Additional Experiments
In this section we provide additional experimental results.

9.1 Regression Task on the Berkeley Yearbook Dataset.

We conduct experiments on the Berkeley Yearbook Dataset [26]. The dataset contains the gray-scale
portraits taken in different years. The input x is the 512-dimensional vector feature extracted by
ResNetl8, and y is the year the photo is taken (ranging from 1905 to 2013). We construct source
and target tasks by varying the proportion of male and female photos. In the source dataset, 50% of
the samples are drawn from male photos and 50% from female photos. For the target training and
testing dataset, the ratio is adjusted to 75% male and 25% female. We fix ng = 100 and vary np
from 500 to 1300. Due to the difficulty of the task and the limited target data, the target ERM model
suffers from very large errors and is therefore omitted from Figure[5] We report the MSE comparison
with source ERM and HTL, as well as a runtime comparison with HTL. We can see from the left

14
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Runtime Comparison on Yearbook Dataset
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Figure 5: Linear regression on the Yearbook dataset. Input features of dimension 512 are extracted by
ResNet18. (Left) Q excess risk. (Right) Runtime comparison. HTL (fyr) has difficulty to adapt to
the situation where source data are more helpful and results in large target error, while our algorithm

o p@) gains from source data and significantly outperforms the competitors.
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Runtime Comparison on the CIFAR Dataset
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Figure 6: Binary Classification on the CIFAR10 Dog vs Cat dataset. We fix np = 100 and increase nq
gradually. (Left) Target excess risk (Middle) Target misclassification rate. (Right) Runtime comparison. Our
method (é pq) 1s still comparable with target ERM. HTL (éHTL) slightly outperforms ours, but as ng increases,
the runtime of HTL dramatically increases.

sub-figure that our method can consistently outperform source ERM, target ERM and HTL, and can
automatically adapt to the better rate of source and target ERM learning. The right sub-figure shows
that our algorithm achieves superior runtime performance compared to HTL when np < 1300, while
when n p reaches 1300, HTL becomes the faster one. This difference arises from the inherent nature
of the two algorithms: our method primarily optimizes over the source data, so the total number of
iterations increases with np grows, In contrast, HTL focuses on optimizing over the target data, using
the source data only to compute a reference model. As a result, its runtime remains relatively stable
as n p increases.

9.2 More Results on CIFAR10 Dog vs Cat dataset

Here we provide more results on CIFAR10. To verify the adaptivity of the algorithm with increasing
target samples, we conduct the experiment with fixed np = 100 and gradually increasing n¢ from
50 to 500. We set the source dataset to be 80% dog samples and 20% cat samples, and the ratio for
target is adjusted to 50% dog and 50% cat. As we can see from Figurelﬂ, in this setting source data
are not informative so the source ERM performs poorly. As the target sample size increases, the
target ERM can give promising performance, and our method can also adapt to it. HTL performs the
best in this setting, but its runtime dramatically increases as the target sample size increases.

10 Missing Proofs in Section 4.1

In this section, we provide the missing proofs in Section[d.1] We first introduce the following helper
lemma that lower bounds the norm of the constraint gradient on the boundard of the constraint set.
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Lemma 8 (Lower and upper bound of boundary gradient). For any € > 0, the following statements
hold:

min

N el min
0:Rq(0)—Rq(0g)=¢

R 2
VRoO0)| = Npun(Sa)-

Proof. We start by proving the first statement. First, the 6 on the boundary of the constraint set
~ 112 , , .
satisfies: HO - OQH _ = €. We first decompose 6 as § = 6 + 0 where § € Range(Xq) and 6 is
2q

in the null space of f)Q .

Now we examine the gradient norm:

. “ 2
S0 - 0o)|

all '
= min
llo-bcll,,=¢

o min
0:Rq(0)—Rq(0g)=¢

. N 2
= min A HEQ(aueQ)H
||0’79Q||i =¢,0’€Range(3q)

= min H\fZQuH A (B0).
ucRange(3q),|lul|=1

Proof of Lemma [Tk

)

N 2 .2 R . 2
Proof. Due to Jensen’s inequality, we have that H90 — GPQH <2 H00 - 0pH +2 H(‘)p - (‘JPQ‘
which is at most

i e
22, (Zp) )‘mln(ZP)

Since éPQ is the minimizer of Rp within constraint set, and éQ is also in the constraint set, we have

W HVRP 9O)H +2H0P 9PQH

2
HVRP )|
4Am1n(EP) .

Putting pieces together we have
2 a2
el [vieco
2 0(Ep) 225 (8p)

min

oo~ Gro]" <

Proof of Lemma [2:

-2
Proof. For 6 such that HG —0pg H < 2p?, we examine the upper bound of its norm. According to
triangle inequality we have:

18 < V20 + [[Bea]| < 30.

The rest of the proof follows:

IVEO; 2, )| = [|2(072 — )| < M2 6] + MM,

16



480 Proof of Lemma[3:

481 Proof. The proof simply follows the definition of ¢:
[0(0; z,y) — L(0';2,y) — 6eg| < (072 —y)? + e y)? + 6eg
< 2M2 ||6]° + 20, + 2M2 |6/ + e
MAM2(1 + log(T + QHQ)V) ;
= €Q
Min(ZQ))?

<18 <M§p2 + M, +
482 O

483 Proof of Lemma (4t

484 Proof. Due to the first order optimality condition we have

VRp(Opq) + N VRo(Opg) = 0 = \* = HW?PW:PQ)H.
[viatira

as5  To upper bound HVf{p(é PQ) H we notice that

[vAr@ra] = [p5rGra v

< 2 Anax(Ep) |1 2(0pq — bp)| = 2 A (S0)y R (Gpg) — For(Op).

486 Define 6’ to be the model on the boundary of constraint set, and also on the range of fJQ. That is,

~ 112 A ~ N
487 ’ 0 —0g H . = 6eg and 8’ € Range(Xg). Since Opg is the minimizer of Rp(-) in the constraint
e

488 set, we know that

|920(0r0)|| < 2/ Amax(Ep) T (0) — Fer(Gp)

=24/ Amax(Ep)

< 2)\max(SP) ‘ 9/ - éP

(2;/2(9’ - ép)H

Gl - éQH + 2)\max(i3P) HéQ - éPH

- 1
(Zp)iA
\/ )‘;;m(ZQ)

Puax®r) e 4 2 (1) |6 02|
)\LH(ZQ)

S 2)\max(iP) ’

< 2 max Hiéf(e’—éQ)H + 2Xmax(2p) HéQ —épH

489 To lower bound HVRQ () H, we again evoke Lemmathat HVRQ () H > 21/ A (30) - 6eg.

490 Putting pieces together will conclude the proof.

491 O

w2 11 Missing Proofs in Section

493 Proof of Lemma 5t
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Proof. The proof mainly follows Proposition 8 of [5]. With probability at least 1 — 27, the following
.2
two facts hold. For one hand, for any § € {9 : HH —f8g HE < GEQ}, we know
Q

. 112 “ 2 N “ 2 R 2
Eal0) = |0 - 63, <2 Ha - 0QHEQ 42 HoQ - 0QHEQ <4 He - 9QH2Q + 260 < 2660

where at the second inequality we evoke the matrix concentration result from Lemma 3 of [5]. For
the other hand, for any 6 such that £q(6) < €, we have

.2 3 .2 2 R .12
il < 2o el <0, 5o <o

Proof of Lemma [6:

2
4
3p

Proof. First notice the following decomposition: |\070};||§3P < 2“6791%3‘

_ 2
2 HH ro — 0% Hzp . For the first term in RHS of above inequality, with probability at least 1 — 7, we

have

so-inef, <1lp el

; —4 (Rp(a) — Rp(fpg) — <VRP(5PQ), 6 — éPQ>) :

2
3p

Since both 6 and éPQ are in the constraint set of Problem , and éPQ is the optimal solution
within the set, we know <VRP(§pQ), 0 — épQ> > 0. Hence, we know 2 H9 — éPQ‘

1(Rp(0) — Be(0rq)).

2
<
Xp

_ 2
Now we proceed to bounding 2 H0 rQ — 0% . Notice that with probability at least 1 — 27

Xp

~ 2
2H9PQ —9};‘

<4 éPQ_éP‘

2 ~
4H9 _ o
EP+ P P
’ Op —0
1or —o;
i)P+ P P

3p
2

2
Xp

<38 éPQ_éP‘

3p
2

N 2 n
<sles—a 4H9 yr
< P P2P+ P PEP
0 (92 Op —0 ’
<12 — 0| +4fjor—o;
< P P2p+ P PZP
§16€P7

where at second and fourth step we evoke matrix concentration result from Lemma 3 of 5], at third
step we use the fact that 0p¢ is the optimal solution within the set. Putting pieces together will
conclude the proof. O

Proof of Lemma [7:

.12
Proof. Since 63 ¢ {9 : H9 — g Hz < 6€Q}, then from Lemmawe know with probability at
Q

least 1 — 27, Eq(03) > € > 35E¢(6) holds. O
12 Proof of Convergence
In this section we will present the proof of the convergence result. We first introduce some useful

lemmas.
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12.1 Technical Lemmas

The following proposition is standard and will be used to show the sub-gaussianity of the stochastic
gradients.

Proposition 2. Given a random variable X, if a < X < b with probability 1, then X is a (b_4a)2

sub-Gaussian random variable.

The next lemma establishes the convergence of 0 ;.

Lemma 9 (High probability convergence of 0 ;). If we choose o = then with

At (EQ)(HQH )’

min

probability at least 1 — T, for any t > 0 we have:

N 2
. o Ailm(EQ)(H%Q)H@QH 602 log(2/7)(logt + 1)
Rq(0q.1) — Rolfq) < "
t+2kq A (B0)(t 4 2k0)

min

2
1+log(T+2k
for oy = (M (HEES MM, ) + MM, )

Proof. We first examine the boundedness of ||6g ¢||. According to updating rule of 6 ; we have

||‘9Q,t|| = ||9Q,t71 - atxt(mjaQ,tfl - yt)”
< |@- O‘txtxtT)HQ 1| + o eyl

1 ~
< 1600l + M, M
Led ZA* (Eo)(s +2vq)

min
=0

< 1+ log(t + 2kq)
Min(Zq)

min

M, M, ®)

Hence we can compute the sub-Gaussian parameter. Notice that

va(eQ,ﬁxtayt) - VRQ(GQ,t)H < Hﬂitl‘: - iQH 10q.¢l +

1
- —X/}
LtlYt no QYQH

1+ log(t+2 ~
§2M3 wMzMy +2M, M,
AIIlll’l(EjQ)

1+ log(T + 2 .
<oz ((LHIBT A 200) 3y ) 4 o, .

According to  Proposition we  know va(eQ’t; z1,y1) — VR (GQ’t)H is

2
( M2 (%&Zﬁ)@) M, M ) + M, My> sub-Gaussian.

Now, we evoke the result from Theorem 3.7 from [27] that if the gradient noise is o sub-Gaussian,
then with our choice of oy, with probability at least 1 — 7 it holds for any integer ¢ > 0 that

N 2
Mrin (B (14 2k0) HOQH . 603 log(2/7)(logt + 1)
t+ 26 MinCo)(t+2rg)

Ro(0g.4) — Rq(bg) <

The next lemma proves the sub-Gaussianity of the stochastic gradient used to update 6;.

Lemma 10. Let
go = 1+ NVEO;z,y), (z,y) ~ Sp,w.p. 1%\
(1L+ N VE: 2,), (2,9) ~ Sguwp. 15
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and
5= Hva(e) +AVRo(0) — 99H .

sss Then for any 0 € {9 6 = pg|? < 2p2} and X € {A:(A=X)2<2p%}, we have
s« Elexp(0®/0py)] < exp(1) for opg = 256 (1 + (A*)% + p?) G2,

535  Proof. We use £ = 1 to denote the event that we sample from P, and otherwise from @Q. For
53 notational convenience we define 6, = ||VR,(0) — V{(6;z,y)|| where z,y is sampled from

537 , for p denoting either P or (). We also define (pgp = HV}A%p(O) — VRQ(H)H' Since

s 6 = HvRP(e) FAVRO(0) — (1+ N)(I{€ =1} VU(O; z,y) +1{€ = O}VE(O;x,y))H, we can
539 verify that

Eexp (52/0123Q)

! Eew (Hva(e) FAVRG(8) — (1+ NV, y)H2 /U§Q>

14+ A
A . R 2
+Ee |V2e(6) + ARG (0) — (1 + N VB2, y)| fohg
1 2(1+N)202  2N(F A 203, 2(1+ \)262
< ——FEex ( —: ) P4 QCPQ + Eexp CQPQ + ( 3 Uil
1+ A pg TpQ 1+ oPQ opo
2)2(2 2 2¢2 2(1+ \)262
< L exp( QCPQ YEexp [ 2(1+ )\)252—1) + Aexp CQPQ ]Eexp((Qi)Q) .
14+ A opo opo TPQ Tpo
s40  Since 0 < A < /2p + A\*, so we have
Eexp (6/67)
1 * A *
< T O (2(2()\ )2 + 4p2)4G3/0123Q) Eexp ((4+4(2(\)% +40%))6% /o)
)\ A *
+ 1 +t>\t exp (4G§/0123Q) Eexp ((4+4(2(\%)* + 4p2))6?Q/UIQDQ) .

ss1 Due to our choice 03, = 256 (1 4 (A*)? + p?) G2, we have
1 A
Eexp (6%/0hq) < T (1/8) (exp(1))"/® + T (1/8) (exp(1))"/® < exp(1).
542 O

543 Then, we establish the convergence of the penalized objective, under the dynamic of Algorithm [I]
sss Lemma 11. For Algorithml]| the following statement holds true for any A > 0 with probability at
s45 least 1 —7:

(Re(@r) - Re(lr0)) + Mg(0r) ~ Ra(la) ~ 6c0) ~ (§ + 517 ) ¥
@ (A* + 2\/§p) + ﬂpam\/@

VT VT

Cra(log(T +260) +2)2 (\ +v2p) [ Ga/31082  Cpp(log(T + 2r0) + 2)2
" T T T T

2
p A ~
Sﬁ‘f‘?’]Gi‘f’ﬁGS‘F

A,

o2 1o T 2
o where Cig = (1+ 2n) MIM + S o = (M2 (MELEB2MM, ) + Mo, )
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550
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554

Proof. Define the constraint function g(0) := R () — Ro(0g) — 6eq and L(0,\) = Rp(0) +
2
Ag(0) — 7242 We first show that Hﬁt - HPQH + [|Ae = A*||? < 22 forany ¢ € [T]. We prove this

by induction. Assume this holding for ¢, and for ¢ + 1 we have

2
0, — ngh — 9PQH

~ 2
Ou1 — O =

2

)

- 2 ~
0; — GPQH -2 <ngé7 0 — 9pcz> +17 96|
where gé _ (1 4+ Xe)VEU(O; 24, y1), (24, y:) ~ Sp,w.p. 1.;%,

(1 + )\t)vg(et;xt>yt)7 ($t7yt) ~ SQ,'LUp 1+t)\t

Then for ¢ + 1, we have:

~ 2 ~ ~ ~
6, — epQH p <VRP(9t) + MV Ro(0,), 0 — 9PQ>
+2V200:p + 2 (1 + M\ )* G2

< Hat - éPQH2 . (L(Gt, M) — LOpo, )\t)) +2v206,0 + n2(1 + A2 G2

- 2
Op 41 — HPQH <

where §; = HVRP(Qt) + M VRq(6;) — gb||, and at last step we use the convexity of L(-, \y).
According to Lemma [T0] we know that

E[Qé] = VRP(Qt) + )\tVRQ(Ht),]E[exp (53/01%’@)] < exp(l)
. Similarly, we have:
Aes1 = NP =M = NP+ 20 (g5, M =A%) +n2lgh — vAe)?
<= NP+ 20 (Ro(61) - Ra(Ba) — cq = vAi A= AY)
+2v2nryp + 2V 20k p + 207G
< (1 =)A= AP = 20 (L(01, A*) — L(61, \r))
+ 2V 20rp + 2V 20hep + 2772@?\,

where
gi = E(et;ft»yt) - f(eQ,t; Tt, yt) - 6€Q
and

re = |00 2, 90) — 00050, 01) — (Ra(00) — Ral00.)|| 1 = [Ro(0a.) — Roldo)

and at last step we use the ~y concavity of L(f;, -). It is easy to see that

Elgi] = Ro(6:) — Ro(0q) — eq. Elexp (Tf/éi)] < exp(1).

Putting pieces together we have
2 -2 -
601 = Ora |+ rvss =272 < (|)\t s ) — 29 (L(6,A") = L(Bra M) )
+ 2V208,p 4 2V 20rip + 2V 20y p + 207 GE 4 P (1 + N, )2 G

< (|At AP Het - épQH2> . (L(Gt, A — L(fpo, At)>

()2
> 15

+ 202G + 1P (1+ V20 + X*)?GF + 2V20p(6, + 10 + he)

where the last step is due to
A2 A2
Y(A") t

2 27

L(0:, \*) — L(Bpg, M) = Rp(8:) + \*g(6:) — (RP(éPQ) + /\tg(éPQ)) -

>0
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555

556

558

559

560

561

(o
fo23
N

563

Performing telescoping sum yields:

~ 2 - 2 N N
001 — epQH F e = N2 < (Hao - 9PQH +ho — )\*|2> F2PGE P (1 + V2p + A2

t t t
+2V20p ) 0+ 2V20p ) e +2V20p Y hy + Tyn(A)?.
s=0 s=0 s=0

Due to Lemma 4 of [28]], we know with probability 1 — 7/2,

T—-1
6 < \/To? \/?E e < TGQ\/?E,
> < \/Tokg Zt VTG 3108

Mhin(B0) (142r0) | |fo ||

60"Q 10g(2/‘r) (log t+1)

and also according to LemmaH, hy < T2ng

2
(Mg (%&2’;@)]\4 M, ) + MxMy> , which yields:

min

Mhin(Bo) (t+2rq)

min

~ 112
S g M 2k 9] 603 108(2/m) 1085+ 1)
rar A s+ 2Kg )\:;m(EQ)(s + 26Q)

GJQ log(2/7)(logt + 1)

. (x;m@czx #250) |+ T
C

pg - (log(t + 2kg) + 2)2,

L 2 2 602 log(2/7)
where Cpq = (1+2kq) M; M + )\37((?)

min

1+ [/ 1 <1+ logt. Putting pieces together yields:

) (log(t + 2kqg) + 2)

and in the first inequality we use the fact Z

©))

2 _
for o =

- 2 - 2 R N
Hem _ epQH st — A2 < ho = A2+ Heo . HPQH +272C2 + (1 + V2p + NP2

2
+ 4V2npVTagy /3 log - + 2V2npCpq(log(t + 2k0) + 2)? + Tyn(A*)2.

Since we choose 1 = % and v = G27, where

p

¢y < min

2
we conclude that H9t+1 - HPQH + A1 — A2 < 202

Now by similar analysis we have that for any A > 0

2
Orr1 — 9PQH + [ Aer1 — A2 <
+202G2 + (1 + M\ )2 G2

+ 20 (O 26, y1) — €(0Q,83 e, Ye) —
+ 20 ((0q) = UB.), M — ) + 207

~ 2 ~
0 = Bpal| + 1 = A2 = 20(L(01, 2) = LOpq: M)

+202G3 + 2 (1 + N )2 G2

P p P
2v2G) " 2(1 + V2o + A) G 16\/60'PQ\/10g %7 1Crq

~ 2 ~
0= Ora| + e = A2 = 20(L(6:, ) — L(Bpq, )

(€(0r) — L(0q.t))s At —
0, — o

+ 20 (A + A) + 20k (A + A) + 2v2n5p.
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se4  Since |\ — A*| < V2p we know \; < \* + v/2p. Hence we have
- 2 - 2 ~
601 = Bra| + err = AR < 1 = A2 + |60 = | — 20(L(61, 3) — LB, M)
+202G3 + 2 (1 4+ \)?G2 + 20y (A* + \/ip) + 2nhy (/\* + \/ip)

+ 20r A 4 20hi X + 23200, p.
s65s Performing telescoping sum yields:

1 T—1 N 1 ) 1 T—1 ) o
7L LB A) = LBrq:A) < 5 (Do = A + Heo—opQH nG T ;O(th) G2
1 T—1 \/> 1 — \/> T—1
+ =) (AN HV2) 4+ 5 he (N +V20) + = > 1)
Tt_ot( ) T;t( ) T

N~

T-1 1 T-1
o D A EV2ps Y b

t=0 t=0

s66 By the definition of Lagrangian, we have

T-1
1 : gl 5 (G 5 gl
T ;(RP(Qt) + Ag(0:) — 5/\2 — Rp(0pq) — At 9(0pq) +§)\?)

<0
LT(MO—A\?JFHGO—GPQH )+ 0GR + Tnjf(lﬂt)"’é‘%

T—

Z (x+v20) + th(xwxfp) Zm+ ZhMJr\fp Zét

s67  Evoking the bound from (9) and (I0) yields:

T—
Z (Rp(0,) + \g(0,) — %)\2 — Rp(fpg) + gxf)

S

L e A2+ Heo - ePQH n02 ST )2

_QT 2T

1 N 2 1
1 A 2 1 V2popgy/3log 2
+T@MA+TOPQ'(log(T+2/1Q)+2)2)\+ \/7

VT

i
o

s6s  Plugging in Ao = 0, #p = 0 and re-arranging the terms yields:

< %+né§+ﬁ ;(n(HAt)QGE—NH T
G’A 310g% 1
+ T(/\* +2V2p) + 7Cpq(log(T + 2rq) + 2)2(\* + 2v2p)
N (GX 3log ? N Cpg(log(T + 2k¢) +2)2) N
VT T
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seo By our choice, v = G37, so we have

1 T=1 L T . .
- R — Rp(0 — N DTN
T ; (Rp(at) RP(HPQD tT 2 Ag(67) (2 + 277T) A

2 . . GA)\ 310gg \/ﬁpUPQ\/@

L+77G?\+77G§+7T()\*+\/§p)+ d
=T VT JT

1 G308 2 Cpi (log(T + 2 9)2
+TCPQ(IOg(T—&—QmQ)+2)2()\*+\/§p)+ \/;+ PQ(Og( ; KQ)—i- ) N

s70  Define O = % Zz:ol O7, and then by Jensen’s inequality we have

(Re(6r) - Re(r0)) + Ngl6r) ~ Ro(le) - 6e0) ~ (§ + 517 ) ¥

2 20T
2 ) ) CA?,\,/Slogg \/ﬁpUpQ,/Slog2
< @G+ T\ +V2) + ’
nT VT VT
1 Caf3108 2 Cpo(log(T + 260) + 2)?
+ 7:Cpqlog(T + 2kg) +2)°(A +v2p) + Nl T A
571 O]

572 12.2  Proof of Theorem 2]

573 Proof. Note that Lemmaholds for any A > 0. Now let’s discuss by cases. If A7 is in the constraint
574 set, then Opg = Or and we simply set A = 0 and get the convergence:

Rp(Opq) — Rp(Opq)
2 ) R CA?,\./310g2 \/ipapQ,/i%log2
Sp—+nG§+nG3+7T(A*+2\f2p)+ -
nT VT VT
1
+ 7Cpq - (Iog(T + 2k¢q) + 2)° (X" + \@p) .

575 If 7 is not in the constraint set, we set A = 220r)=fa(o)=6ca o4 define 9(0) := Ro(0) —

Y+ouT
576 R (fg) — 6eq for notational simplicity, which yields:
A m N B F (9(07))°
(Rp(0r) — Rp(0prq)) + 51~
20y + )
2 R . Gxy/3log 2 V2popgy/3log 2
§L+nG§+nG§+7T<>\*+2\/§p)+ .
T VT VT
1
+ TOPQ - (log(T + 2kq) + 2)2 (/\* + \/ip)
. 5 _
Gy/3log = Cpq - (log(T + 2kq) + 2)? 9(07)
+ + - (12)
VT T Y+T

577 Since A7 is not in the constraint set and éPQ is the projection of it onto inexact constraint set
si8 §(0) == Ro(0) — Rg(8g.1) — 3eg < 0, by KKT condition we know §(fpg) = 0 and O — Opg =
s79 5-V§(fpg) for some s > 0. Defining A := 3¢ — (Ro(0o.7) — Ro(fg)), and due to our choice
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ss0  of T'we know A > 0. Then we have

(07) — g(
= §(0r) — §(6pq) — (§(6r) — 9(07))
(67) — §(0pq) — (Rq(0g) — Ro(0q.r) + 3¢q)
(0prq)

ss1  where the inequality is due to convexity of g(-). Evoking Lemmalwith €=3eq + RQ(GQ,T) -
582 RQ(QAQ) gives that ming)—o va(éPQ)H > \//\mm ZQ (3eq + RQ(@Q T)— RQ(éQ)) >

583 \//\LH(XAIQ)SGQ, so g(01) > \/)‘Iﬂn(iQBeQ HGT — GPQH -

ss4  On the other hand, since 0 pq is the projection of A onto constraint set, and 7] p@ is in the constraint
585  set, we know

2 . . g2
—9PQH S‘ 9PQH < 2%

A~ ~ 2 A
sss Hence 0pg also falls in the set {9 : HH —0pg H < 2p2}, so the gradient upper bound Gy applies

587 tO épQ. Hence we also know

9(0r) — 3(0pq)
Ro(fr) — Rq(fg) — 6eq — (Ro(fpq) — Ro(bo,1) — 3€q)
<Gy H9T - 9PQH +Ro¥g,r) — Ro(bg) —3eq .

<0

g(gT)

se8  Plugging the upper and lower bound of g(f7) into yields:

Mhin(Z0)3eq (HéT — éPQH - A)2

4(@,@3 + %n)
Wj? (X +2v20) + ver Upjf\/@
+ %CPQ (log(T + 2kq) + 2)2 ()\* + \/Qp)

G,\\/@ Cpq - (log(T + 2kq) +2)° VT
+ A 1
\/T T CnGZ + =

(Rp(6r)—Rp(Opq)) + VT

2
SLT—FnG?\—i-nGZ

+

]
589 Notice the following decomposition:
Rp(0r) — Rp(8pq) > Rp(0r) — Rp(Apq) > —Go HéT — éPQH .

s90 Also notice the fact (a — b)? > La? — b? holding for any @ > 0,b > 0, we know

1
2

(Jor —dra]| - 2)"> 5 Jor ~ o]~ &
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s91  Putting pieces together yield the following inequality:

o o !
where:
_ VAL (o)eq
8(071@3 + i)

ée A 2 Cpg- (log(T + 2%3@) + 2)2 A
b=—+—"——|Gx1/3log— + + Gy,
<cncz+;>< S A VT ’

2 4 ey(G3 + G3) + G [3log 2 (A +2v2p) + V2popgy /3log 2
VT
C - (log(T + 2k0) +2)%2 (M\* + V2 3T (2 A2
T (ane+;,)

C =

2 .
. 2 2G9Gry/3log 2 A . .
sz Assume T >  Craloe(T2rg)+2) ) ,sob < V28T 4 Gy Solving the above quadratic

CA?)\\/Z%IOg% - (Cnég-l-%)
593 inequality yields:

_ . b+ Vb2 +4 b
[or — ng| < LEVTEE 2 e
a a a
8(CTIG§ + i)G@ + 16G9G>\1/310g% N EA
3>\I—;11’1(2/\IQ)6Q\/T 2

8(c, G2 + L) J e en(G2 + G2) + G,\\/310g% (A +2v2p) + V2popgy/3log 2

3\/TAIIIIII(ZQ) \/T

8(cyGj + o) \/CPQ - (log(T + 2kq) +2)2 (A + v/2p)
BﬁAr—gm(iQ)eQ T

B 16(077@3 + i)éf) +16G4Gx \ 3log 2 1A n Cpq - (log(T + 2kq) +2)* (A* + v2p)

_|_
_—

= +
A;;in(EQ)eQ\/T 2 2T

£ 1) (G3 +G3) + Gay/3log 2 (X +2v2p) + V2popq,/3log 2

2T

2,32 . . ..
s94  where at the last step we use the fact vab < ¢ -2-b . Finally, note the following decomposition:

Rp(0pq) — Rp(0pq) = Rp(0pq) — Rp(0r) + Rp(0r) — Rp(0pq)
< Gy ‘ 9T - HPQH + Rp(0r) — Rp(Opq)
310g

57 +G9)+G>\q/3log%(A*+2\/§p)+\/§pJPQ1/3log%

Jr
VT
n Cpq - (log(T + 2kq) + 2)2 ()\* + ﬂp)
T .
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2
. Cpo-(log(T+2 2
se5  Since we assume T > [ Cre(los(T+ ZQ)) , we know
GA\/3log;

Rp(6pg)~Re(0rq) < Go HéT - éPQH + Rp(0r) = Rp(0rq)

2 4 1
Cn G9 + c"

§ +cn(é§ +é§) +2CA¥M/310g% ()\* —|—2\/§p) + \/ﬁpaqu/Slog%
+ .

s96 Plugging bound of HG_T .y PQ H and LemmaHyields:
Rp(0pq) — Rp(0pq)

) 26)"/310g%é 16(cné§ L)C;9+16é9(§m/310g% 2Cpqlog T

s ) o]

3

< | Gy + = 0
Gy + o Min(E)eQVT (T +2kq)
2 N N ~
Gy /log 2 L+ ¢, (G} + GZ) + Gay/log 2 (\* + p) + popgy/log 2
18 [ Gov LT [
CWGG + a \/T

s97  Now we simplify the above bound. By the definition of ¢,, we know ¢,, < Gi , o we have
6

Rp(bpq) — Rp(0rq)

2G 310g)( (Geﬁ-é)ée-ﬁ-lﬁé’eém/?ﬂog%JrQCleogT

< | Go+

Gl +1 Miin(EQ)eQVT (T'+ 2kq)

+ cy(G3 + G3) + Gy /log 2 (\* + p) + popgy/log 2
VT

(Ge + 2 )Ge + 16G9G>\1/310g% 2Cpqlog T
)\+ (EQ)GQ\/T (T + 25@)

min

. G logf
+ 48 G9—|— =
CnGQ-"-l

A . 2
< <G9+2G,\\/@> (
2> (" +en(G2 4+ G2) + ((A* + )G +paPQ) \/10?%
.

+ 48 <é9—‘ré’)\ log Nia

2 N
Cro-(log(T+2 2 2Cpo log T G logl/T
pq-(log(T+2rq)) > , 80 2208l ~ *\/\/Tgi/. So we have

s98 Again recall we choose: T > ( Grr/lo 1/ TH2rg) =

Rp(Opq) — Rp(Opq)

Gg
A A 7\ (328 +1609GM/3logf GM/logf
< <G9+2GM/310g )
-

VT

Go o A.A Noe L * A 2
R R 1 c + GQG)\ IOg P (()\ + p)G)\ + pO’pQ) 10g + + C G
< (G@—FGM/log) g !
T

= +
A;in(EQ)EQ\/T \/T

P> 2 A2 2
. . ) 2t cy(G +G)+\/§pO'PQ1/3IOg;
2 <G9 + 2G4/ 3log 7_) 1 A i
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2 N

Finally, by definition of ¢, we know & > ¢,G3, 2’—2 > pGy and ’0’—2 > pl16v/60pg4/log 2 which
n n n
concludes the proof:

. . . . 1 %—i—égéM/log% peN log%—&—g
Rp(6pg) — Rp(Opg) S | Go+ G log; 1 + !

)\IJIFHH(EQ)GQ\/T \/T

13 Proof of the Results of General Loss

In this section we provide the missing proofs in Section [§] We first introduce the following lemma
which establishes the convergence of auxiliary iterates 6 ; to Q ERM model.

Lemma 12 (High probability convergence of 0g ;). If we choose o = then with

probability at least 1 — 1, for any t > 0 we have:

11
my  t+2K’

I b i < ma(1+26Q) (2 IV R (00.0)[1” +216q.0l1*) . 6G2log(2/7)(logt + 1)
Q(0qg+) — Ro(bg) < o ma (t + 2k) '

Proof. We first examine the boundedness of |0 ¢||. Define e; = VE(0g,1; x¢, Y1) — VE(0g,0; %1, i)
. According to updating rule of g ; we have

10Q.t+1 — 0q.oll < 10q.t — e VEl(Oq.t; e, yt) — (0.0 — V(OG0 71, ye)) |l
+ a [[VE(Oq.0; ¢, vt
= V100, — 0a.0l* — 201 (e1, 0. — Og0) + a2 ]

+ o [|[VE(Oq,0: 24, )|
<|0q.t — Oq.oll + at [[VE(0q.0; e, yt) |

t
< Za? 1Ve(0q,0; x5, yj)H2
j=0

t

1 1

< - sup ||V€(0g,0;x, )l
; mi1 t+4 2k (z,y)ESQ

1+ log(T + 2k
< LHIBTH20) o Va0 2y (13)

m (z,y)€5q

where the third step is due to the co-coercivity of the gradient of the convex and smooth functions:

1
(VU(Oq,; e, y¢) — VL(OQ05 T, Ye), 0.t — 0g,0) > p— IVEOq.05 20, y:) — VE(OG.0; 20, )] -

Hence we can bound ||0g ;|| as

10,6l < [160. = ba.0ll + 16,0l

1+ log(T + 2k
< LH1osTH20) o |e0g0 29
my (z,y)€Sq

Hence we can compute sub-Gaussian parameter. By the definition of Go

HVE(HQ’t;xt,yt) — V}?Q(HQJ) <2 sup |Vl(Og;z,y)| < 2Gy

(z,y)€Sq

According to Proposition we know HV€(9Q¢; z1,y:) — VRo(0g.1)

’ is Gg sub-Gaussian.

28



613
614

615

616

617

618

620

621

622

623

624

625

626

627
628

629

630

632

633
634

635

Now, we evoke the result from Theorem 3.7 from [27] that if the gradient noise is Gg sub-Gaussian,
then with our choice of oy, with probability at least 1 — 7 it holds for any integer ¢ > 0 that

. . mi(1+ 2k0)|10ol?  6G2log(2/7)(logt + 1)
00.1) — Ro(bo) <
Rqlba.) — Folbe) < t+ 2k ma (t + 2k)

We further bound \\9Q||2 as
1be]1* < 2l10q — 6q.0l1* + 2[00 .0l”

4 . o
< E(RQ(QQ,O) — Rq(0g)) + 2[6.0l
4 . )
< = 00.0) — mi 0)) + 2|60 ol
< (Rq(0g.0) Inin R () +2[0q.0ll
41 R 2
< - . 2
< oo [VRa(o)|| +200q0]

which concludes the proof.

13.1 Proof of Theorem[d]

Proof. The proof is almost identical to that of Theorem 2] In Section[12.2] choosing C'pg = m1 (1 +
A~ A2 A~ A

26) (;2 |V R (0.0 |2 +2(10.01%) + 22527 and plugging in §(6) = Ro(8) ~ Ro(00.r)~2eq

will conclude the proof.

O
13.2  Proof of Proposition|[I]
Proof. By the standard Rademacher complexity analysis (see [25]) we know:
N log 2
sup |R,(0) — R.(6)| <2R,(£oH)+ M, L.
heH 2n,
Plugging in the upper bound of R, (£ o H) from Assumption|5|concludes the proof. O

13.3  Proof of CorollaryI]

Proof. First, since 6 po €1{0: Ro(0) — Ro (éQ) < 3eq}, then by Propositionand our choice of
eg we know Eg(0pg) < 5eg with probability at least 1 — 7 over the randomness of Sg.

Then we discuss by cases. If 6% € {0 : Ro(0) — Ro(0g) < 3eq}, then since Rp(pg) —

Rp(0 prq) < €p, by Propositionand our choice of ep we know with probability at least 1 — 27 over
the randomness of Sp and Algorithm 3]

Er(0pq) = Rp(Opq) — Rp(07)

= Rp(0pq) — Rp(0pq) + Rp(0pq) — Rp(0pq) + Rp(fpq) — Rp(03)
<0

+ Rp(0p) — Rp(0p) < 3ep.

Hence &g (épQ) < 6(3ep).

If0% ¢ {0 : Ro(h) — RQ(éQ) < 3eq}, then we know £ (6}) > € with probability at least 1 — 7
over the randomness of S¢. This is because for any 6 such that o (6) < €q, it must be in the set

{6: Ro(h) — Ro(fg) < 3eq}. To see this, note that

5@(9) < SQ(Q) + 2¢eq < 3eq.
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636 Hence we know

E(Opq) < Beq < 5EG(07) < 53(ep).
637 Putting piece together we have with probability at least 1 — 37, it holds that
Eo(0pg) < 5min{eq,8(3ep)} .

638
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* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
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Answer: [Yes]
Justification: We report clear experiments setup in the Experiment section.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:

Justification: We do not make our code public at this moment. The data used in the
experiments are open source data.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We discuss this in the Experiments section.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We report them in the Experiments section.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We report the compute resources in the Experiments section.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: This paper conforms, in every respect, with the NeurIPS Code of Ethic.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:
Justification: This is a theoretical paper so we are not aware of any societal impacts of it.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:
Justification: This is a theoretical paper so we are not aware of any risk for misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cite the references for the datasets used in the experiments.
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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16.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: We do not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: We do not have crowdsourcing experiments.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: We do not use LLM.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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