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ABSTRACT

Vertical federated learning (VFL) has shown promising in meeting the vast de-
mands of multi-party privacy-preserving machine learning. However, existing VFL
methods are not applicable to popular machine learning tasks falling under bilevel
programming, such as hyper-representation learning and hyperparameter tuning.
A desirable solution is adopting bilevel optimization (BO) into VFL, but on-shelf
BO methods are shackled by the difficulty in computing the hypergradient with
privacy-preserving and computation-efficient under the setting of VFL. To address
this challenge, this paper proposes a stochastic Bilevel optimizAtion Method with a
desirable JacoBian estimator (BAMBI), which constructs a novel zeroth-order (ZO)
estimator to locally approximate the Jacobian matrix. This approximation enables
BAMBI to compute the hypergradient in a privacy-preserving and computation-
efficient manner. We prove that BAMBI convergences in the rate of O(1/vK)
(K 1is the total number of the upper-level iterations) under the nonconvex-strongly-
convex setting that covers most practical scenarios. This convergence rate is
comparable with algorithms without a ZO estimator, which justifies the advantage
in privacy preservation without sacrifice in convergence rate. Moreover, we design
a BAMBI-DP for further mitigating the concerns on label privacy by leveraging
the differential privacy (DP) technique. Extensive experiments fully support our
algorithms. The code will be released publicly. To our best knowledge, this is the
first work on the bilevel optimization under the setting of VFL.

1 INTRODUCTION

Vertical federated learning (VFL) attracts increasing attention due to the emerging concerns over data
privacy in multi-party collaborative learning Hardy et al.|(2017); [Vepakomma et al.|(2018); [Liu et al.
(2019b); [Hu et al.| (2019); Zhang et al.|(2021bjc). Currently, extensive VFL methods have gained
success in various applications, such as medical study, financial risk, and targeted marketing Cheng
et al.[(2019); Hu et al.|(2019); Liu et al.|(2019afb); [Li et al.| (2021);|Zhang et al.|(2021c)). However,
these methods are designed only for machine learning (ML) problems with single-level structure and
are not applicable to those falling under bilevel programming, such as hyper-representation learning
and hyperparameter tuning, which are becoming popular in practical VFL applications. Thus, it is
desirable to design methods solving ML problems with bilevel structures under the setting of VFL.

A desirable solution is adopting bilevel optimization (BO) Willoughby| (1979)) into VFL because
extensive stochastic BO methods have been proposed to well address various machine learning tasks
falling under bilevel programming Grazzi et al.|(2020); J1 et al.| (2021); [Rajeswaran et al.| (2019); J1
& Liang| (2021)); Tarzanagh et al.; |Gao| (2022)). However, it is challenging to achieve this because
it is difficult to compute the hypergradient of BO problems under the setting of VFL (defined as
vertical federated bilevel optimization problems, VFBO problems) with privacy-preserving and
computation-efficient. On-shelf BO methods [Chen et al.[(2021)); Yang et al|(2021); Ji & Liang
(2021)); |Grazzi et al.| (2020) use the second-order derivatives to approximate (Chen et al.| (2021)); |Yang
et al. (2021); J1 & Liang (2021) or directly compute |Grazzi et al.|(2020) the inverse Hessian matrix
used for computing the hypergradient. However, besides the high computation complexity, applying
existing methods to VFBO problems will cause feature privacy leakage. Specifically, 1) directly
computing the second-order derivatives requires each party to access data of all features (not only
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its own features but also features of other parties), which will lead to feature privacy leakage, 2)
approximating or directly computing the inverse Hessian matrix has a high computation complexity.
Thus, it is challenging to design VFBO methods with privacy-preserving and computation efficiency.

In this paper, we address these challenges by proposing the novel stochastic Bilevel optimizAtion
Method with a desirable JacoBian estimator (BAMBI). Specifically, BAMBI ingeniously adopts the
zeroth-order (ZO) estimation technique to approximate the Jacobian matrix, which enables all parties
to collaboratively compute the hypergradient with privacy-preserving and computation efficiency.
We theoretically prove that BAMBI still has the convergence rate of 1/ VK for nonconvex-strongly-
convex problems, where K is the total number of upper-level iterations. This convergence rate
matches those of BO algorithms not using ZO estimation, which justifies the advantage in privacy
preservation without sacrificing convergence rate.

In BAMBI, only the intermediate gradients (rather than raw labels) are transmitted (please refer to
Fig.[I]and its explanation for details) from the server to parties not holding labels (denoted as passive
parties), which enables passive parties to optimize models locally without directly accessing the
labels. Therefore, it seems BAMBI can preserve label privacy. However, existing works have shown
that transmitting intermediate gradient is vulnerable to label privacy leakage [Li et al.| (2021); |Sun
et al.| (2022); |Yang et al.[(2022). Particularly, raw labels often contain highly sensitive information
(e.g., important demographic information |Ghazi et al.| (2021) or disease diagnosis results Vepakomma
et al.| (2018)). Thus, it is also important to preserve the label privacy of BAMBI.

To address this important problem, we design the BAMBI-DP by leveraging differential privacy (DP)
technique to further preserve the label privacy. Specifically, BAMBI-DP adds well designed noises to
the intermediate gradients, which is proved to guarantee (¢, 0)-differentially private with respect to
(w.r.t.) the label. We summarize the contributions of this paper as follows.

e To our best knowledge, we are the first to propose methods, i.e. BAMBI and BAMBI-DP, for
solving VFL problems falling under bilevel programming.

e We design a desirable Jacobian estimator in BAMBI, which enables all parties to collaboratively
compute the hypergradient with privacy-preserving and computation efficiency. We also derive
the convergence rate of BAMBI for nonconvex-strongly-convex problems, which justifies our
advantage in privacy preservation without sacrificing convergence rate.

e We further design the BAMBI-DP to preserve the label privacy, which is proved to be (¢, 0)-
differentially private w.r.t. the label.

Notations a’ € R denotes features of sample 7, and b’ denotes its label. Given a positive integer I,
[l] denotes the set {1,- - ,1}. We use subscript m € [I] to denote notations associated with party m,
e.g., ain € Rim x,, € RPm and ym € R9™ denote the features, upper- and lower-level variables on
party m, respectively. We use superscriptt =0,--- ,N — 1,k =1,--- , K to denote the timestamp
of variables, where [V and K are the total number of low- and upper-level iterations.

2 PROBLEM FORMULATION

Considering a VFL system with [ parties, where each party holds different features of the same
sample, i.e., given a sample a* € R, it can be represented as a’ = [a}, ..., a}], where a!, € Rdm

and Zinzl d.n, = d. We further assume that only one party (denoted as active party) holds labels and
the rest (denoted as passive parties) do not. Moreover, this active party plays the role of the server.

In this paper, we consider the VFL problems falling under bilevel programming, where party m
only learns the m-th components of both the lower- and upper-level variables. Mathematically, such
problems can be formulated as the VFBO problems with the following form.
: min] N F(x) :=E¢, [f(x,¥y*(x);€x)] (upper-level)
X1, X | € P
st. y*(x) = argmin E¢ [g(x,y;&y)] (lower-level), (1
[y1, - yi]€RT

where the upper- and lower-level objectives f : RP x R? — R and g : R? x R? — R are continuously
differentiable w.r.t. the upper-level variable x € R? and the lower-level variable y € RY, respectively.
Random samples {4 and &, are uniformly drawn from D,,;, and D;,,, that are training datasets used
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Figure 1: An illustration of VFBO, where the red line denotes forward process, the green line denotes
backward process, s, = T.1(Xm, &) and hyy, = T [(Xim, Yim)s @m] = T 2(Ym, Sm) form € [1],
where Ty, 1, Ti, 2, T, denote the models parameterized by Xy, Yo, and (X, ¥m ), respectively.

for the upper- and lower-level optimization, respectively. Note that, there are x € R? = [x1,- - ,X]
andy € R? = [y1,---,y;], which means that both the upper- and lower-level optimizations fall
under the vertical federated learning. VFBO problems with form [T] capsule many bilevel optimization
problems under VFL setting, such as hyper-representation learning and hyperparameter optimization
in VFL (please refer to Problems 1 and 2 in Section 5] for details).

3 PROPOSED ALGORITHMS
In this section, we propose BAMBI and BAMBI-DP for solving VFL problems with bilevel structures.

3.1 NOVEL STOCHASTIC BO METHOD WITH A DESIRABLE JACOBIAN ESTIMATOR

Challenges of Computing the Hypergradient in VFBO: For VFBO problems, the key step is how
to compute the hypergradient (i.e., the gradient of the upper-level objective w.r.t. the upper-level
variable x), which takes the following form:

V*F(x) = Va f(x, 5" (%)) + T (x) " Vy f(x,¥* (%)), 2

where the Jacobian matrix J*(x) = % € R?*P. As for Vi f(x,y*(x)) and Vy f(x, y*(x)) in
Eq.[2} we can compute them easily because the m-components of them can be computed locally
on each party m for Vm € [I]. As for the Jacobian matrix J*(x), existing BO methods [Chen et al.
(2021)); |Yang et al.[(2021);|Ji & Liang|(2021) always first use the optimality condition of y*(x) and
the strongly-convexity of g(y, x) to obtain

T (x) = = [V2g (x.y"(x)] " VxVyg (x,y*(2)), 3)

where V2 g (x, y*(x)) is assumed to be invertible. Then, these methods adopt the following strate-
gies: 1) directly computing the inverse Hessian matrix |Guo & Yang|(2021)), 2) approximating the
inverse Hessian matrix by solving the linear system V2 g(x, y*(x))v = Vy f(x, y*(x)) Grazzi et al.
(2020); i et al.| (2020), 3) or approximating the inverse Hessian matrix through the Neumann series
Yoo U =(I- U)~!|Chen et al.|(2021); Ji et al. (2020). However, besides the high computation
complexity, adopting existing strategies in VFBO will also cause feature privacy leakage. Specif-
ically, 1) direct computation of the second-order derivatives requires each party in VFL to access
data of all features not only its own features (we give the detailed explanation in the supplemental
material), which leads to feature privacy leakage if no privacy-preserving techniques are adopted,
2) although Jacobian- or/and Hessian-vector implementations are adopted in these methods |Grazzi
et al.[(2020); |Chen et al.| (2021); Ji et al.| (2020), the computation complexity of approximating or
directly computing the inverse Hessian matrix can still be very high for high-dimensional problems.
Thus, it is challenging to compute the hypergradient of VFBO problems with privacy-preserving and
computation efficiency.
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As for the data privacy, cryp-
tographic techniques, such Algorithm 1 BAMBI on party m (performed in synchronous parallel

as secure multi-party com- manner).

putation Micali et al) (1987) . nigjalize: Stepsizes {ay, B}, x°, € RP», y%0, and input
and homomorphic encryption K,N,Q

Brakerski et al.| (2014)), can Y

2: fork=1,2,..., K do .
be adopted to preserve tl}e 3. Set y:%,o _ yfﬁ—l,N and yﬁ{o,j _ yﬁl—l,N for j € [Q]
raw data from sharmg.Gascon 4: Generate uy, ; € N'(0,1) for j € [@Q].
et al.| (2016); Bonawitz et al. . _ ’ -
: 5 fort=0,1,... N —1do
(2017); Hardy et al| (2017). . Uniformly draw a batch samples &y form Dy,
However, they will cause sig- .. C BEE and hk t
nificant computation and com- ) ompute f;" and { } j=1
munication costs Liu et al] & For pass‘;"i partlesk ,
(2019a);Zhang et al] (2021c). 9 Send At and {h; ’]} ~_, to the server.
In this paper, we propose to  10: Receive %' and {antﬁ }?zl from the server.
use the ZO estimation tech- |, For the server:
nique to elaborately construct . Compute 6% and {§%'}<_,, and sent it to all parties.
a desirable Jacobian estimator, ) C kit and (<ot J
which enables all parties to 1> ompute kvt 1an {vi7} 7 j=1 et y
collaboratively compute the 14: Upd}ate yiitt =yt — Bpvist and yithd =yl —
hypergradient with privacy- Byt for j € [Q].
preserving and computation 15:  endfor N Nk
efficiency. 16:  Compute J, (x*;uy ;) = y*’”+’m(x)uk7j for j € [Q]

Zeroth-Order Estimation !7¢  Uniformly draw a batch samples &x form Dy,
Technique: ZO estimation 18 Compute Hy, = T (x5, ¥ Ex)-

is a powerful technique to 19: For pascsive parties:
estimate the gradient without 20:  Sent Hy, to the server.

using  training  samples’ 2I: Receive 9%, = ;;2 from the server.
feature data.  Specifically, 22:  For the server:
Z0 estimation approximates 23: Compute 9%, and sent it to party m for Vm € Ll}

the gradient %f a black-box 24:  Compute mef(x L yR N fx) and Vy f(xF y*N:€,).
function o : RY = R through 55, ypdate /! = x¥, — 0V, F(x*) with V.., F(x") defined
the oracle based only on the in Eq. ]3|

function values INesterovl ,¢. end for

& Spokoiny| (2017), i.e.,

@h(x;u) = Mu, where v € R"™ is draw from a specific distribution, & > 0 is the

smoothing parameter, and @h(m; u) is an unbiased estimator of the gradient of the smoothed function
E, [h(x + pu)], i.e., Vh,(z) |Ghadimi & Lan| (2013)); [Zhang et al.|[(2021a). ZO estimation has
promising properties of preserving privacy and low computation complexity as analyzed in Zhang
et al.|(2021a), which motivates us to design the desirable Jacobian estimator.

The Desirable Jacobian Estimator: Since ZO estimation can approximate the gradient without
using the feature data, a nature idea is using it to estimate 7 *(x) and then compute the hypergradient
based on the analytical structure (Eq. [2). Specifically, we construct the novel Jacobian estimator

J (x) € R?*P for J (x) as

7 (x) = y(xk-&-u;ﬁ)—}’(x)u‘r’ 4)
where u € RP? is a Gaussian vector with independent and identically distributed (i.i.d.) entries. Then,
J(x) = [ (%), -+, Ti(x)] can be estimated collaboratively by all parties with privacy-preserving

and computation efficiency, where 7,,,(x) = %yT(x) for Vm € [l].

The Proposed BAMBI: Motivated by the above analyses, we propose BAMBI to solve bilevel opti-
mization problems under VFL setting with privacy-preserving and computation efficiency. A simple
illustration of BAMBI is presented in Fig. [T} where party m learns the corresponding components of
the upper- and lower-level parameters (i.e., X,, and y,,,) locally. In BAMBI, each updating includes
a forward process (red line) and a backward process (green line). During the forward process, feature
data a,, are embedded into embedding h,, and then h,, is sent to the server. Finally, the server
completes one forward process by computing the loss. During the backward process, the server sends
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Algorithm 2 GradPerturb Algorithm on the Server

1: Input: True label b € {0, 1}, gradients Gg’t and Hlf’t
2: The server samples u ~ Lap(c) with probability distribution function p(z|c) = 2%6"”5‘/ ¢
3: Output: §%* = [571‘”, - ,Of’t] = 92’” +u- (Qf’t — Olffb)

the intermediate (partial) gradients to the passive parties. In this case, all parties (include the passive
parties) can compute its local gradients by the chain rule. Moreover, in VFBO, either x,,, or y,,, is
fixed and only the another one is updated during each update.

The proposed BAMBI is summarized in Algorithm [T} Note that, this is a synchronous parallel
algorithm, which means that only after all parties have finished the communication with the server the
next step will then be performed. At steps 3-15, party m runs an N-step stochastic gradient descent
to approximate yF;*(x*) and generate 3%V (x* + puy ;), where bt = T, (xF,, ¥k &) and

Tkt _ k okt kit _ _OFy nk,tj _ _OFg kit _ k < kt.
hnL I = Tm(xm + HUE,jy Ym ’Ey)’ e’m - 8iz]fy;t and em ) = ah’;;t*j’ Vi = VYmg(X Y 7§y)

. k,t
and V49 =V g(x* + puy, j, y*t; &) are computed through the chain rule, e.g., vE! = 9t %h%.
At step 16, the Jacobian estimator TN (x; ug,;) is computed as Eq. @ Note that, to reduce the
estimation variance, we use the sample average over the () estimators to construct the following

hypergradient estimator of party m.
VinF () = Vo, f 8 30 N) 4 0, TN (6 i) Uy, SR 0N, )

~ N (.
where J (x¥;uy, ;) is the ZO estimation of W. At step 24, two stochastic gradients are

computed by using the chain rule and ¥¥,. Then, BAMBI enables all parties to collaboratively
optimize the VFBO problem by the approximate hypergradient (Eq. [3), which does not require each
party to access other parties’ feature data and has a low computation complexity.

3.2 BAMBI-DP ALGORITHM

Label Differential Privacy: Label DP is a notation proposed for label privacy guarantee Chaudhuri
& Hsul| (2011); Wang & Xu| (2019); \Ghazi et al.| (2021); Malek et al.|(2021), where the labels are
considered sensitive and their privacy needs to be protected (e.g., important demographic information
Ghazi et al.| (2021)) or disease diagnosis results Vepakomma et al.| (2018))).

In the backward process, the intermediate gradients are transmitted from the server to the passive
parties, which has the risk of leaking label privacy (Ghazi et al.| (2021); [Malek et al.| (2021)); L1
et al.| (2021). In many real-world applications, the labels are very sensitive |Ghazi et al.| (2021);
Malek et al.[(2021); Li et al.|(2021) and their privacy is necessary to protect. Thus, we propose the
BAMBI-DP algorithm, which mitigates the concerns on the label privacy of BAMBI by leveraging
the differential privacy technique. The core step of BAMBI-DP is adding well designed noise to the
transmitted intermediate gradients. We adopt GradPerturb procedure |Yang et al.[(2022) to achieve

this. GradPerturb generates 6%;* and 9%, which are 6% and ¥ perturbed by the well designed
noises. GradPerturb procedure for binary classification task is summarized in[2]( Please refer to the

. . . kit _ okt kt) okt _ 9F,
supplemental material for the multi-class version), where 6,>" = [01,1)7 RIS I, O b = DR

computed with label b for m € [I] and b € {0, 1}, Lap(c) is the Laplace distribution with parameter
c. Then we can obtain BAMBI-DP by replacing 6%;* and 9%;* in Algorithm [1| with 6%:* and ¥%:!
generated by Algorithm[2] In subsection[4.3] we prove that BAMBI-DP is (¢, 0)-differentially private
w.r.t. the label for the [-party (I > 2) VFL system, when ¢ > 1/e.

is

4 THEORETICAL ANALYSIS

In this section, we provide the convergence analysis of BAMBI, label privacy analysis of BAMBI-DP,
and computation complexity analysis of both BAMBI and BAMBI-DP. Here we only provide the
results, please refer to the supplemental material for the detailed analyses and proofs.
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4.1 CONVERGENCE ANALYSIS OF BAMBI
We first make the following necessary assumptions for convergence analysis.

Assumption 1 (Lipschitz continuity) f,Vf,Vg,V3g are respectively (50,051,051,0g2-
Lipschitz continuous, and Vf,Vg,V2g are also block-coordinate Lipschitz continuous, i.e., for
Vm € [I], Vin £, Vg, V2,9 are respectively Lr1,8g1,m;s Ly 2m-Lipschitz continuous.

Assumption 2 (Convexity of f and g) For any fixedy, f(x,y) is nonconvex in x, and for any fixed
X, §(X,y) is pg-strongly convex iny.

Assumption 3 (Bounded Variance) For Ym € [l], the stochastic block-coordinate derivatives
Vi F(%,¥:éx), Ving (%, y: &y ), V2,9(x,y, &) are unbiased estimators of Vi [ (%, ¥), Ving(x,y),
V2 g(x,y), respectively; and their variances are bounded by o2 7 og 1,m ;Zm’ respectively, for

x| = &y = 1.

Assumptions related to block-coordinate ones are common in VFL works |Hardy et al.| (2017);
Liu et al| (2019b); Hu et al.| (2019); Zhang et al.| (2021bic) and others are common in bilevel
optimization literature (Ghadimi & Wang (2018)); Hong et al.| (2020); |Chen et al.| (2021)); |Sow.
et al.| (2021). Assumptions 1 and 2 together ensure that the first- and second-order derivations
of f(x,y),9(x,y) as well as the solution mapping y*(x) are well-behaved. We further define

1 1 1
‘712“ =2 m=1 0,2“ m ‘73,1 =2 m=1 ‘73,1,ma 03 2= D met ‘7372 m
Proof Sketch: In the following, we present the proof sketch towards obtalnmg Theoremm Following

Chen et al|(2021), we construct the Lyapunov function as V¥ := F(x*) + ||y**" — y*(x*)||?. Then
the difference between two Lyapunov functions is

VEFL = WP = PO = FOE) + (yP Y =y M = Iy =y &), ©

where the first term on the right hand side quantifies the descent of the upper-level objective, the
second term on the right hand side denotes the descent of the lower-level errors. We then obtain two
lemmas to bound these two terms.

Lemma 1 Under Assumptions[I|to 3] for the low-level optimization process in Algorithm[I| we have

* * ﬁk0—2 1
Eflly™" —y" () IP) < (1= Brng) “Elly™® —y7 I + 5 2, ™
g
where B is the batchsize, N is the total number of the lower-level iterations. Given y*+1.0 = y*-N

as set in Algorithm[l] there is

E[ly* 10 — y* (<" [IP] < (1 + % + e Cai /AE[|y* 0 — y* (x")[|?] ®
+ (20} + ap/4+ aily, JVENVE(x")] + (a3 + £y,03 /4)52,

£g9,1
E./ +€9 ng ega +£g= 9 ~
where gy — %771’ gyz _ 2 . el ug + 1( 2# 27) C? _ (ﬁfo )2 +52 + 52
g g 9
202 q(p+6)° Lr 1l 1y ~ I o 4(2p+8) 2
(SZ:M ;5 0 =(1+ gg1)(#q_~_ f;g ), 52 =9 f_~_2(g?c0+ f)(1252 (%+)Zgl)+

4( L+ 52) , and Q is number of performing ZO estimation.

Lemma 2 Under Assumptions[l|to[3] for successive upper-level iterations, we have

E[F(x+1)] — E[F(xF)]< — 9| V*F(xF)|2 — (9 — 4% |V F(xF) |2 + 25252 o)

]
e2 1 * *
+an(CG o0 + 2007 1 + 25505 D Iy™ Y = y* (K)12) + 265 | TV (x5) = T* (M) [,

where 7V (x*) = % Then, we can bound term || 7V (x*) — J*(x*)||2 by the definition
of the Jacobian matrix and Lemmal[l] Finally, applying Lemmas|[T]and [2]to Eq.[6] and telescoping it
from k = 1 to k = K, we have Theorem[l]
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Theorem 1 Under Assumptions|I}f3] we define

15 lor 01

A 9 N 2 2 2 9,1 52 9

ar = 5 Qg :617"0 (0% +80ék y4 + 227 —+ ,
2£f71/~53 +4g +£ya: g ] Yk ( fi1 Mg f1 Mg )

as = Lo : (10)

+
800852k, + P+ 30+ )
and carefully choose the followmg stepszzes
« 2 2
ZWCJ%OQ —|— 8(6?71 —+ 257;2716?71 + Zigl)a 1 }
ky o I
2N g 2pg
when applying Algorithm([I)to solve nonconvex-strongly-convex VFBO problems, we have

- ZEHV* o1k

1
A = mil’l{dl, d27d37 ﬁ}7 516 = mln{

2 3 4 (=2 2 2
<V VL0 0% e 0 GG H0) % gy
Kmm{oq,ozg} VK VENB Q VK NB Q

where ¢, cL, c? 3 only dependent on the constants imposed in Assumptions V0 = F(x%) +

K,) K K‘,’
lly® — y*(x°)||?, K is the total number of the upper-level iterations.

Remark 1 Given assumptions and parameters in Theorem choosing p = \/\/QTK and NB =
ap

O(\/%) then Algorithm|l|can obtain the convergence rate of ﬁ whose order matches those of BO
algorithms not using ZO estimation|Chen et al.|(2021)); i et al.|(2020).

4.2 COMPUTATION COMPLEXITY ANALYSIS OF BAMBI AND BAMBI-DP

The rough computation complexity (CC) of a low-level iteration is O(B(Q+1)(p—+q)) and, especially,
the CC of ZO estimation is O(BQ(p + ¢)). Thus, the total CC of performing an upper-level iteration
in BAMBI is O (NBQ(p + q)). The CC of computing the second-order derivative in existing BO
methods |Chen et al.| (2021); |Yang et al.[(2021) is O(Bpq). Thus, comparing to existing methods
using the second-order derivatives to approximate the Jacobian matrix, BAMBI reduces the CC from
O(Bpq) to O(BQ(p+ q)). For practical choice of ) (typical choice is @) < 10) and practical VFBO
problems with large p, ¢, such reduction is significant. The analysis of BAMBI-DP is similar.

4.3 LABEL PRIVACY ANALYSIS OF BAMBI-DP

In the following, we analyze the label privacy of BAMBI-DP and show that BAMBI-DP is differen-
tially private w.r.t. the label. Please refer to the supplemental material for the detailed proofs. First,
we show that, noised gradients generated by Algorithm 2]are differentially private.

Lemma 3 Let € > 0, when Laplace distribution parameter satisfies ¢ > 1/e, Algorithm[2]is (e, 0)-
differentially private w.r.t. the label.

Note that, BAMBI-DP adopts Algorithm [2]to generate the noised gradients, thus, privacy budget of
BAMBI-DP depends on that of Algorithm [2| Formally, we give the following result.

Theorem 2 Lete > 0, ifAlgorithm is (e, 0)-differentially private under Laplace distribution, then
BAMBI-DP is also (e, 0)-differentially private w.r.t. the label.

Theorem [2] shows that when gradients with well designed noise are transmitted in BAMBI, the label
is guaranteed to be differentially private.

5 EXPERIMENTS

In this section, we implement extensive experiments to support the claims of our proposed algorithms
in solving vertical federated bilevel optimization problems. For more experiments details please refer
to the supplemental material.
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Experiment Settings: All experiments are performed on a machine with 4 sockets, and each socket
has 12 cores. The MPI is used for communication. Similar to previous VFL works [Zhang et al.
(2021czb)), we vertically partition the data into [ = 4 non-overlapped parts with nearly equal number
of features. We introduce following two representative VFBO problems for valuation.

Problem 1: Hyper-Representation Learning in VFL. Hyper-representation learning (HRL)
Franceschi et al.| (2018)); |Grazzi et al.|(2020) trains a classifier following a two-phased optimization
process. The upper level solves for the optimal embedding model (i.e., representation) parameters
x, and lower-level solves the optimal linear classifier parameters y. For vertical federated HRL
(VFHRL) problems, each party m learns the embedding function of its own feature a,,, thus we have

T(x,a") = [T1(x1,a}), -, Ti(x, a})]. Similarly, classifier is distributed over all parties, and y,

on party m is an operation on its own embedding, thus there is 7'(x, a’)y = Zinzl T (Xm, A%, ) Y.

Mathematically, the VFHRL problems can be modeled as the following VFBO problem:

. l [ * 7
mlI}l F(X) = ﬁ Z(a"',b"')EDup E (Zm:l T'HL(XWU aryn)ym(x)7 b )

x€eR
. . 1 l . . 2
st y'(x) =argming(y,x) =z > (LOZ21 T(xmsan,)ym, b') +7llyl*),
yERenXp (al,b?)EDiow
where L(-, -) is the loss function, ¢,, is the number of categories. Each embedding function T3, (-, X;»,)
can be a linear transformation, a multi layer perceptron, or even a deep convolution neural network.

Problem 2: Hyperparameter Optimization in VFL. Hyperparameter optimization (HO) aims to
find the set of the best hyperparameters (e.g., regularization coefficients) that yields the optimal value
of some criterion of model quality (e.g., a validation loss on unseen data). HO can be posed as a
bilevel optimization problem in which the lower problem corresponds to finding the model parameters
by minimizing a training loss (usually regularized) for the given regularization coefficients and then
the upper problem minimizes over the regularization coefficients. Note that, the regularization
coefficients are different for different parties m. Mathematically, vertical federated HO (VFHO)
problems can be formulated as follows.
min  F(x):= ﬁ foeDup L(y*(x);¢éx)

x=[x1, %]

. I
s.t. y*(X) = argmin Elow(Y; X) = m ZﬁyEDlow (‘C(Y7 X5 gy) + Zm:l X7nR(Ym))7
y=[y1,,¥y1]
where L is a loss function (e.g., logistic loss), R(y.,) is a regularizer on y,,, and X, is the
regularization coefficient.

Datasets: In the experiment, following existing works Ji et al.| (2020); Sow et al.|(2021) we use three
datasets, including MNIST and FashionMnist datasets for VFHR problem, and News20 dataset for
VFHO problem. For detail descriptions of these datasets please refer to the supplemental material.
For all datasets, we use the test data or randomly choose 20% of the total data as the validation data.

In the following, we only provide the results of VFHRL problem on MNIST, for more experimental
results please refer to the supplemental material.

5.1 EVALUATION OF COMPARABLE PERFORMANCE

As for VFL, a general lossless constraint is that its performance should be comparable to the
performance of model learned under the non-federated learning/Zhang et al.|(2021cza). To demonstrate
that BAMBI also satisfies this lossless constraint, we implement experiments and show that BAMBI
has a comparable performance to its non-federated counterpart (Non-FedAlgo). Specifically, in
Non-FedAlgo, all data are gathered in a union for training. The corresponding experimental results
are shown in Fig. 2Ja). According to the results, the convergence performance of BAMBI (FedAlgo)
is comparable to that of Non-FedAlgo, which supports our claim.

5.2 EVALUATION OF DIFFERENT PARAMETERS

In BAMBI-DP, parameter € characters the level of noise and the level of label DP. A smaller € means
a better DP but a potential larger noise level. To study the influence of €, we implement BAMBI-DP
with e = 1,5, 10, and report their train accuracy v.s. iteration number curves in Fig. 2[b) and test
accuracy in Table|l} Compare the results of BAMBI-DP with those of Non-DP (i.e., BAMBI), we
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Figure 2: (a) Performance comparison between FedAlgo and Non-FedAlgo on MNIST dataset, (b)
Convergence performance with different levels of DP guarantee.
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Figure 3: Evaluation of using different parameters on MNIST dataset.
Table 1: Comparisons between BAMBI and BAMBI-DP with different label DP levels.

Non-DP ¢=10 e¢e=5 e=1
Test Accu  97.59 9435 94.23 93.60

have that a better DP guarantee (i.e., a smaller €) leads to a poorer model performance. Generally,
we can conclude that there exists a trade-off between model performance and DP level, which is
consistent with the results in|Yang et al.|(2022)) and the no free lunch theorem for security and utility
in federated learning|Zhang et al.|(2022).

In the proposed algorithm, the total number of inner epochs N influences the quality of the approxi-
mate y*(x), number of ZO estimation () influences the error introduced by ZO estimation, batch size
B influences the variance introduced by the stochastic samples. Thus, we implement experiments
on MNIST dataset to study the influence on convergence rate of different N, () and B. In the
experiments, we preset N = 1000, = 1, B = 1000 and vary one of them. The corresponding
results in Fig. [3 show that although large N, Q, B is helpful for fast convergence, choosing small
N,Q, B (e.g. N =500,Q = 1, B = 50) is sufficient to obtain a good convergence result. This is
beneficial for practical use.

6 CONCLUSION AND DISCUSSION

In this paper, we proposed two novel algorithms, i.e. BAMBI and BAMBI-DP, for solving vertical
federated bilevel optimization problems. BAMBI adopts ZO estimation to estimate the Jacobian
matrix, which enables all parties to collaboratively compute the hypergradient with privacy-preserving
and computation efficiency. We theoretically proved the convergence rate of BAMBI for nonconvex-
strongly-convex problems, whose order matches those of BO algorithms not using ZO estimation
to preserve privacy. To preserve the label privacy, we further proposed BAMBI-DP by leveraging
DP technique. We proved that BAMBI-DP is (e, 0)-differentially private w.r.t. the label. To our best
knowledge, this is the first work focusing on the VFBO problem:s.
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Ethics Statement:

We discuss and present the following potential limitations of this work. 1) We only consider the
stochastic VFBO methods but not also the deterministic one, though it can be obtained easily based
on our work. 2) As for BAMBI, we only study the synchronous parallel case, and do not consider the
asynchronous parallel case.

Organizations (e.g., banks and hospitals) have the demands of training VFBO models with privacy-
preserving (both feature and label privacy) will benefit from our proposed methods, while those earn
illegal profits by inferring the private feature and label data of other parties will put at disadvantage
from this work.

Reproducibility Statement :

As for reproducing the experiments, one can refer to Section|[E]in the Appendix to obtain more details
and refer to|Zhang et al.|(2021a); Yang et al.[(2021) for how to implement the zeroth-order technique
and bilevel optimization in VFL. For the detailed theoretical analysis, one can refer to Section[D]in
the Appendix.
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A APPENDIX

In the Appendix we provide following content.

e Section [B; Explain why computation of the second-order derivatives requires each party in
VFBO to access data of all features not only its local features.

e Section|Ct Provide multi-class version of BAMBI-DP.
e Section D Provide complete proofs of theoretical results in the manuscript.

e Section[E; Provide details of the experiments, and additional experimental results on Fashion-
Mnist and News20 datasets.
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B COMPUTATION OF THE SECOND-ORDER DERIVATIVES IN VFBO

In this section, we explain why computation of the second-order derivatives requires each party in
VFL to access data of all features not only its local features. In the following, we use Fig. [T]in the
manuscript for illustration of the VFHRL problems. For other VFBO problems, the analyses are
similar.

Feed a sample a € R¢ with label b to the model, we have F = E(anzl R, b), where h,,, =
T 2(Tin 1 (X, @m), Ym )> Tm,1 i the local model parameterized by X.,,, and T}, » is the local model
parameterized by y,,. Let X,,, 1 be the 1-th layer parameter of local model T, ; (i.e., model T}, 1,1)
and x,,, ,- be the parameter of the rest model i.e., T}, 1, and y,, 1 be the 1-th layer parameter of local
model T}, 7 (i.e., mode T}y, 2.1) and y, .- be the parameter of the rest model, i.e., T}, 2.-. For analysis
simplification, we further assume that the first layers of local models 7},, ; and T, » are both linear
mappings, which is reasonable in the practice and consist with our experimental setting. Then we have
that s, = Tm,l(xm; am) = Tm,l,r(sm,la Xm,r) and h,, = m,Q(ym; Sm) = Tm,Q,T(hm,l»Ym,r),
where 5,1 = Xy, 18 and hyy, 1 = Ym,15m. Let Vy, be derivative of the upper-level object w.r.t. y,
then, fix x, for m € [I], we have that
OL(h,b) Oh Ohy, Ohya1  OL(h,b) Oh Ohy,

vy,m - Oh 8hm 8hm,1 8Ym,1 - oh ahm 8hm,l o

_9L(h,b) [ Oh Ohy,
- 8h <8hm 6hm 1 Tm,l,r(xm,lamaxm,r)> . (12)
—— >
Sl S2

According to the above equation, in VFBO, each party m can compute Vy ,,, locally. However,

computing the second-order derivative %Vy Y ie. V?,, is difficult. When computing Vy, for

m’ # m, we only need consider y,,,» hided in S; (because h = Zﬁn _, hu) and Sy is independent to
Ym'. ThllS, we have

a&._m<%am

- ~ Oh .Tm, r\&m/’ m’s Am’,r -Ss. 13
Aym: 2 Oh \Ohys Ohyr o (Xm 18, X ,)> 2 (13)

’
Ym s¥Ym

S3

According to the above analysis, it is obvious that computation of S5 in Eq [T3|requires party m to
access features owned by party m'. Thus, computation of Vy_ . requires party m to access data of
all features not only its local feature. This completes the explanation.

Obviously, in VFBO, direct computation of Vy v/ (m' # m) is impossible unless party m' share
its feature data with party m. However, this will lead to the feature privacy leakage. Following the
above analysis, it is easy to have that V. can be computed by party m locally. Thus, as for

VY1,}'1 e Vyuyz
vy = S : (14)

Yy
VYL-,YI T Vyuyz

only the the block matrices located on the diagonal, i.e. Vf,m for m € [l], can be computed without
leaking the feature privacy. The drawbacks of using privacy-preserving techniques has discussed in
the manuscript. The analysis of V2 is similar.

C BAMBI-DP FOR MULTI-CLASS CLASSIFICATION PROBLEMS

In this section, we provide the core procedure of BAMBI-DP for multi-class classification problems,
i.e., GradPerturb for multi-class classification problems. We summarize it in Algorithm [3] where C'
is the number of classes, and 92” is intermediate gradient calculated with label b. As for BAMBI-
DP for multi-class classification problems, one just need replace the intermediate gradients with
the perturbed ones generated by Algorithm [3] For Algorithm [3] and BAMBI-DP for multi-class
classification problems, we have the same DP guarantees, i.e., both of them are (¢, 0)-differentially
private, which can be proved by following Appendix

13
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Algorithm 3 GradPerturb for Multi-Class Classification Problems

1: Input: True label b € {0,--- ,C — 1}, gradients 9’572 9’f’t, e ,Qé’il
2: The server samples u ~ Lap(c) with probability distribution function p(z|c) = Qice"x‘/ ¢
3: Output: 65t = [ ... ,Of’t] = 9;)” +u- 1?:701 H{f’t

D COMPLETE PROOFS OF SECTION [4] IN THE MANUSCRIPT

in this section, we provide the complete proofs of Theorem 1 and label differential privacy.

D.1 CONVERGENCE ANALYSIS OF BAMBI
We have following properties of g, (x,y), which are proved in |Ghadimi & Lan|(2013).

Lemma 4 (Ghadimi & Lan|(2013)) Consider a function g : R™ — R, with each pointy € E is
differentiable along any direction with (-Lipsctitz gradient. Then its Gaussian approximation is
gu(x,y) = Eug(x + pu,y), where p > 0, u is a standard Gaussian random vector. Then, g, is
differential and have following properties: 1) The gradient pf g,, has the following form

(x + pu,y) — g(x, Y)u

Vsgu = Eu7 (15)
1
2) Forany 'y € R", there is
Luiq
l9u(x,¥) = 9(x,¥)| < =5 (16)
242 3
plo (g +3
Vg y) ~ Vgl y)]3 < L0l0H3T a7
X+ pu,y) — g(x,y 3
B, | LI ZICY) ) < g ) [T )P + 502 +5)° )
where {,, = { in this paper.
In this paper, we define
y,f'N(xk+uuk.1,1;€y)—ylf’N(xk)uT
m ko1
jN(Xkﬂ“ﬂ,j) = .
Yf’N(xk‘Fﬂuij,l?Ey)*YF’N(xk)uT
n Kkl
where uy ;. € R%,,j=1,...,Q,m € [[] are standard Gaussian vectors and y ™ (x¥) is the output

of SGD obtained with the minibatches {£), ..., ~'}, we have that conditioning on x* and y™ (x*)
and taking expectation over u; yields

YN R Hpun e -y PN Fgy) T
u .
“w k,j,1

EujN(Xka uk,j) - Eu

k,N k,N
¥y N P pun g sty) -y N (xFigy) T
Up 4.1
m s

\712[1 (Xk; gy)
jif\,]q(xk’ gy)
= j,u{V(xk7 Ey)

where y&:V (x*; &) is the m-th component of vector y*V (x; &) that is the entry-wise Gaussian
smooth approximation of vector y*VV (x*; &,).
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We further define some notations necessary for analysis. First, we define the true hypergradient at
: * (K
point y*(x*)
VIF(x") = Vi f(x*, 3" (x)) + T (x*) T Vy f (", y* (1)
where J*(x*) = % and y* (x*) denotes the optimal solution of the inner loop given x*.

VF(x") = Vi f(xF,y"N) + TV (xF) vy f(x, yF )

where 7V (x¥) = oy" NG

OxF
VF(x") = Vi f (x5, yPN) + TN (18, up) Vy £ (x5, 3N (xF))
Q
::vxﬂxhy“N>+Q%§jsﬂwxhuh»vyﬂxhyNo&»
j=1

and where J N (x| ug, ;) is the approximate 7% (x*) with Gaussian smoothing.
vF(Xk) = vxf(xkayka;fx) + jN(Xk Uk7fy)vyf(xk7yN§ §x)

where jN(Xk, ug; Ey) _ 5 Z (x*+pus, ]vliy) y (" i€y),, I@j' Note that
B[N (x*, ur; )] = TN (x*, u)

Lemma 5 (Repeat of Lemma|[T}1 in the Manuscript) At iteration k, for the inner loop, we have
Bro g, 1

By

E[lly*™ — y*(x")IP] < (1 = Bupg)'E[lly™° — y*(x")|1%] + (19)

Lemma 6 (Bounded Norm of Jacobian) Suppose Assumptions x hold, then for vVt € [T — 1],k €

[N], the Jacobian J*(x*) = % has bounded norm:

¢
E[|7" (") | < 22, 20)

g9

Lemma 7 (Error Between 7% — 7*) Give the definition of T (x*) and J*(x*), for the s-
tochastic case we have

178 (x"5 &) = T (M7 < Cully™ — y*(X’“)II2 +C2+ Cs 1)
where C1 = 2(Cyy +ny)£§,2t(1 — Britg)ts Co = (1= Brpg)’ Hz , Cs ﬂu (Cuy +Oyy)( 92T
2502 1 22), and Coyy = (B + (1 = Bustg) + B 22 ), and Cyy = ByCiy

Lemma 8 (Smoothness of 7*(x) ) Recalling the definition of J*(x) = ay (x , for any X', x there
is

17 (x") = T* ()] < bya|x" — x| (22)
where €, = o th’ 2ly | Laally, ZHQ 2ly),

k41,0

Lemma 9 (Repeat of Lemma(1}2 in the Manuscript) Given y =y*N there is

k41,0 (k12 ZWCJ%O‘i k+1,0 N
[y" ™" =y (x| < Lty + ——— E[[ly" ™" — y*(x")]|]

a2 ? 20 002
+(2ad + ol BBV RIG RN 4 (Cad + —y4:’f)02 (23)

292 2
where [, = ‘1, 02 = (ffo+ 205 )° +52+~2 0% = Lt “32;*6) = (145et)(fez p Lragen ),
2
D%

and 5° = 2% + 2(0% )(1255 4<2§;8> )+4(
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Lemma 10 (Repeat of Lemma 2]in the Manuscript) For the outer loop, we have
E[F (") Fy] — E[F(x")|Fpi]

ap  Lpaog 1ak

< R - (%

lrqal
JIVERS)|? + Lot s? (24)

o ’ieﬁoziq(pm)uz(e +2-"’£ )B’c 9.1
2 0 ug g

+ 202 (Co + 03)>

52
+ag (2(@‘,1 + 2;;7721£ ) + 462 Og Qﬂk(czm + ny) ) (1- ﬁkﬂg)NHyk’O - y*HQ
g

. 4
where 6% = 207 4+ 2((3 o + 07)0% +2(2 zgl +12a(p +3)%)o;

Proof of LemmaGiven x* fixed, let v¥! = [vi"' ... v]'] and, similarly, V%! = [, -, %],
for y*t t =0,---, N (for notation abbreviation, we denote y** as y*, and y*(x*) as y*), in the
inner loop, we have

Ely™ =y I*=ly" = Bev -y (25)

= |ly" = y*II> + BRlIvI? = 28:E (y' — y*, Va(y"))
(a)
< lly' =y 1P+ B2IVay™)I? + BRllv — Va(y)II* — 26:E (y* — y*, Va(y"))

(b) * * M *
< ly* = y*II” + B2IVg(y")II> + Billv — Valy")II? — 28k(g(y") —y* + Sy =yl

—
~

c l 2
€ (1= By — ¥ 12 = 28601 — By )a(y) — g*) + 57 3 Tl

(d) 2 2 g
< (1= Brpg) |yt — y*|? + 5221

where (a) follows from E|| X ||? < ||IEX||2 + [|X — EX]|2, (b) uses the p14-strongly convexity of g,
(c) uses |Vg(y ) Va(y")|I? <2041(9(y") — g*) and Assumptlonl 3l (d) follows from that we let

B < g L and ag 1= Zlm:1 JiLm' Reusing above equality and using the complete notations, there
is

. . Bro?
[y"" =y ()P < (1= Brpg) y™0 = y* (x")1* + B i (26)
Hg
this completes the proof
Proof of Lemma [6] According to the updating rule of Algorithm[T] there is
yr = B - Vg (3 vy Ey), =0, N~ 1 27)

Taking derivatives w.r.t. x* yields:
TJEH = T = BV Vyg(x*, " 6y) — THVEg(x" v 6y) (28)
= jk’t(‘[ - ﬁkvig(xkv yk)t; gy)) - ﬂkvayg(Xk7 yk7t; fy)v

where J¥+1 is the abbreviation of J**!(x*). Telescoping over ¢ from 1 to N — 1 yields

N-1

TN =TT (- BeVig(x", y""5 &)
t=0
N-1 N-1

— B Y VaVyg vy ) T (1 - 8uVie(xt, v €y))
t=0 i=t+1
N-1 N-1
=B Y VaVyg (x"¥5458) T (T-BkVyg (x5, 5 657)) (29)

t=0 i=t+1
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Hence, we have

phlte N-1
[N < B3 9Ty (55456 o TT (- 8030 (v 6) |
=0 m=i+1
@ =
< ﬁk Z ng H ||[_ 5kV§,g (Xk,yk’t; l;,t) H
t=0 m=t+1
(id) N—-1
< alyy Y (1= Brpg)V
t=0
N-1 ,
= ﬂkgg,l Z(l — ﬂkﬂg)t < 291
t=0 g9

where (i) uses Assumption [T} (ii) uses the strongly-convexity of g, and the last inequality follows
from the characteristic of geometric progression. This directly means

/
jN k SLJ
7 e <

This completes the proof.

Proof of Lemma (7| In the following proof, the J'™!(x*; &) is simplified as J***1 and J%*
denotes J* (x*).

TP = T — BV Vyg(x", y*' &) = Bed ' VEg(x", yi &) (30)
and thus
gL _ gk
= M = T8 = Bu(VxVyg(x*,y"5 ) = VaVyg (" y" (x1)) GD

= B(TMt = TF)Vig(xF,y" &) = BT P (VEg(x", y* (xM) — Vag(xF,y* " &)
Using triangle inequality , we have
|THH = TE N = (T = T~ BeVyg(x*, y™" &)
+ B[V Vyg (", ¥ &) = VaVyg(x*, v (x") | p (32)
+ BT (Veg(x*, y™ &) = V3g (", y* (x))) e

and then there is

[T = T8I (33)
< (1= Bupg)*|TH = TE* 1% + BRIV« Vyg(x*, y*": &) — Vi Vyg(x*, y* (x")|%
62
AR Vagxt ¥ 6,) - Vialey ()
g
+ 2B5(1 = Brpg) |75 = TH) P Va Vyg (x*, y*': &) — VaVyg(x*, y* (x")) | <
Q1
+ 2Bk(1 = Brpg) 1T = TH* | plIVag(x", y* 4 &) — Vag(xF, y* (x")|r
Q2
g * *

+ Qﬂﬁf’l Vi Vyg(xF, ¥y &) — VaVyg(x", y* (x")|p | Vag(x*, ¥y &) — Vag(x", y* (x9))|

g

Qs

Especially,

L * gl *(xk
Q1 < o 1T = T5 N+ 51 Vx Vg, 55 6) = VaeVyg o,y ()l

17
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1 . Y
< %ij’t*jk’ 7 + 5 V590", y™ &) = V3a(h, y* (")
1 x
Q3 < %‘|vayg(xk7yk,t;§y) - vayg(xk,y (Xk))”%" (34)
+ 5 IV3g6t v 6y) = Vag e,y ()l (35)
Combine Eqs. [33]and[34] we have
||jk,t+1 _ Jk:,*”? (36)

14
< (= P + 21— )+ B2t

g

(1- ﬁw) 17— TR

y4 X
+ (6;3 - Biv(L = Butg) + B ) IV Vya(xh ¥4 6y) — VeV, y* (x9)) 3

Hg

(ﬁk 91 4 5y L1 ) + B2 q’)nvig(x ey) — V2t y (M)

Hg Hg

Let F} ; denotes all randomness of iteration k,¢ — 1. Conditioning on F} ; and taking exception, we
have

[T — T8 Fiell B
< 5kcxy||vxvyg(xkayk’t; fy) - vxvyg(xkay*(xk)ﬂfk,t”%‘ (37)

Cy|THt = T 7 BCy Vo g(x", ¥y &) — Vag(x*, y* (x") | Fral 7
2
o
< O’y”jk’t - jk’*|]:k,t”%" + Bkcxy(2|‘vxvyg(xk7yk7t) - vxvyg(xkay*(xk)ﬂfk,t”i“ +2 22
2
o
+ BeCyy (2 V3g(x", y*") — V2g(x", y*(x")) =)
2
o
< O TS = Tl + BiCon y )P+ 2722
2 k.t K2 ‘73 2
+ BrClyy (20, 5|y ™" —y ™|l +2?’) (38)
2
o
< O’y”jk’t - jk’*u:k',t”% + 261(Cy + ny)ﬁf,,zllyk’t - y*(xk)”2 +2(Cay + ny)%’2
where
B ﬁk g
Cy = (1= Brug)(1 — Brpg + : (39
( k g)( klg v Vig )

14

g9

Taking total exceptions of the above equation and using lemma x, there is

E|T5 — T %
2

o
Pt 2ﬁk(c:vy + ny)egz;,QHyk’t - y*(xk)H2 + 2519(0901; + ny)i’2 (40)

< C,ijk’t _ jk,* Vi

Telescoping eq over ¢ yields

E|T%" — T (41)

N—-1
< CYNT*O = T NE 4+ 2B0(Cay + Oyl 5 ) O 0 ly™ =y (x|
t=0

N—

H

2
Ug,2

B

4 266(Cay + Cyy) o 42)

t=0

18



Under review as a conference paper at ICLR 2023

2 N-1
g
< OF TR0 = TH T+ 284(Cay + Cpy) 5= D €4
t=0
N-1 ﬂk021
+281(Coy + il 3 OV 1Y ( (1= ety Iy =y OO+ = )
t=0 g9
N-1
< anyvlljho - jk’*”% + 205 (Cay + ny)g_?;,z Z CA(/N_l_t)(l - ﬁkﬂg)t”ykﬁ - y*(xk)”2
t=0

2

N—
Brog s
+ 2B,(Cry + Cyy) g Z Ct + 28k (Coy + ny Z C(N 1—t) Mq,
t=C( t=0 9

Choose v > /9;# such C., < 1 — fBypug, then we obtain
g

1T (M &) = T M7 < Crlly™ = y* (H)I° + C2 + Cs “3)

2
0y

:2%9(ny+ny)( BT

2
where Cl = 2ﬂk(cmy+cyy)€!2]’2t(l—ﬂkug)t, 02 = (1_Bkﬂg)t ig .

2, %Lﬂk ). This completes the proof.

Proof of LemmaRecalling the definition of J*(x) = % ;}Ex) , for any x’, x, we have

1T (") = T (%)l (44)
= IV (", y" (D [Vyy g (. y" ()] = Viyg(x, " (%)) [Vyyg(x, 5" (x))] |

< Va9 (', y* (x) = Viyg(x, y* (x))I[V5y 9, y* (X)) (45)
+ Va9 (¥ Vg (x, 3" (X)) ™ = [Viyg(x, 5" (x))] 7|

‘<>iuvxyg<x ¥ (x) = V2, 9(x,y*(x))]

L1 [|[Vayg(x, y*(x)] ! (Viyg(XZY*(X')) —Vi,9(x,y" (%)) [Vayg(x,y* ()] ||

(<)i||vxyg<x y* () — V2,90, ()] 2 gy () — V2, g(x, y* ()]

where both (a) and (b) follow from Assumptionm In addition, we have that

IInyg(X Yy (%) = Vayg(x,y* () 29Xy (X)) = Vi g(x, y*(x))|

Mg
(46)

lyo lyo 14,2 ly1ly o
SLXI—X +Ly*x’_ _|_9 92 |lx! — x|| 4+ 22129 y*x’—y*x

) I I ) ly*(x') =y (x| 2 I I e ly* (') =y (3l
(e)
< (6972+€g,2€y +€g,1(£gy2j€g,2€y)> ||X17X||

:ug Mg

where (c) follows from |ly*(x’) — y*(x)|| < , Where £, = fo1 (please refer to Lemma
2.2 in|Ghadimi & Wang|(2018)) for the detalled proofs). As a result, we have

177 (") = T ()| < byellx’ — x|| 47)

Lg,2tLg.28y + Ly, 1(£q 2+Z
Hg 13 g

where (), := a:24y) . Similarly, we hvae

2
C?:=2 (ef’o + g;’léf,l) +267 4+ 6% = O(k?). (48)
g

This completes the proof.
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Proof of Lemma [9] We start this by decomposing the error of the lower level variable as

Iy 0 =y I =y =y )P+ v () -y () )12

Qs Qs
+2(y"M0 -y (), y () -y (x)) (49)
Qs
Note that, y*+1.0 = y*V thus
. iz, Brog
EQs = Elly™Y —y"(x")I” < (1= Brng) lly*° — "> + 52
Hg
. Bro?
= (1= Brg)'lly* =y |2 + 5 2= (50)
g
The upper bound of (5 can be obtained as
E[Qs] = E[lly*(x"*") —y*(x")[%] < GE[x"* — x|]? (51)
= (fE[E[VF(x*) = VE(x*) + VF(x") | Fisl]] < G (E[VEN)|? + %)
where the last equality follows from Eq.[62} The term Qs can be decomposed as
E[Qq] = —E[(y* " —y* (x"), 7" (x") (x"*! —x"))]
Qs
~E[(y* 0 =yt (xF), y (M) -yt () - 7 () (3 - %)) (52)
Qs
As for Q} there is
E[Qg] = —E[(y*"* —y*(x"),E[T* (x" )( = x| Fe))] (53)
= —aB[(y 10—y (xh), T (xF) VF (x") )]
< agE[lly* 0 -yt (x|l 7 (x ) F(x")]]
¢ .
< o L[y -y ([T EG ]
g
E+1 aplos o k
< BE[[ly* 0 —y* (x*)Il] + 29’ E[VFEY)]
g
As for Q%, there is
E[QF] = ~E[(y" " —y*(x"),y* (x* 1) -y (x*) = T (x") (x* ! = x"))] (54)
lyy y
= LRy — () -

Ny . 002
< Ty]E[Hyk“’o =y (P PE[Ix* — x¥||?| Fee]] + %Tnk]EUEHIXk“ — xF|?| Fr.]]

nl xc%éi . e -~ -
< TRy 10—y ) ]+ R TG + 67
Combining Egs.[52] [53] and[54] we have

W(zC%ﬂ i} o202 ) o2 R , a2~
Poe I ) iy 10—y (o) 2] 4 (g2t 4 SO p(G (o)) + 20k 52)

4 ApZyy, 4n 4n

(55)

EQ¢s = (7/« +

Combining EqS. 9} [50} [51} and [55] there is

. ’I]E ;ECQOKz *
nf%wy<ﬂ%WFS<l+m+“4fEnw“ﬂy<ﬂﬂﬂ

20



Under review as a conference paper at ICLR 2023

2 92 2
2 O‘kgml byzag

Cyp0i?
2 yz ¥
(Gt )

E[VE(x")] + (2a} + W)&Z) (56)

This completes the proof.

Proof of LemmaNote that, In the following, we still use 7"+ to denote the filtration that captures
all randomness at iteration stamp k, ¢

Y4
E[F(Xk+1)|fk’t] < F(xk) + E[<V*F(Xk),xk+1 — xk> | Fre.t] + %E[kaﬂ — Xk||2|]:k7t]

~ 002 _
= F(x") = ar (V' F(H), VF(x) ) + LE2RE ]|V () 2| Fi] (57)
(a) « « « = (07 % =~
£ F(x*) = IV )P = FIVFE)IP + |V F) — VEE|?
(58)
gﬁlai S k(2 Ef,lai = k S k(2
+ =S IVEED + 5 E[VE ) = VEGD) P ] (59)
(b) & Ok | o Eni2 Qg éf,lai S PN
< F(xX) = S IVEE" = (5 = =5 IVERD)] (60)
|07 g k S ke, Lr 10‘% = k S k(2
+ S IVIEGD) = VEE| + 5 E[[ V() = VE) | F.q]
(61)
First we bound term E[||V F(x*) — VF (x*) ||| Fy.4].
E[|VF(x") = VF(x*) 2| Fi.] (62)
= E[||Vxf(xF,y"N) + TENV f(x, yE ) — Vi f(xF, y s k)
— THN (&) Vy F(x, 5N €012 Frt] (63)
<2E|| Vi f(xF, y" V) — Vi f(x", y* N €812
+2E[|| TENVy f(x, B ) — TRV (&) Vy f(x, ¥ ENIZ| Fese] (64)
< 20% + 2E[||Vy £ (x, "N D) 2 TEY — TEN (&) 121 Frst]
+ 2E[|| T N2V £ (x, yE ) — Vi £ (3, y5 N5 €802 Fi] (65)
<207 4+ 2E[||Vy £ (x, y* N €D PINTEN — TPV (&) 121 Fr] + 21TV %0
<207 + 2650+ o) | TEN = TEN + gEN — gRN (e + TN () = TRV (&)1
+ 202/ TEN )2 + 2 TR — TEN (20 (66)
4(2 52 62
<207 +2(07 o+ 07)(120, + 42p+8) 9—’21) +2(2 -"’21 +26,)07
’ Q 0 Wy
= 52 (67)
where we use ||jk’N - jk’NH% < u2fi3(£+3)2 < Mzeig(p+6)2 = 6, Further, we have
|TN = TEN(E)E < (68)

||j;£v —JEN 4 ghN — jk’N(gy) + jk’N(fy) - jf’N(fy) + jf’N(fy) - jk’N(fy)”%
<A TN = TENNE + 4| T8N = TENEE + AT (&) — TEN ()1

+4| TN (&) = TN ()% (69)
2 2
<125, + 42t 4 4228 S
Wy Q Hy

where we use Lemmato obtain || TN (&) — TN (&) I3 < 6, + %%,1#3
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Then we bound term ||V* F (x*) — VF(x*)||2

IV*F(x*) = VE()|? = [V*F(x*) = VF(x*) + VF(x*) = VF(x")||? (70)
= 2|V F(x") = VF(x")|” + 2| VF(x") = VF(x")|]
where for || VF(x*) — VF(x*)|)? there is
IVF(x*) = VE (") (71)
= [V f (x5, y5N) + TNV (58, 75N = Vi f(F, y ™) = TNV F(xE v
STV fEy BN = TRV F(xE Y
<V fOE y MENTEN = TR
< 0ulf0
and for | V*F(x*) — VF(x*)|? there is
IV*F(x") = VF(x")|
= [Vxf(x",y* (%)) + T*(x")Vy f(x*,y* (%)) = Vi f (x", y5N) = TNy f(xF, y 5 )2
<2 Vi f (x5, ¥ (%) = Vo f (5, ¥ M) 1 + 2| T (M) Vy f (x5, 57 (%)) = THN 0y £ (5, 5 )12
<203 1[Iy =y P 4 20V £ Ry P T (F) = TR ()P
+ 2T (P PV £ (F, ¥ YY) = iy f(F, vt (x) 1P (73)

52
S e e ] e A GOl I A G AL
g

62 1 . 61@02 .
2050 +2-5070) ((1 = Beng) 9" =y I1? + = |+ 2650(Crlly™? = 37|+ Ca + C)
g

(72)

g

(2
=(1- 5k#g)k (2(53‘,1 + 257721@,1) + 48?,0£3,2ﬂk(cm + ny)t> ™0 — y*||?

g

Bro?
+2(03, 42 g’é %9,
G+ 2 G0

Combining Egs.[57} [70] and[72] we have that

(b)
BLF ()| 7] € Foct) — 29 P 2 — (2 - L% ot 2 75)

(673 « = Y4 , — =
+ S IV F() = VEG)|? + %vanx’w = VE(N)|?|Fi

(76)
(b) ST ar  lpaad lrrai
< F(xM) = SIVFENP = (5 = LERIVEG|? + 56

2
B o 2 2 ) Broy ,
+ oy <2€f)0£liq(p + 3) + 2(6 +2 /j ( ) B,uq + 25 (02 + CB))

EQ
+ oy (2(@,1 + 257’213?,1) + 4@,0(3,2&(0:1:30 + ny)N> (1= Bepg)VIy*0 = y*|I?
g

~ 4(2p+8 lfg i
where 52 =< 20% + 2((3 , + 0)(120, + 12 1)+2(2 o+ 20,)0%

Proof of Theorem Followmg the work |Chen et al.|(2021), we construct the Lyapunov function as

Vk = F(x*) +|ly* —y*(x*)||?. Then the difference between two Lyapunov functions is formulated
as
VIR = VE = P = PR + (™0 =y P =y =y 6D a7
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We bound the first term according to Lemma[I0} and the second one by Lemmas [5and[9} Then, we
have

Vk—i—l _ Vk < _%EHV*F(Xk)”Q o (% - Ef,loéi _ £2a2 - 042&2]71 _ Oékeyir) HVF( )||2
=2 2 2 VIR 4p2y, 4n
Q7
(78)
nlyC3ai 2,
+ ([ 14+ + % k| 2065, + 2%@71) + 405 002 5 B (Cog + Cyy )N
g
Qs
(1= Brpg)™ = Dly™ — y*|I? (79)
t o 'ILQfQOﬁQq(p—l—Z’))Q—&—Q(E ) -"’ I )5’c 9L 1902 (Cy + Cs)
9 “f.0%u N B,
by L0 Ny C3 ak Bro? 1
1202 yz Y Fi1Ok\~2 1 yr-'f g,
+ (L + 1 +u o<+ | 1+ + 1 B,

To guarantee the descent of V¥, the following constrains must be satisfied:

o
80
S i T A+l (0)

Iz Iz
lyoC3od + 8 (63, + 2;—’;@1 + Z—j) < N By
g g

Oék Hg
T 40 02 5 (Caw + Cyy)

. . 02
with selecting v = 9;2

15 0y s

N g - 2 2 2 9.1 2 9.

&y = , G =0, Ciar + 8ay (5 +2-2-05 + ),
205105 + 40y + lyopt] e a p Pt

A p?a(p +6)?

a3 = g ll‘j:i“g g,1 Zg,l ’ 6” A 2Q (81)
803 005 23 , T gﬂq)(l + 50

and then, we can choose the followmg stepsize

~ 2 02
nyCJ%al + 8(6?71 -+ 275%1 Z?l + Zgl ) 1
O,
2Ny 21ty

H
(82)

}, Br = min{

ap = min{day, &, Gz,

1
VE

where « is dependent on the constants imposed in Assumptions, and is independent on the iteration
number. With the above choice of stepsize, Eq. [78]can be simplified as

Vk+1 _ Vk: (83)

Bk Og.1

2
Ak * kN2 Ko 2 2 gl
< 77E\|V F(x")|* + ax <2£f,0€#q(p+3) +2(£ +2 e 1) Br,

+202(Co + 03)>

4 B

2 2, e C2a?\ Bro
+ SR 4 by +2070)57 + ( ol | Do i Ay
g9
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g Hg

875 * 2 2 831 ‘€£27
g9

2 £2 Y 62042 6 2
Ok (402 ~2 MyaCF | PrOga
—E (4l + 20 1
+4(y+y+ f,1)0+<+g+ 1 B,
Telescoping above equation leads to
—ZEHV F(xM)? (84)
2
VO 4+ Zk 1 Q% (ff 06# + ﬂk BH (262 Zzl EQ L+ QE%O(CQ + Cg)%))
<
2 Zk:l Ok
o? ~ Ly C2ai o2
T g e+ 205+ T ( reres) B
K
3 Dkt
o 192 o 1
2, 202, gychfao + 8(5?,1 +2 2 gf,l + 57) o2
& 262 _~_4L£2 +2£2 02 +CS 9, 9 9 9,
( fat A st 7ol ) ¥ B2
(97 2 ~92 A VO 2
— (40 + Ly + 20 % 00
+ 3 (40, + Lys + 205 1)0 +Kmin{&1’d2} +a\/f+ .00

%, %,
) lyaCloo +8(67 1 + 2565 + 5) . e, . nlyC3ad\ o2,
N 2 4 Bu2

Simplify above equation by ignoring the constants independent on iteration number, we have that as
following

ALY Vo ol o2 1 ac? 3 o2 1
E V* 2 06 H 9, K ~2 kK _9
KZ ” I = K min{ay, s} af+c +\/>N +\/?0 N B
(85)
where ¢, cL, 2, 2 only dependent on the constants in Assumptions. This completes the proof.

D.2 LABEL PRIVACY ANALYSIS OF MABMI-DP

Following the proof in Dwork et al.|(2014)) and |Yang et al.|(2022), we can drive the following proofs.
Note that, the proof in|Yang et al.|(2022) is only suitable for the two-party split learning and single
level optimization case. In the following, we generalize it to the VFBO case with general [-party
(1 =2).

Proof of Lemma 3| in the Manuscript: For binary classification task, let b = 1, fix 0§’t7 Qlffb.
We first provide an auxiliary statement in Dwork et al.|(2014). Let the universe B C R be {0, 1}.
Consider the identical mapping f(z) := x and the Laplace mechanism fPF = f+r with r ~ Lap(c).
Then, there is that when ¢ > %, fP is (¢,0)-DP which follows from the property of Laplace
mechanism |Dwork et al.|(2014), where we use that /1 sensitive of f is 1.

Then, we consider the deterministic mapping h : R — R defined as
h(b) =b-0%" + (1 —b)- 05"

Since fPF is (€,0)-DP, and DP is immune to post processing, h( fP%’) is also (e, 0)-DP. On the other
hand, we have

h(fPE(0)) = 05" +r- (07" — 05"),
h(fPP (1) =00 —r - (05" — 0)").
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where 7 is symmetric and —r is distributed identically to . Thus, we have that h( fP%) is the same
as Algorithm 2] which completes the proof of the lemma.

Moreover, it is easy to prove that Algorithm for multi-class classification is also (e, 0)-DP.

Proof of Lemma 2)in the Manuscript: In the following proof, we omit the superscript and subscript
of x,y, h, H, 6, ¥ and let the random variable £ has the superscript denoting the iteration stamp,
here x, y, h, H, 6, ¥ without subscript denotes the whole variable for all parties, e.g., x denotes
[x1,- -+ ,%;]. In our experiments, we use the same rand seed for all parties to guarantee that all parties
have the same batches for the fixed iteration stamp. Note that, although party m = 1 (the server)
has the label, its gradient used for updating is also perturbed by the noise generated by Algorithm 2]
to guarantee the (¢,0)-DP. BAMBI-DP is a bilevel algorithm with two time-scale for the upper-
and lower-variables, thus we use superscript k,t = N + 1 to denote the the iteration stamp k of
upper-level iteration (updates for x), e.g., x*V 1 denotes x*. In this case, we can use the same time
scale to simplify the analyses of BO algorithms’ label DP. Moreover, we let D = Digywer U Dypper-

For information transmitted in the forward and backward processes of BAMBI-DP, we

let Gy = {h("), HEEN T ek e icrs) U {0680, 9(E0N 1), bheik eein iclB]-
where &80 € Digwer, 0N € Dypper are both a batch of samples.  We fur-
ther consider the model updates at iteration stamp k,¢, which we denote as G; :=
{VF(x,y; BN+, ng(x,y,§f,’t’i)}ke[K]7te[N]7i€[B]. Then G, G4 are random functions of
input dataset D. We denote the output of G; and G4 with input D by (G, G4)(D).

Let £+t (here, we do not differ & and &y and take them together) be the index of the different
label in D and D, i.e., b(k=t=i+) = 1 — b/ (¢F=+i+). Then in batches that are sampled before
ko ty (e, €90 .0 [ €ONFL L eheta=1y ' D and D’ are identical, hence the probability restricted
on the first (k. — 1)(N + 1) + ¢, — 1 batches is the same. Formally, let G_ be the parts of G¢, G4
that are in the first (k. — 1)(IV + 1) + ¢. — 1 batches, then we have

Pr[[(Gr, Ga)(D)]_ = [Gle_ | = Pr [[(Gr, Ga)(P)e_ = [Cla_] .

Furthermore, if G; and G4 are the same for the first (k. — 1)(N + 1) + ¢, — 1 batches, then the
model weights after the k.., ¢.-th batch will be the same for D and D’, because all previous model
updates are the same. Since the rest training data is identical in D and D’, the remaining part in
(G, G4) will also be identical. Formally, define S, G as

G = {h(&y™ "), HE), hierm UAO(& ), 0(6"7), iem)
U{VF(x,y;60), Vag(x,y, &)}
Gy ={h(&"), HES), Y eelen ) (miem) U {0E ), DER), Fktyel(he ), (KN ie (8]
UA{VRE (%, y: 671, Vxg(x, 5, &)} (ko ) € (ke t), (K, N,
Then we have
Pr [[(Ge. Ga) (D, = [Glay [[(Gr. Ga)(P)le_ue. = [Glo_ue. |

= Pr[(Gr, Ga)(P)]e, = [Gle, |(Gr, Ga)(D_ue. = [Gle_ua.] -

So we conclude that

(Ge.Ga)(P))o_ = [Clo ]
(G, G- = [Cle_|

Pr[(Gy, Ga)(D) =G]  Fr [i(Gthd)(D)lG* = [Gle.

Pr[(G:, Ga)(D') = G] Pr [[(Gh Ga)(D)e. = [Gle.

The RHS is concerning the ratio of the probability that the transcript and model updates in the
(K., t.)-th iteration are the same. In the following, we let m’ = {2, --- ,1} denote the passive parties,
and m = 1 as the active party (i.e., the server). Note that, in Algorithm 2] we add noise to the last
layer of the whole mode, i.e., to # and ©). Moreover, generating noises for parties m’ and m = 1

is completed by once call of Algorithm Given G, let {5(5’; tain) )(gheterin)) be generated by

Algorithmwith label b and D, and let {5’(5’;*”5* s ' (k=11 )} be generated by Algorithm
with label 1 — b and D', then they are also (€, 0)-DP. Thus, combing the property of (e, 0)-DP and
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that all the training samples except for the k., t., 7*-th one is the same in D and D’, we have
Pr [[(Gr, Ga)(D)a. = [Gla. |[(Gr,Ga)(D)]a_ = [sla_|
Pr [[(Gr, Ga)(D)]. = [Gla.|[(Gr Ga)(Pa- = sl |

<, (86)

For any subset .S of possible assignments of (G, G), we have

Pr[(G:, Ga)(D) € G] = / Pr((Gy, Ga)(D) = GG

Geg

< / ¢ Pr[(Gy, Ga)(D') = GldG
Geg

= 66 Pr[(Gtv Gd)(Dl) € g]v
where the second step uses Eq.[86] Hence (G, G4) is (¢, 0)-DP. In the ZO approximating process, we
let &, — {}AL( ktzy)} ) ) U{g( k,t,z’,j) 5( k,NJrl,i) } ) ) and
© A y ke[K]7fe[1X]7ze[B],ge[Q] WSy ’ x » Jke[K],te[N],i€[B],j€[Q]>
Ga = {ViF(x,y; E0NTH) Vig(X,y, 8559 Ve k) iein ie(B),jelq)- Following above analysis,

we have that (G, Gy) is (e, 0)-differentially private. As a consequence, BAMBI-DP is (e, 0) label
DP which completes the proof. For the multi-class task, the analysis is similar.

D.3 CoOMPUTATION COMPLEXITY ANALYSIS OF BAMBI AND BAMBI-DP

In Algorithm([1] the computation complexity (CC) of steps 7 is O(B(Q + 1)(pm + gm)), that of steps
13 and 14 is O(g, (Q + 1)), that of step 16 is O(Qp,), that of steps 18 is O(B(py, + ¢m)), and that
of steps 24 and 25 is O(pm, + gm ). Especially, the CC of ZO estimation is O(BQ(pm + ¢m))- Thus,
the total complexity for all parties to perform an upper-level iteration (includes the [V-step lower-level
optimization process) in Algorithmis O (NBQ(p+ q)). The CC of computing the second-order
derivative in existing BO methods [Chen et al.| (2021)); [Yang et al.| (2021); Ji & Liang| (2021)) is
O(Bpq). Thus, comparing to existing methods using the second-order derivatives to approximate the
Jacobian matrix, BAMBI reduces the CC from O(pq) to O(BQ(p + q)). For practical choice of
(typical choice is ) < 10) and practical VFBO problems with large p, g, such reduction is significant.
The analysis of BAMBI-DP is similar.
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E EXPERIMENT DETAILS

In this section, we provide detailed content of the experiments and additional experimental results on
FashionMnist and News20 datasets.

E.1 EXPERIMENT ENVIRONMENT

We conducted our simulations on a deep learning workstation 48 cores. Codes are written using
Python 3.6 and Pytorch 1.6. The distributed learning environment in Pytorch is used to simulate the
federated learning.

E.2 VFHRL PROBLEMS ON MNIST DATASET

Experimental Details: We use the standard MNIST dataset for learning. We random choose 50k
samples as the training dataset, 10k samples for valuation, and 10k samples as the test dataset. In this
experiment, for Vm € [l], x,,, is a 4-layers fully connected network (FCN) with a nonlinear activation
function and y,, is a linear classifier. The stepsizes are set to o, = 0.01, 8 = 0.01.

Experimental Results: The experimental results are stated in the manuscript.

E.3 EXPERIMENTS FOR VFHRL PROBLEMS ON FASHIONMNIST DATASET

Experimental Details: We use the standard FashionMNIST dataset for learning. The setting is set
to the same as in standard MNIST dataset. We random choose 50k samples as the training dataset,
10k samples for valuation, and 10k samples as the test dataset. In this experiment, for Vm € [I], x,,
is a 4-layers fully connected network (FCN) with a nonlinear activation function and y,, is a linear
classifier. The the stepsizes are set to o, = 0.01, 5 = 0.01.

Evaluation of Comparable Performance: The corresponding experimental results are shown in
Fig. @] According to the curves, the convergence performance of BAMBI (FedAlgo) is comparable to
that of Non-FedAlgo, which supports our claim.

= —— Non-FedAlgo
FedAlgo-2 parties

—— FedAlgo-4 parties

2.0

Train Loss
=
o

=
o

0.5
0 200 400 600
Iteration

Figure 4: Performance comparison between FedAlgo and Non-FedAlgo on FashionMNIST dataset.

Evaluation of Different Parameters: Similar with statement in the manuscript, in the experiments,
we set N = 1000, @ = 1, B = 1000 and vary one of them. The corresponding results in Fig. 5] show
that although larger NV, @), B is helpful for the faster convergence.

Evaluation of Different Privacy Parameter: We report the corresponding iteration number curves
in Fig. [6] and test accuracy in Table[2} Compare the results of BAMBI-DP with those of Non-DP
(i.e., BAMBI), we have that for this experiment, the value of € has slight influence of the model
performance, which may because that we choose a small but reasonable sensitive parameter.

Table 2: Comparisons between BAMBI and BAMBI-DP with different label DP levels on FashionM-
NIST dataset.

Non-DP e€e=10 e=5 e=1
Test Accu  85.52 85.21 8531 84.62
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Figure 5: Evaluation of using different parameters on FashionMNIST dataset.
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Figure 6: Convergence performance with different levels of DP guarantee on FashionMNIST dataset.

E.4 EXPERIMENTS FOR VFHO PROBLEMS ON NEWS20 DATASET

Experimental Details: In this experiment, we take samples in News20 dataset with labels related
to “comp”, “rec” and “misc” as the first class, and those with other labels as the second class. We
random choose 40% samples as the training dataset, 40% for valuation, and the rest as the test dataset.
In this experiment, for Vm € [I], X, is set to a linear regressor and y , is set to a simple sum function

to simulate the logistic regression. The the optimal stepsizes are oy, = 0.1, 8, = 107°.

Evaluation of Comparable Performance: The corresponding experimental results are shown in
Fig.[7} According to the results, the convergence performance of BAMBI (FedAlgo) is comparable to
that of Non-FedAlgo, which supports our claim. It is also obvious that a larger [ will make the curves
oscillation more serious but will not influence the convergence performance.

0.8
—— Non-FedAlgo

FedAlgo-2 parties
—— FedAlgo-4 parties

0.7

0.6

Train Loss

0.5

0 200 400 600 800 1000
Iteration

Figure 7: Performance comparison between FedAlgo and Non-FedAlgo on News20 dataset.

Evaluation of Different Parameters: In the experiments, we set N = 1000,Q = 1, B = 1000
and vary one of them. The corresponding results in Fig. [8|show that large N, B is helpful for fast
convergence, and varying the value of ) has slight influence.

Evaluation of Different Privacy Parameter: To study the influence of €, we implement BAMBI-DP
with € = 1,5, 10, and report their train accuracy v.s. iteration number curves in Fig.[9} Compare the
results of BAMBI-DP with those of Non-DP (i.e., BAMBI), we have that a better DP guarantee (i.e.,
a smaller €) leads to a slightly poorer model performance.
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Figure 8: Evaluation of using different parameters on News20 dataset.
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Figure 9: Convergence performance with different levels of DP guarantee on News20 dataset.
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