DICE: Data Influence Cascade
in Decentralized Learning

Speaker: Tongtian Zhu

Cascade



Collaborators

Many thanks to collaborators!

Tongtian Zhu Wenhao Li Can Wang Fengxiang He

Zhejiang University Zhejiang University Zhejiang University The University of Edinburgh



Main Results

Data Influence Cascade in Decentralized Learning What scientific problem does this paper study?

Q: In decentralized financial systems, proof

of work (PoW) ensures security and

consensus through computational effort.

| | How can PoW be formally defined and

NO" ', Srem g s ! ' quantified in the context of decentralized
igher data il /R @SS e [ distributed machine learning?

on direct node=




Main Results

Data Influence Cascade in Decentralized Learning What scientific problem does this paper study?

Q: In decentralized financial systems, proof
of work (PoW) ensures security and
consensus through computational effort.
How can PoW be formally defined and

.*'J . _ > _. 4 quantified in the context of decentralized
m " vigher ot il L O ST 0. distributed machine learning?

on direct

agy
>
\ 7% - :

What phenomena does this paper uncover?

The influence of data “cascades” through the
communication graph, resembling “ripples in
water”,




Main Results

Data Influence Cascade in Decentralized Learning What scientific problem does this paper study?

Q: In decentralized financial systems, proof
of work (PoW) ensures security and
consensus through computational effort.
How can PoW be formally defined and

. ﬁ.ﬁi ‘ ¥ & quantified in the context of decentralized
" iher dora e\ @ L e [ distributed machine learning?

] :.
a5
() .( on direct |
\ 7% - :

What phenomena does this paper uncover?

The influence of data “cascades” through the
communication graph, resembling “ripples in
water”, Cc=»




Main Results

Data Influence Cascade in Decentralized Learning What phenomena does this paper uncover?

In decentralized learning, the influence of
data “cascades” through the communication
graph, resembling “ripples in water”. -«

A Sk e This influence is determined by both the
" Hisher iR (¢ ISR O el T 4 original data and the topological position of

the data-holding node within the
communication network.

Intuition?




Main Results ICLR

Data Influence Cascade in Decentralized Learning What phenomena does this paper uncover?

In decentralized learning, the influence of
data “cascades” through the communication
graph, resembling “ripples in water”. -«

= »
>- 49 This influence is determined by both the
';'?ZTLSF SR ¥ A original data and the topological position of

the data-holding node within the
communication network.

Intuition

»»»»»»»

Training data Make influence Communication Cascade



Main Results

Data Influence Cascade in Decentralized Learning

ngher' dn'l'n infl

on direct no

ICLR

What phenomena does this paper uncover?

In decentralized learning, the influence of
data “cascades” through the communication
graph, resembling “ripples in water”. -«
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This influence 1s determined by both the
original data and the topological position of
the data-holding node within the
communication network.
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Q: What motivates edge participants to engage in decentralized learning?

Q: Can we quantify individual contributions in decentralized learning?
How can a proof-of-work mechanism be designed in this context?

A: Individual contributions can be quantified via data influence.

parameter-level contribution data-level contribution
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Algorithm 1 Decentralized Learning with Flexible Gossip and Optimization

Require: G = (V, &), {0} } ey, optimizer Ok, number of communication rounds 7', and mixing
matrix distributions W* (Vt € [T'])
for ¢ = 1 to 1" do in parallel for all participants & € V

l:
2: Local Update:

1
3: Sample z}. ~ Dy, update parameters with optimizer Oy Bffz +— OO0}, 2})
4: Gossip Averaging:
5: Send 9?5 to {l | W > 0} and receive 9;+§ from {j | Wi ; > 0}.
6:  Sample W' ~ W', perform gossip averaging: 6,7 < 3=+ ;) Wé_.jﬁ'?ﬁ

End for
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Understanding Black-box Predictions via Influence Functions
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Definition 1 (Leave-one-out Influence).
Tioo(z, 2") =L(0%;2") — L(67,; 2),

where z denotes the training data instance under influence assessment, z’ is the loss-evaluating

instance, 8* and 9°\" _, are the models trained on the entire dataset S and S \ {z}, respectively.

Question: what makes decentralized learning different?

1. The presence of multiple local models trained on Non-IID data, which may lead to
diverse local optima.

2. The concept of “neighbors” plays a crucial role, as model parameters are exchanged
only among neighboring nodes, allowing for the indirect propagation of data influence.
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Definition 1 (Leave-one-out Influence).
Tioo(z, 2") =L(0%;2") — L(67,; 2),

where z denotes the training data instance under influence assessment, z’ is the loss-evaluating
instance, 8* and 6 are the models trained on the entire dataset S and S \ {z}, respectively.

\

Key observations: /n decentralized learning,
1) neighbors who serves as customers hold the rights to determine data influence;

2) data influence is not static but spreads across participants through gossips during training.

Unfortunately, the original formulation of data influence cannot account for these two key
characteristics of decentralized learning.
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Definition 2 (One- hop Ground-truth Influence). The one-hop DICE- GT value quantifies the influence
of a data instance z from pdl‘thlpdl’lt j on a loss-evaluating instance z’” within itself and its immediate
neighbors. Formdlly, for a given participant j € V:
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Proposition 1 (Approximation of One-hop DICE-GT). The one-hop DICE-GT value (see Defini-

tion 2) can be linearly approximated as follow:

Totes(2h2) = —q; VL(05:2))TA; (04, 20) — > Wi, VL0, 2")T A6, 2h),
k€N (4)

where A; (6%, 2) = O0;(0%, 2%) — 6.

)

Local Update:

. - t+4
Sample 2] ~ Dy, update parameters with optimizer O: 9;:” — Ok(0:.2})



Main Results 3 ICLR

Definition 2 (One- hop Ground-truth Influence). The one-hop DICE- GT value quantifies the influence
of a data instance z from pdl‘thlpdl’lt j on a loss-evaluating instance z’” within itself and its immediate

neighbors. Formdlly, for a given participant j € V:

1
Thlear(22) = o (105 2) — 1@5:2)) + 3 o (L0 2) — L(OfL:2)
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out

direct marginal contribution of z; to j ~ v

indirect marginal contribution of z; to one-hop neighbors

Definition 3 (Multi-hop Ground-truth Influence). The multi-hop DICE-GT value quantifies the
cumulative influence of a data instance z on a loss- evaluating instance 2’ across all nodes within
r-hop neighborhoods of participant j. Formally, for a given participant j € V:

r _ " % . .
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Theorem 2 (Approximation of r-hop DICE-GT). The r-hop DICE-GT influence I&%E_GT(z?;, z')
(see Definition 3) can be approximated as follows: '

P
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where A; (6%, 2) = 0;(05%,2%) — 0%, kg = j. Here P.(p) denotes the set of all sequences
(k1,....kp) such that ks € M)ut)( ks—1) fors =1,...,p (see Definition A.7) and H(0,*%; z,"*)

1S the Hessian matrix of L with respect to 8 evaluated at 9”" and data sz" For the cases

when p = 0 and p = 1, the relevant ploduct expressions are dehned as 1dent1ty matrices, thereby
ensuring that the r-hop DICE-E remains well-defined.
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How can the influence of indirectly connected nodes—such as nodes k to ks—be quantified?

Theorem 2 (Approximation of 7-hop DICE-GT). The r-hop DICE-GT influence Z{y; r(24, 2')
(see Definition 3) can be approximated as follows: '

T p
Tine p(25,2') = — Z Z ', (H W:*’:_l]) VL(QIIKIQ ') [
s=1

P=0 (ky,... k) EPP

[ s ~ v

communication graph-related term test gradient
P
_ ptts—1 t+s—1, t+s—1 (pt -t
X I | (I—n H(O, ™ iz ) A;(03, z;)
5=2
A - -~ - . -~ -
curvature-related term optimization-related term

where A;(0%,25) = O;(05,25) — 6%, ko = j. Here P;‘o) denotes the set of all sequences

(k1,...,kp) such that k, € J\ftftlll)(ks_l) fors = 1,..., p (see Definition A.7) and H(QE:S; zi“

is the Hessian matrix of L with respect to @ evaluated at 8, and data z|"*. For the cases
when p = 0 and p = 1, the relevant product expressions are defined as identity matrices, thereby

ensuring that the r-hop DICE-E remains well-defined. Full proof is deferred to Appendix C.3.
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Theorem 2 (Approximation of 7-hop DICE-GT). The r-hop DICE-GT influence Z{y; r(24, 2')
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where A;(05.27) = 0;(0%,25) — 05, ko = j. Here P(‘o) denotes the set of all sequences

(k1,...,kp) such that k, € J\fwl (ks—1) for s = 1,..., p (see Definition A.7) and EI(QtJrq zt“

is the He%lan matrix of L with respect to @ evaluated at 9“” and data sz‘"’. For the cases
when = 0 and p = 1, the relevant product expressions are dehned as 1dent1ty matrices, thereby
ensuring that the r-hop DICE-E remains well-defined. Full proof is deferred to Appendix C.3.
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