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Problem Definition

* Decentralized stochastic bilevel optimization
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* The lower-level loss function is nonconvex in y but satisfies the PL
condition



Problem Definition

* Limitations of existing methods

* All decentralized bilevel optimization methods require that the lower-level
loss function is strongly-convexiny.

* Existing methods in the single-machine setting requires a regularization
term to make the lower-level loss function become strongly convex
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Algorithm Design

e Minimax Reformulation

min max L,(z,y, 2)
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* No need to compute second-order Hessian or Jacobian matrices

* Approximate the original bilevel optimization well given appropriate
$\rho$



Algorithnr

Algorithm 1 Decentralized stochastic first-order gradient

descent algorithm (FO-DSVRBGD)

Imput: 7. > 0,7y > 0,7, > 0,7 > 0,7 > 0,7, > 0,
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3:  Compute three gradient estimators:
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4:  Perform gradlent tracking:
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Update three variables

Only first-order gradients




Outline

* Problem Definition
* Algorithm Design
* Convergence Rate

* Experiments



Convergence Rate

* Convergence rate
Theorem 4.6. Suppose Assumptions 4.1-4.5 hold, when

Yz = O((I—A’;4p2K)’ Yy O((l_)\)l4p2K),
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O ( K- 1)265 ), p=0 ( ) Algorithm 1 can achieve the

e-accuracy solution: = t L E[IVL(E)|?] < O(e?),
where € > 0, S is the batch size in the initial iteration.

* Linear speedup

* Better dependence on the condition number



Convergence Analysis

* Novelties when measuring the optimality of y and z
* Our method use

%E[hp(fl—?t;gt) — ho (1)),
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* Existing methods in the single-machine setting use
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Convergence Analysis

Lemma 4.10. Suppose Assumptions 4.1-4.5 hold, when
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Key Lemmas Nyziz— and 1y < of—, where Ly, = pLy + Ly,

we have that
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Convergence Analysis

 Key Lemmas

Lemma 4.11. Suppose Assumptlons 4.1-4.5 hold, when
Ne < 4L2 N, andn, < 2L , we have that
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Experiments

* Hyperparameter Optimization
* Lower-level learns model parameters
* Upper-level learns hyperparameters
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Experiments

e | oss function value versus iterations
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Figure 1. The upper-level loss function value with respect to the number of iterations.



Experiments

 Ablation Studies
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Figure 2. (a) The gradient norm of upper-level loss function versus iterations for a9a dataset. (b-c) The upper-level loss function value
versus iterations under different settings for a9a dataset.



Conclusions

* Algorithm Design
* Fully first-order gradient
* No need to compute second-order Hessian or Jacobian matrices

* Convergence Analysis
* Measure lower-level optimality based on function values
* Only require the pure PL condition
* No need to use the regularization term to introduce strong convexity



