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Local devices are typically constrained by limited processing 
power, memory, and battery life (Ajani et al., 2021; Biglari & 
Tang, 2023).

in terms of computational resources and re-trainability.

Onboard Machine Learning (ML) models often face significant limitations

Once a local model is deployed, it may be difficult to retrain or 
update (Hanzlik et al., 2021).

Motivation
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Motivation

Degradation in performance over time when data distribution 
drifts (Lu et al., 2019).

Only small models can be deployed on mobile or embedded 
device.
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Potential Solution

• Augment the local learning system (the “client”) with an external 
model hosted on a remote server.

Apple Intelligence: A example of client-server 

Through Internet
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Existing works 
Rejector

Learning with Abstention (LWA) : discard uncertain inference
Cortes, C., DeSalvo, G., & Mohri, M. (2016). Learning with rejection. In Algorithmic Learning Theory: 27th International Conference, ALT 
2016, Bari, Italy, October 19-21, 2016, Proceedings 27 (pp. 67-82). Springer International Publishing.

Learning to Defer (L2D): deferring to existing human or machine experts

Madras, D., Pitassi, T., & Zemel, R. (2018). Predict responsibly: improving fairness and accuracy by learning to defer. Advances in neural 
information processing systems, 31.
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Existing works 

Learning to Defer (L2D): deferring to existing human or machine experts

1. legacy local model can’t be re-trained

2. asking existing experts for help is not efficient (for human expert) and not 

adaptable

Learning with Abstention (LWA) : discard uncertain inference

Abstention doesn’t solve the problem
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Learning to Help (L2H) framework with helpers

Compare to L2D:  

1. Local models are fixed! 

2. Non-human helpers and server model can be adaptively trained.

Compare to LWA:  

Uncertain tasks will be sent to larger model on server


<latexit sha1_base64="yFqWwl0JLzyvMU5sXFRpAnLb3ts="></latexit>

*
Trainable helpers
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*
Onboard model
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Learning to Help (L2H): Key Challenges

Asking for help is not free

Call server-side models can be costly: transfer latency, instability 
connection, and service fees.

A cost  is incurred!ce
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Learning to Help (L2H): General loss function

Client made decisions:

Server made decisions:

<latexit sha1_base64="5dtGX1RFPvwS3E6mqbz63svGfAk="></latexit>

Client error: ŷlocal 6= y =) cce = 1

<latexit sha1_base64="oD7upygRKOL8qm8JSaTu/nYROP0="></latexit>

Client correct: ŷlocal = y =) ccc = 0

<latexit sha1_base64="+FhHrQiKcCHteNdwfPCR9XDPa/4="></latexit>

Server correct: ŷserver = y =) csc + ce = ce
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Server error: ŷserver 6= y =) cse + ce = c1 + ce
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Lgeneral(r, e, x, y;m) =

0 · 1m(x)=y1r(x)=local

+ 1m(x) 6=y1r(x)=local

+ ce1e(x)=y1r(x)=remote

+ (ce + c1)1e(x) 6=y1r(x)=remote.
<latexit sha1_base64="M2SbFgt2h+ywP+t88Fug3YyrG+U="></latexit>

Server error: ŷserver 6= y =) cse + ce = c1 + ce
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L2H objective: Bayes Classifiers

<latexit sha1_base64="Q85v3Qfi1812n1izhynvQYz0LEc="></latexit>

Definition: Bayes Classifiers

The Bayes Classifiers is defined as:

rB , eB 2 argmin
r,e

E(X,Y )⇠D[Lgeneral(r, e, x, y;m)]. (1)

<latexit sha1_base64="1dwK8frNmHg4rvMWHrYWIxyH9cI="></latexit>

Definition: Generalized 0-1 loss function

The generalized 0-1 loss for multi-classification for L2H is defined as

Lgeneral(r, e, x, y;m) = 0 · 1m(x)=y1r(x)=local

+ 1m(x) 6=y1r(x)=local
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Theorem: Analytical Solution to Bayes Classifiers
<latexit sha1_base64="E/2l/IrAwzrKU0/dl3R+yRVNt2A="></latexit>

Theorem: Bayes Classifiers

The solutions of Bayes classifiers are:

eB = argmax
i

⌘i(x), (1)

where ⌘i(x) = P (Y = i|X = x) and

rB = 1[⌘j⇤(x)(x) > (1� ce � c1) + c1 max
i

⌘i(x)] · 2� 1, (2)

where j⇤(x) , argmaxj mj(x).

<latexit sha1_base64="l7hZpCLduRclmg+hAvzT93ctRrg="></latexit>

However, we cannot directly get the Bayes classifiers (eB , rB) in real-world

tasks.

• The distribution D of the data set is unknown.

• The generalized 0-1 loss Lgeneral is not di↵erentiable, so gradient-based

methods fail.
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Surrogate loss function: Motivation

The desired surrogate loss function must be:


1. Differentiable

2. Convex

3. Consistent to Bayes classifiers
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Surrogate loss function: Definition

1. Differentiable

2. Convex

3. Consistent to Bayes classifiers
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Definition: Stage-switching surrogate loss function

Based on the definitions stated above, we propose a stage-switching sur-
rogate loss function, which is di↵erentiable and can be used in both
synchronous and asynchronous settings. The surrogate loss function is
defined as:

LS(r, e, x, y;m) = L1(e, x, y) + L2(r, e, x, y;m) (1)

where

L1(e, x, y) = � ln
exp(ey(x))PK
j=1 exp(ej(x))

, (2)

and

L2(r, e, x, y;m) = �(1� ce � c1 + c11e(x)=y) ln
exp(r2(x))

exp(r2(x)) + exp(r1(x))

� 1m(x)=y ln
exp(r1(x))

exp(r2(x)) + exp(r1(x))
.
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Surrogate loss function: convexity and monotonicity

<latexit sha1_base64="pa12hF9C7JcK9sX0RJ0mTy89aRQ="></latexit>

Proposition: Convexity and monotonicity of surrogate loss

For each given (x, y), the loss function L1 is convex over ei(x), for any
i 2 [K]; and the loss function L2 is:

• convex over r1(x) and r2(x), when 1� ce � c1 + c11e=y > 0;

• monotonically decreasing over r1 and monotonically increasing over
r2 when 1� ce � c1 + c11e=y  0.

1. Differentiable

2. Convex

3. Consistent to Bayes classifiers



Yu Wu16

Surrogate loss function: Consistency

1. Differentiable

2. Convex

3. Consistent to Bayes classifiers
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Theorem: Consistency of surrogate loss function

Under the space of all measurable functions, the surrogate loss function
is consistent with the generalized 0-1 loss function, that is, the minimizer
of the risk of surrogate loss function also minimizes the risk of original
loss function:

r⇤, e⇤ 2 argmin
r,e

Rgeneral(r, e;m), (1)

for all r⇤, e⇤ 2 argminr,e RS(r, e;m).
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Surrogate loss function: Flexibility

✦Pay-Per-Request(PPR): the device must pay a cost each 
time the rejector defers to the server


✦Intermittent Availability(IA): connection between client 
and server is not stable during training


✦Bounded Reject Rate(BRR): the rate of rejections/
deferrals per unit time may not exceed a predefined upper 
limit (with post-training calibration)
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Learning to Help (L2H): Experiments

<latexit sha1_base64="/Lbj703OJOJzBq24OJ40HH5yCaM="></latexit>

Incorporating a server classifier indeed helps increase the overall accuracy,
while both the cost of rejection and inaccuracy on the server will balance the
usage of the client classifier and server classifier.
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Learning to Help (L2H): Experiments

<latexit sha1_base64="n0l0LR4Fi2pUtNZD6U7yTE0NlOA="></latexit>

The rejector mostly only sends the samples that are predicted inaccurately
on m(x) while predicted more accurately on e(x) to the server end.
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Learning to Help (L2H): Experiments

Samples predicted locally Samples sent to remote model
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Learning to Help (L2H): Experiments
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Learning to Help (L2H): Experiments on Intermittent Availability (IA)
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Learning to Help (L2H): Experiments on Bounded Reject Rate (BRR)
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Learning to Help (L2H): Scalability and Generality

AlexNet (61M) ViT (632M)
?

CIFAR-100
?

Large ViT (22B) 

and More

ImageNet

Common Crawl

(Theoretically and empirically proved)

One client - One server
Multi-client - One server

One client - Multi-server

?

CV ? NLP

Flexible to scale

Flexible to tasks

CIFAR-10
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Route within Model: Mix of Experts (MoE)

MoE: routers and multiple experts in parallel
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Thank you!
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