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Motivation

 So many powerful LLMs nowadays!
* Different sizes and different strengths . Nt
Then,

Which model should | use for a task?
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Traditional Model Selection

e First train all candidates with all data
* Observe all model performances

e Then select the best one



Traditional Model Selection

First train all candidates with all data
Observe all model performances
Then select the best one

However,

LLMSs are expensive to train!
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Online Model Selection

* Train only one candidate each time per data sample
* Predict all model performances after training

* Select potentially best model for further exploration
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Online Model Selection
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Figure 1: An illustrative example of online model selection for LLM summarization.
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Our Method

 Capture the increasing-then-converging reward trend

Increasing Converging
08 Figure 2: Increasing-then-converging
reward trends of an API-based LLM
FC% 0.6 (GPT-3 Davinci) and a local small
> LLM (GPT2 Medium) over finetuning
as steps on a text summarization dataset.
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Our Method

*  Multi-armed bandits formulation
e Each candidate model as an arm
 Model utility (e.g., performance, cost) as reward

e The reward of an arm increases each time the arm is
pulled (time-increasing reward)

 Exploration & Exploitation tradeoff
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Ou r Meth Od Algorithm 1 TI-UCB
Input:
K, 8, window size w, threshold y;
* Time-Increasing UCB Output:
Initialize: 7] « 1,n; < 0,Vi € [K];
_ 1: fort=1,..,T do Linear Increase Prediction
* See Appendix A of our 2 fori=1,.,Kdo

Fing(t) = Hing(t) + 16\/ 2121,((1;’)5) ;

3

4: end for

5. Pull arm Ay « argmax; i; n, (1); Upper Confidence Bound
6:  Observe reward X4, ;;
T

8

9

paper for theoretical
analysis

Update estimation f; ,,, ()
Update number of pulls n4, (t) < na,(t) + 1;
if ny,(t) > 2w then

10: if [y 4, (E+1) = flhy, 4, (t+1)] > %forarmAt then
11: TA, — tand nyg, (t) « 1 \
12: end if

Sliding Window Change Detection

13: endif
14: end for
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Our Method

* Logarithmic Regret Upper Bound

Theorem 1. Assume that 6 < 1/T, then the expected regret of
TI-UCB algorithm is bounded by

2
E[R(T)] < Z Ci 4096 In(T) +K (2% +w+2+ ZL) + 2,

2
i:n;(T)2n3(T) Amin
where Apin =  min  {p;+(t) — pi(t)} is the minimum gap be-
telo,T),i#i; *

tween the optimal reward and the true reward and L is a constant
smaller than InT.

 See Appendix B of our paper for proof



Experiments

Evaluation metric:

K [ni(T) n;i(T)

Empirical Cumulative Regret R™ =) | > fis— > fius

Compared Baselines:

l:1 Szl S:].

KL-UCB [17]: a classic stationary bandit algorithm utilizing
KL Divergence.

Rexp3 [3]: a non-stationary bandit algorithm based on vari-
ation budget.

Ser4 [1]: a non-stationary bandit algorithm that takes into
account the best arm switches during the process.

SW-TS [46]: a sliding-window bandit algorithm with Thomp-
son Sampling that generally handles non-stationary settings
well.

SW-UCSB [18]: a sliding-window bandit algorithm with UCB
that can handle general non-stationary settings.
SW-KL-UCB [10]: a sliding-window bandit algorithm with
KL-UCB.

R-ed-UCB [33]: a recent non-stationary bandit algorithm
designed for similar scenarios as ours with non-decreasing
and concave rewards.

Auto-Sklearn [13]: the state-of-the-art AutoML system uti-
lizing Bayesian optimization-based solution.
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Experiments

 Synthetic model selection
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Figure 3: Online selection of generated synthetic models covering a variety of increasing-then-converging patterns.
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Experiments

 C(lassification model selection

Canonical classification models on IMDB review dataset, e.g.,

LR: logistic regression, NB: naive bayes, NN: neural network.
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Experiments

e LLM selection

LLMs of different sizes and costs on XSum summarization data.
Reward: X; = ROUGE-2 - p;
Finetuning Cost: 1t =n:—1 + m- 1[Do Finetuning] with 9 =0
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Experiments

* Ablation on Change Detection Window Size

We vary the sliding window size to test the sensitivity of TI-UCB
performances to performance fluctuations.
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Findings & Conclusion

 Capturing the increasing-then-converging performance trends, Tl-
UCB outperformed all baselines in online model selection.

By integrating finetuning cost into reward design, TI-UCB promisingly
balances cost and performance for practical deployment of LLMs.

 Customized change detection window sizes can flexibly tackle
fluctuations in model performance during training.

Contact: Paper:
Xiayuu@umich.edu
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