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LLM, Predictability and Scaling Law
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(screenshot of Fig. T in “Scaling Laws for Neural Language Models”)

Power-law relationship log(L,,) ~ w f log(Cp,) + b Iy

> High Cost:

(a) Train: repeated training model in a family

(b) Test: e.g. Chain-of-Thought (CoT)
> Lacking consideration of non-computational factors

E.g. Data Quality, #shots
> Ignoring relationships among models and tasks. Prediction

limited to: (a) one model family and (b) one metric

Beyond Scaling Law
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» Matrix Factorization (MF) with Latent Vector = 10
» MF can accurately predict the missing scores with low error

Collaborative Performance Prediction (CPP)
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For Collaborative Data:
> Existing Leaderboard Sparsity < 15%
e.g. HELM, OpenLLM, Compass . .
» Custom Leaderboard Sparsity = 44%
. #Models = 72
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For Collaborative Prediction Model:
» Matrix Factorization (MF)
» Neural Collaborative Filtering (NCF)

collaborative
models and tasks

Optional
descriptive factors
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the latent vectors for embeddings of descriptive

model | and task j factors

Experiment

Collaborative Performance Prediction for Large-
language Model Evaluation
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Observations:
» Collaborative Performance Prediction is feasible
Predicted Score =~ Gold Score

» Further Improvement Through
a) Complex Model:

b) Descriptive Factors:

NCF > MF

Generalization on New Model and Task

Actual Score
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Models -- Methods

NCF(Factor Enhanced) > NCF
» Support Predictions based only on descriptive factors

(b) With prior testing information on 2 tasks (CPP-2)
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Generalization on New Model:
» CPP demonstrates greater adaptability than SL
» Conducting Evaluation on a few tasks can improve Predictability
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Generalization on New Task:
» Conducting Evaluation on a few models can improve Predictability

Factor Importance Analysis

(a) Model Factor
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(b) Task Factor

Ability
Task Family
Few-shot

Output

I T
0.00 0.01

T T
0.02 0.03

Mean Shapley Value

Ability

0.0333 W*ﬂﬂup fmalmes o® oo
Family ‘ .

0.0250 | WEORe 0w *

Few-shot M wa
0.0241 |
Output-format *“ ® s oo
0.0235 ‘

00 01 o
Shapley Value (by prediction Loss)

Factor Analysis via Shapley Value:
» Non-computational model factor and task factor are also vital
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Summary & Future Work
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Predictability beyond Scaling Law

Relationship Researc
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and Tasks: collaborative research via  jgmm: :53.:".!-.;,;
open-source design factors
> Efficient Evaluation with Predictability Paper
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