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The reliability of machine learning models heavily relies on the 
assumption that the test data is in-distribution. However, out-of-
distribution (OOD) data with distribution shifts can significantly 
degrade model performance. To ensure the reliability of deployed 
models, we propose ALSA, a method designed to evaluate model 
performance on unlabeled OOD data.
Highlights:
• Theoretical analysis of logits distribution.
• Our method, ALSA, proposes a general framework for evaluating 

vision, language, and graph models.

Introduction
Current Problems. Prior methods focus on predicted class 
probabilities (softmax scores).Softmax function compresses logits, 
losing information useful for model performance evaluation.
Logit positions offer insights into prediction performance: 
• Logits are distributed in a band near a hyperplane.
• Incorrect logits distribution varies by class, reflecting class-wise 

performance differences.
• Even within the narrow band, probabilities of correct predictions vary.

Motivation

(Left) Distribution of logits and their corresponding prediction 
correctness. (Right) Probability of correct predictions at various 
positions learned by the Anchors model.

What’s an anchor? Logits are distributed along a band near a 
hyperplane, and an anchor is a point used to estimate the probability 
of correct predictions in a small surrounding area within this band. A 
set of anchors is identified to model prediction performance within the 
band in the logits space.
How it Works? (1) An anchor is a triplet 𝑎⃗, 𝑝, 𝑣 .	 (2) A logit 𝑧 is 
influenced by the anchor via a Gaussian-like formula

 In+l(𝑧, 𝑎⃗, 𝑝, 𝑣) = 𝑝	𝑒𝑥𝑝(−𝑣!𝑑𝑖𝑠𝑡!(𝑧, 𝑎⃗))
where 𝑑𝑖𝑠𝑡(𝑧, 𝑎⃗) is the cosine distance. (3) Use sigmoid function to 
predict probability from total influence. (4) Rectification corrects 
unlearned areas.
An alternative exponential-like influence function is also evaluated as 
follows:

In+l(𝑧, 𝑎⃗, 𝑝, 𝑣) = 𝑝	𝑒𝑥𝑝(−𝑣!𝑑𝑖𝑠𝑡	(𝑧, 𝑎⃗))
Method Assumption.
• Under the assumption of the invariance of the conditional 

distribution 𝑝(𝑦|𝑧) which is a necessary condition of covariate shift 
assumption. 

• Without making further assumptions on the model or distribution 
shift, predicting model performance on an unlabeled dataset has 
been shown to be impossible [1].

Method

Workflow of ALSA. 

A series of experiments were conducted to evaluate vision, language, and graph models, assessing the robustness and generalization 
capabilities of ALSA. The results demonstrate the following:

Experimental Results

Vision and Language Models (MAE comparison): 
Our model outperforms the SOTA methods in most 
cases.

Graph Models: We 
evaluated four different 
models on the ogbn-arxiv 
dataset, and our method 
consistently produced 
the lowest prediction 
error across all models.

[1] Garg et al. (2022). Leveraging unlabeled data to predict out-of-distribution 
performance. ICLR.
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Statistical Validation: We 
analysed the correlation 
between predicted and 
true accuracy to validate 
results, with high 
correlation confirming our 
method’s robustness. 


