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Abstract

Estimating model accuracy on unseen, unlabeled datasets is crucial for real-world
machine learning applications, especially under distribution shifts that can degrade per-
formance. Existing methods often rely on predicted class probabilities (softmax scores)
or data similarity metrics. While softmax-based approaches benefit from representing
predictions on the standard simplex, compressing logits into probabilities leads to in-
formation loss. Meanwhile, similarity-based methods can be computationally expensive
and domain-specific, limiting their broader applicability. In this paper, we introduce
ALSA (Anchors in Logit Space for Accuracy estimation), a novel framework that pre-
serves richer information by operating directly in the logit space. Building on theoretical
insights and empirical observations, we demonstrate that the aggregation and distribu-
tion of logits exhibit a strong correlation with the predictive performance of the model.
To exploit this property, ALSA employs an anchor-based modeling strategy: multiple
learnable anchors are initialized in logit space, each assigned an influence function that
captures subtle variations in the logits. This allows ALSA to provide robust and accurate
performance estimates across a wide range of distribution shifts. Extensive experiments
on vision, language, and graph benchmarks demonstrate ALSA’s superiority over both
softmax- and similarity-based baselines. Notably, ALSA’s robustness under significant
distribution shifts highlights its potential as a practical tool for reliable model evaluation.
Code has been released at https://github.com/chenzhi-liu/ALSA.

1 Introduction

In real-world machine learning model deployment, the trustworthy and reliable performance
of well-trained models largely depends on the in-distribution (ID) assumption. However,
the user interactions in online environments frequently introduce diverse and dynamically
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changing data streams, where the target (test) data may differ significantly from the source
(train) data, resulting in substantial model performance degradation [12, 27, 40]. Conse-
quently, accurately estimating model performance in these out-of-distribution (OOD) sce-
narios is of critical importance.

Performance estimation methods mainly fall into two categories. (1) Using the softmax
scores of models. For instance, the Average Confidence (AC) method [16] uses the average
of maximum softmax scores to estimate the error, while Average Thresholded Confidence
(ATC) [10] further refines the estimation by learning a threshold to better map softmax scores
to error predictions. Similarly, Confidence Optimal Transport (COT) [34] employs optimal
transport between softmax scores under the assumption of a label distribution shift. (2)
Relying on data similarity. These approaches suggest that a model’s accuracy is strongly
associated with the similarity between the source and target datasets, and quantifying this
similarity can lead to accurate performance estimation [5, 6].

Although data similarity-based methods hold promise for model evaluation, they are
computationally intensive, as their effectiveness often necessitates the use of multiple mod-
els or extensive data augmentation. Furthermore, these approaches are specifically designed
for certain data types, including images [5, 6] and graphs [52], making them less suitable as
a general framework for evaluating models under distribution shifts. Softmax-based meth-
ods are also limited as softmax compresses logits [14], resulting in the loss of magnitude
differences that are critical for accurate performance estimation. By operating in logit space
instead of softmax outputs a greater amount of information is retained, thereby enhancing
accuracy estimation.

Additionally, existing methods overlook class-wise imbalances, which can adversely im-
pact predictions when training distributions are skewed [19, 43]. For example, metrics like
average confidence in AC [10] and thresholds in ATC [10] can be misleading when minority
classes are scarce in training but prevalent in the target set. Thus, analyzing logits distribution
and class-wise performance are both crucial for improving OOD performance estimation.

This paper proposes Anchors in Logit Space for Accuracy estimation (ALSA), a novel
framework for estimating the accuracy of machine learning models on unlabeled datasets
under distribution shift. Unlike existing methods that rely on softmax probabilities, ALSA
operates directly in the logit space to preserve richer information for more accurate perfor-
mance estimation. The approach is motivated by the observation that logits tend to aggregate
near a specific hyperplane, and certain regions in logit space are more predictive of correct
classification outcomes.

To formalize this insight, anchors are introduced as reference points in logit space that act
as confidence indicators. A probabilistic model is then constructed, where each anchor con-
tributes to the likelihood that a logit vector corresponds to a correct prediction. These con-
tributions are aggregated and passed through a sigmoid function to yield the final probability
estimate. ALSA is evaluated on a diverse set of benchmarks, including vision, language, and
graph datasets, and demonstrates improved accuracy estimation compared to existing meth-
ods. In addition to providing useful insights into model behavior under distribution shifts, it
shows strong robustness in scenarios where the marginal distribution of the target variable
differs across datasets, which is common in real-world applications.

* Identification and analysis of information loss caused by softmax compression, em-
phasizing the importance of logit distribution in accuracy estimation.

* Development of ALSA, a novel framework that leverages logit-space distributions to
estimate accuracy under distribution shifts without the need for labeled target data.



LIUET AL.: ALSA 3

* Extensive evaluation across vision, language, and graph datasets, as well as diverse
model architectures, demonstrating ALSA’s superior performance, robustness, and
generalization ability in real-world applications.

Prior Work. Our research is related to but different from work in OOD detection [8,
22, 31] and generalization estimation [2, 10, 35, 40, 52]. Prior approaches use softmax
scores [10, 22], calibration [31], or dataset similarity [5], often at the cost of reduced gen-
erality or informativeness. ALSA addresses these issues by leveraging richer structures in
logit space. Detailed related work can be found in Appendix A.

2 Preliminaries and Motivations

2.1 Problem Definition

Consider a multi-class classification problem with input space X € R? and label space ) =
{1,2,...,c}. The source and target datasets over X' x ) are denoted by D° and D”, with
correspondmg distributions Ps and Pr. A classifier f : X — Z maps inputs to the loglt space

Z € R¢, without softmax normalization. The training and validation sets {(x t(r;m, ylram)} and

{(x ﬁgl,yval)} are drawn from Pg and used to train and validate f. Given an unlabelled test

set DT = {xtegt} ' | sampled from a different distribution Pr # Ps, the goal is to estimate the
accuracy of f on DT, denoted by Acc(f,DT).

2.2 Band Width of Logit Distribution

Classification models generally follow a similar overarching architecture. The encoder En(+)
transforms an input sample x into an embedding vector h € R™, which is then mapped to log-
its z € R® via a linear transformation. While different models vary in their encoder design,
the logits they produce are constrained to a narrow band around a (¢ — 1)-dimensional hy-
perplane in the logit space. The extent of this fluctuation, termed band width, quantifies how
far logits deviate from the hyperplane. The following proposition formalizes this constraint:

Proposition 1. Given a weight matrix W € R°™ with entries W;; ~ N(0,0y,), and
an embedding vector h whose components are independent with mean 0 and variance G,f,
suppose b = 0 and Xavier initialization is applied, ensuring the variance condition of h.

Then, the bandwidth of the logits satisfies: Bandwidth < 4z

a Gaussian distribution.

The final linear transformation, given by z = Wh+ b, projects the embedding vector h
from an m-dimensional space to the c-dimensional logit space. These logits are then nor-
malized by the softmax function to yield a probability vector z’ over the classes. A key
observation is that the softmax function is invariant to constant shifts; that is, softmax(z) =
softmax(z +¢1) for any r € R, where 1 = (1,1,...,1) € R¢. This invariance implies that
any gradient component along the direction of 1 does not affect the output distribution Z'.
Consequently, during training with gradient-descent-based optimizers, updates to z occur
only in directions orthogonal to 1, leaving its projection onto 1 unchanged. As a result, the
variation of the logits is confined to the (¢ — 1)-dimensional subspace orthogonal to 1, effec-
tively restricting them to lie within a narrow band around that hyperplane. The proposition
above precisely quantifies the upper bound of this bandwidth. The formal proof is deferred
to Appendix B.

m+c7 where z is the z-score of
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(a) True pred. (b) ATC pred. (c) ALSA pred. scatter (d) ALSA pred. surface
Figure 1: Logit distributions and accuracy estimates on the Waterbirds-WILDS validation
set using ResNet18. (a) Ground-truth correctness. (b) ATC predictions. (c) ALSA-estimated
correctness probabilities. (d) ALSA’s prediction surface over the logit region. A 3D example
for three classes is shown in Figure 5 in appendix.

2.3 Model Performance against Logit Distribution

According to the proposition stated in Section 2.2, the logits should closely follow a lin-
ear structure, as clearly illustrated in Figure 1. In Figure 1(a), each point represents a logit
output, with colors indicating whether the predictions of a well-trained model are correct.
The likelihood of correct predictions varies depending on the logit’s position. For Class 0
(horizontal axis), incorrect samples (in red) are farther from the y = x decision boundary, in-
dicating that even with high confidence after softmax, the probability of incorrect predictions
remains elevated. In contrast, for Class 1 (vertical axis), this uncertainty diminishes more
rapidly, suggesting that Class 1 requires a lower confidence threshold for nearly perfect clas-
sification. This highlights the non-uniformity in the model’s ability to distinguish between
different classes. Additionally, the distribution of incorrect samples suggests that logits carry
information along the all-ones vector. For Class 0, incorrect samples are concentrated at the
lower end of the band, whereas for Class 1, they are mostly at the upper end.

Figure 1(b) visualizes the predictions of ATC, which applies a unified softmax score
threshold to classify all samples below it as incorrect. However, this approach overlooks
variations in the probability of correct predictions across different regions in logit space and
fails to account for class-wise differences in classification difficulty.

A similar trend holds in a three-class synthetic scenario (detailed in Appendix C), where
logits cluster near a plane in 3D space. This further supports the hypothesis that the position
of logits provides additional insight into the probability of correct predictions. To explore
this, ALSA models logits’ structure and its relationship with correctness.

3 Methodology

3.1 Definition of Anchors

Since all the logits aggregate close to a hyperplane perpendicular to the all-ones vector,
it can be expected that when a vector is far from the all-ones vector, certain elements of
the vector will dominate. Such a vector will have high confidence after normalization by
the softmax function. However, a high-confidence predicted probability does not always
indicate a correct prediction. Additionally, the probability of a correct prediction is expected
to decay when no element in the predicted probability dominates, indicating that the model
is more uncertain among possible classes. Therefore, logits at different positions on the



LIUET AL.: ALSA 5

hyperplane correspond to different probabilities of the model making a correct prediction. A
set of predefined anchors is used to capture this variation in probability.

An anchor is defined as a triplet consisting of a position vector a € R, a peak influence

value p € R, and a variance v € R. The set of k anchors is denoted by A = {(a;, p;,vi) }*_,,
where a;, p;, and v; are three learnable parameters. Each anchor exerts influence on other
logits, and the cumulative influences are transformed into a probability of correct prediction
using a sigmoid function. For logits with high positive influences, a high probability of
correct prediction is expected. Similarly, for those with negative influences, it is highly
probable they will result in incorrect predictions.
Anchors Initialization. The k anchor positions are initialized by randomly sampling & logits
from the validation set. Peak values are set to a positive or negative constant, depending on
whether the corresponding logit represents a correct or incorrect prediction. Variances are
drawn from a Gaussian distribution with moderate mean and variance to allow sufficient
flexibility. ALSA is not sensitive to the specific choice of initialization, as its objective is
to learn anchors that align with the underlying logit distribution. Since anchor parameters
are continuously refined during training, different initializations tend to converge to similar
distribution given the same data. A comparison between random initialization and sampling
anchor positions from the validation set, presented in Appendix D, shows nearly identical
prediction surfaces, supporting the robustness of ALSA to initialization choices.

3.2 Influence Function of Anchors

Let the logit vector z; from the classifier f cor-
respond to input sample x;, that is, z; = f(x;). pieal ostfors

In order to quantify the influence that a set Anchors st Leamap,v Learmed anchors
of anchors A exerts on the logit vector z;, an J Learn
influence function Infl(-, ) is required. Ideally, " X
this function should:

/ Unlabeled data

Correct/incorrect predictions

@ @ Initial positions of anchh

Unlabeled data Assign possibilities

p— Inference >

/

Figure 2: The workflow of ALSA: Anchors
are learned from the validation set. During

¢ Exert an influence that diminishes as the
distance between the logit vector and the
anchor increases.

e Have parameters to control the maxi-
mum influence and distance an anchor

can exert.

» Be differentiable to facilitate optimiza-
tion.

the testing phase, the probability of correct-
ness is assigned to each logit. For regions
where the anchor cannot generalize well,

rectification is performed.
Given these criteria, a Gaussian-like influ-
ence function is proposed for a specific anchor
(aj,pj.v)):

(D

The magnitude |p;| controls the maximum influence an anchor can exert on a logit, and its
sign determines the nature of the influence (positive or negative). As the squared distance
distz(zi,a ;) increases, the influence decreases rapidly. The variance v; controls the decay
rate of the influence; a smaller v; value allows the influence to propagate over a greater
distance.

Infl(z;, (a;,p;,vj)) = pjexp (fvidistz(zi,aj)) .
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The total influence that a logit z; receives from the set of anchors A is defined as:
Infl(z;, A Z pj exp v?distz(zi,aj)) , 2)

where the distance function dist is the cosine distance between two vectors, defined as
Z;-a j

dist(z;,a;) =1— ————.
o EANER

3

The bounded nature of cosine distance within [0, 2] helps maintain parameter stability by
preventing extreme values, thereby promoting a more stable training. Finally, the probability
that the model will give a correct prediction when the logits are z; is given by:

Pirue(2i) = Sigmoid (Infl(z;,.A)) . )

Although the Gaussian-like function satisfies the desired properties, the choice of influence
function is not unique. An alternative approach is to use an exponential influence function,
which is defined as:

Infl(z;, (aj, pj,v;)) = pjexp (—v; dist(z;,a;)) . o)

Unlike the Gaussian-like function, which decays quadratically with distance, the exponential
function decreases more rapidly when the distance is small but more gradually when the
distance is large. To examine its effect, this alternative formulation is also evaluated in the
experiments.

3.3 Model Inference

For an unlabeled target dataset with n samples D7 = {x;}!_,, the corresponding logits set is
denoted as ST = {z . The initial predicted accuracy of the evaluated model f on target
dataset D7 is provided as the arithmetic mean of the probability of correct prediction for all
samples:

Acctram f , D r Z plrue (6)

Estimation Rectification. Some logits may receive minimal influence from all anchors,
indicating they are located far from known regions in logit space. In such cases, the total
influence Infl(z;,.A4) approaches zero, leading to an estimated probability near 50% after
applying the sigmoid function. However, this is unreliable, as it reflects high uncertainty
rather than an informed prediction. To address this, a simple rectification is applied: if a
sample’s logits receive insufficient influence, the prediction is set to pyye(z;) = %, where c is
the number of classes.

A logit is deemed negligibly influenced if it falls outside a pre-specified confidence in-

terval of an anchor’s influence peak, controlled by a confidence interval o € (0,1). Specif-
2

ically, for a Gaussian-like influence function, the cut-off is given by ¢ = pe_(erf_](“)) ,
where erf~!(-) is the inverse error function, and for an exponential influence function, it
ist = p(1 — o). This cut-off, derived from the confidence interval ¢, is independent of vari-
ance, serving as a unified threshold for all anchor influences in the two proposed influence
functions. Proof is in Appendix E.
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Finally, the predicted accuracy is:

ACC fa Zprec @)

where prec(z;) is defined as:

®)

1

c

Sigmoid (Infl(z;, A))  |Infl(z;, A)| > 1,
otherwise,

where c is the number of classes.

3.4 Learning Objective

The source validation set is denoted as D = {( Xya0 ysd)l) 1, with n samples Using the

classifier f, the logits for each sample are obtained, resulting in the set {( Zoals y‘(,a)l) s
where 1521 =f(x <Va>1) The predicted label is defined as §; = argmax zs,d)l o where z\(/a)l jisthe

J-th element of 29 Additionally, 6; =1(; = ys 31) is defined. Thus, the set {( le, o) M, is

val*
obtained. The set of anchors with k anchors is A = {(a;, p;,v j)}’j‘zl
For each zsgl, ptme(zi’a)l) is defined as the probability that the model will make a correct

prediction. The Binary Cross Entropy Loss is used as the loss function. By minimizing

=Y [6-102 (praelall) +(1—8) 10 (1 pae(e) ] ©)

i=1

where the set of anchors can be learned that reflects the distribution of logits and the
probability that the model will give correct predictions when logits are in different regions.

The stopping criteria for the training process must also be considered. The model’s true
accuracy on D is given by Acc(f,D) = % " 8i. After each training epoch, the predicted

accuracy is calculated as AAcctrain( f,D)= %Z?:l ptrue(zi;)l). The training is stopped when

|Accuain(f, D) —Ace(f,D)| < &. (10)

Here, € is a very small positive number in the range (0, 1]; in practice, € = 10 is used for
all experiments.

4 Experiments

Datasets. Multiple benchmark datasets across different types of distributions, including
vision, language, and graph datasets, are considered in this study. Natural shift: Non-
simulated shifts from data collection variations are evaluated using CIFAR-10.1 [39], CIFAR-
10.2 [33], and ImageNetV2 [40]. Subpopulation shift: Subpopulation changes are exam-
ined using Waterbirds-WILDS (W-WILDS) [41] for vision tasks and Amazon-WILDS (A-
WILDS) [28] for language tasks. Synthetic shift: Deliberate corruptions are tested using
CIFAR-10C [21], CIFAR-100C [21], and MNIST-M [51]. Domain shift: Domain adapta-
tion is evaluated using the Office-31 dataset [29], with data from three domains. Temporal



8 LIUET AL.: ALSA

Table 1: MAE of accuracy estimates on vi- Table 2: MAE between estimated and true
sion and language datasets, averaged over accuracy on ogb-arxiv, averaged over three
three seeds. Bold: best; Italics: second- seeds. AVG. denotes the mean across back-
best among ours. Full table with std in Ap- bones. Full results with standard deviations

pendix L. are in Appendix .

Dataset  Variant AC DoC IM ATC COT ALSAE ALSAG Model AC  DoC IM GNNEval ATC COT ALSA-E ALSA-G
CIFAR-10.1 4.82 4.69 5.70 1.27 3.02 2.83 1.22 GCN 1.61 294 389 10.59 1976  6.64 113 0.99

CIFARI0 CIFAR-10.2 7.97 7.84 8.74 4.59 6.20 0.61 4.19 SAGE 131 172 207 10.42 2531 5.85 221 1.08
CIFAR-10C 6.57 6.44 7.60 228 3.18 5.09 4.18

GAT 324 416 460 1334 2389 506 173 101

CIFARI00 CIFAR-100C  9.46 7.80 9.02 3.85 241 7.26 6.56 GIN 3009 586 7.17 9.54 3228  30.79 2.18 2.14
Si 2

Awip  Subrer! 370216 214 550 339 EEOCCuRLY AVG. 906 367 443 1097 2531 1209 18I 130
Subpop2 4.19 2.65 2.65 5.82 4.18 1.43 117

‘W-WILDS  Subpop 0.78 0.79 0.74 1.55 0.97 0.32 0.54

ImageNet ImageNetv2 3.63 2.68 2.85 0.75 9.57 4.07 322

MNIST MNIST-M 1327 1344 1629 1363 496 2.82 3.09

Office-31 domain 38.67 3447 3290 4155 11.40 835 177

shift: Temporal changes are assessed using the ogbn-arxiv dataset [23], focusing on time-
evolving data. Further dataset setup details are in Appendix F.

Baselines. The proposed method, ALSA, is compared with the baseline methods. Average
Confidence (AC) [10] estimates error by averaging maximum softmax confidence. Differ-
ence of Confidence (DoC) [16] uses the difference in confidence between source and target
data. Importance Re-weighting (IM) re-weights classifier error using confidence-based
slices [3]. Average Thresholded Confidence (ATC) [10] estimates error by thresholding
softmax confidence values. Confidence Optimal Transport (COT) [34] uses optimal trans-
port cost to quantify distributional shifts. GNNEvaluator (GNNEval) [52] predicts GNN
performance using simulated graph data. ALSA with an exponential influence function is
denoted as ALSA-E, while ALSA with a Gaussian-like influence function is denoted as
ALSA-G or simply ALSA. Detailed explanations for baselines are in Appendix G and the
details of experimental setup can be found in Appendix H.

4.1 Results

Results across Modalities. Tables 1 and 2 summarize MAE results on vision/language
and graph datasets, respectively. The proposed method consistently ranks among the top
performers across diverse distribution shifts. It significantly outperforms all baselines on
subpopulation benchmarks (e.g., Amazon-WILDS, Waterbirds-WILDS) and achieves strong
results under natural shifts (e.g., CIFAR10.1, CIFAR10.2). On synthetic corruptions (e.g.,
CIFAR-10C, CIFAR-100C), it remains robust across a wide severity range, with Appendix I
showing accurate estimates even when true accuracy drops by over 30%. As no method can
guarantee correctness under all conditions due to the nature of the task [10], it is notable that
while baselines exceed 10% error on at least one dataset, our method consistently remains
below this threshold. In the graph domain (ogbn-arxiv), it delivers clear gains across all
GNN backbones under temporal shifts.

Correlation with True Accuracy. Table 3 reports R> and Pearson correlation (p) values
on ogbn-arxiv across years. The proposed method consistently achieves the high correlation
scores across models, demonstrating its ability to track true performance under distribution
shift.



LIUET AL.: ALSA 9

Table 3: R? and Pearson correlation (p) between esti-
mated and true accuracy. R? reflects fit to y = x; p mea-
sures linear correlation. Higher is better. Best results are
highlighted.

AC DoC ™M GNNEval ATC cor ALSA

Additional analyses are pro-
vided in the appendix to support
the robustness and interpretabil-
ity of ALSA. Appendix J ex-
amines the effects of key hyper- ~ Mod
parameters, including the confi-

. GCN 084 096 052 096 025 096 -2928 -023 -1742 095 -1.12 096 0.94 0.97
dence interval o and the nUM-  §ie 085 097 074 095 051 095 2900 029 4332 098 213 096 087 0.98
ber of anchors.  The analysis  GX' 0% 055 ‘a0 ass o0 076 195 010 w02 08 1702 08 032 046
shows that while extreme values (6™ 405 001 141 091 214 08 3060 02 7113 083 4355 085 060 085
of the confidence interval o can
lead to increased estimation er-
ror, ALSA remains robust across a broad and practical range of settings. Performance also
stabilizes once a sufficient number of anchors is reached. Appendix K presents a complexity
analysis, showing that inference time scales linearly with the number of samples. Inference
and training time comparisons are also reported, demonstrating a favorable trade-off between
accuracy and efficiency.

R? P R? P R? P R? P R? P R? P R? P

0.058-
0.03 == GCN 0.054- B CIFAR-10.1 - | |
SAGE . CIFAR-10.2

w0.02 | w0050~ | ‘ ! ! -
= =0.0250- g | . | -

0.01 = = = =

| ol | | T
0.00 L Fixa Fixp Fixv Fix p&v 0.0000- L Fixa Fixp Fixv Fix p&v

(a) GCN and SAGE for ogbn-arxiv  (b) CIFAR-10.1 and CIFAR-10.2
Figure 3: (a) MAE is reported to evaluate the GCN and SAGE models on the ogbn-arxiv
dataset by ablating different modules. (b) MAE is reported to evaluate the ResNet18 model
on CIFAR-10.1 and CIFAR-10.2 by ablating different modules.

4.2 Ablation Study

The ablation study evaluated the effectiveness of the learnable parameters in ALSA with
1. anchor position (a), representing each anchor’s position in logit space; 2. peak influence
value (p), indicating the maximum positive or minimum negative influence an anchor can
exert; and 3. variance (v), determining the extent of the influence. To test different configu-
rations, these parameters are either fixed after initialization or updated during training. Five
experiments are conducted: 1. Lrn: all parameters (a, p, and v) are learnable; 2. Fix a:
anchor positions are fixed; 3. Fix p: peak values are fixed; 4. Fix wv: variances are fixed;
and 5. Fix p&v: both p and v are fixed.

MAE is utilised as the metric of ablation study. As shown in Figure 3, ablating any
component leads to an increase in error, whereas the fully learnable configuration consis-
tently attains the lowest error. Although the severity of the degradation varies, the learnable
configuration consistently outperforms the others. The anchor position defines the region
being modeled, and making it non-learnable (Fix a) restricts the model to focusing on the
probability distribution of only specific regions. Fixing any of the peak influence value (Fix
p), the variance (Fix v), and both (Fix p&v) hinders the anchors to provide a more fine-
grained influence decay, which results in worse generalization of probability distribution.
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Pos Anchors - Pos Anchors
Neg Anchors = Neg Anchors

NI A .
‘k s .
" W "
(a) 500 anchors (b) 100 anchors (c) 2000 anchors (d) 500 anchors

Figure 4: Comparison of learnt anchors from ResNet18 on the Waterbirds-WILDS with 500
vs. 100 anchors (a and b), and on CIFAR-10 remapped to a three-class problem with 2000
vs. 500 anchors (c and d). The color represents the peak values, while the point size reflects
the extent of influence. Note that in our experiments, the influence decays according to the
cosine distance rather than the Euclidean distance, as might be intuitive from the image.

4.3 Visualization of Anchors

This experiment illustrates the learnt anchors on two settings: the two-class case on Waterbirds-
WILDS and the synthetic three-class case, which is remapped to three classes on CIFAR-10,
as shown in Figure 4 (a, b) and (c, d), respectively. The anchor positions, their peak values
(indicated by color), and variance values (indicated by point size) are shown.

A clear aggregation pattern emerges, where positive and negative anchors (anchors with
positive or negative peak values) cluster in distinct regions of logit space. This pattern sug-
gests that logits with similar predictive performance tend to group together. Moreover, the
consistent distribution of anchors across different anchor counts indicates that they consis-
tently align with the same underlying distribution in the training data, further verifying the
validity of our method.

5 Conclusion

In this work, ALSA, a framework designed to better understand the distribution and proba-
bility of correct predictions within the logit space, was proposed. The approach is motivated
by the observation that models often exhibit imbalanced prediction performance across dif-
ferent classes—an issue overlooked by existing methods. By analyzing the properties of
logits distributions, it is demonstrated that this information can be captured using only a
limited number of anchors. Extensive experiments across diverse datasets and domains, in-
cluding vision, language, and graph tasks, validate the effectiveness of ALSA in accurately
estimating model performance. The results show that ALSA not only provide a more robust
method for accuracy estimation but also offer deeper insights into model behavior, making
them highly applicable for real-world machine learning deployments.
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