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ABSTRACT

While 2D human pose estimation (HPE) has achieved strong advances in keypoint
localization, the ranking of pose confidence scores has received little attention.
These scores are central to evaluation protocols such as mean Average Precision
(mAP) and to applications like pose selection, where predictions are ordered or
filtered based on their scores. Yet, the quality of these rankings is often suboptimal,
limiting overall performance. In this paper, we ask whether explicitly optimizing
the ranking of confidence scores, without altering keypoint coordinates, can im-
prove HPE. To this end, we formulate confidence ranking as a pairwise ordering
problem, which, to our knowledge, has not been directly explored in HPE. We
further propose a rank loss that upper bounds the negative expected likelihood
of correct orderings and guarantees that reducing the loss leads to higher-quality
rankings. To validate this formulation, we present Ranked Confidence Net (RCNet),
a lightweight module with only 0.07M parameters that refines confidence rankings
post hoc while leaving keypoints unchanged. RCNet serves as both a conceptual
demonstration of the value of ranking and a practical tool with negligible com-
putational cost. Experiments on COCO show consistent improvements across
strong HPE baselines, with an average gain of 0.7 mAP (ranging from 0.3 to 1.8),
and consistent gains on CrowdPose. These results establish confidence ranking,
independent of coordinate refinement, as an effective and previously overlooked
direction for advancing human pose estimation.

1 INTRODUCTION

2D human pose estimation (HPE) aims to localize human keypoints from images and has seen rapid
progress with increasingly accurate localization methods. Beyond localization, confidence scores
are equally important. In safety-sensitive applications such as autonomous driving and human-robot
collaboration (Abdar et al.| [2021}; |Su et al., 2023} |Schert et al.| 2024), downstream decisions require
reliable estimates to select trustworthy poses. Evaluation metrics also emphasize confidence: mean
Average Precision (mAP), the dominant benchmark in HPE, is confidence-sensitive because it depends
on how well predicted scores align with the true quality of poses.

Crucially, it is not only the reliability of individual scores that matters, but their relative ordering.
A case study in Fig. |1| shows how misranking can severely harm performance: assigning higher
confidence to a false positive (P4) than to true positives (P2 and P3) causes a large drop in AP, even
though all keypoint localizations are identical. This reveals that the effectiveness of confidence in
HPE depends fundamentally on ranking quality, a factor that has received little systematic study.

Despite their importance, confidence scores and their ranking have been largely overlooked in HPE, or
treated only with heuristic refinements that lack theoretical grounding (Geng et al.,2021;|Cheng et al.|
2023 |Gu et al.| [2023). For example, \Geng et al.[(2021)) and |Cheng et al.| (2023) apply model-specific
Multi-Layer Perceptrons (MLPs) to adjust confidence values, but these are ad hoc designs that regard
confidence as a secondary detail and provide no analysis of its impact on performance. |Gu et al.
(2023)) represents the first formal study of confidence in HPE, emphasizing that ranking is crucial
for pose performance. However, its analysis is limited to methods that represent pose predictions as
Gaussian distributions (Xu et al., [2022; [Li et al., 2021)), restricting its applicability to a narrow subset
of architectures, namely top-down approaches.

In this paper, we argue that the central role of confidence in HPE lies in producing the correct ranking
of predicted poses. To capture this, we cast confidence refinement as a probabilistic ranking problem.



Under review as a conference paper at ICLR 2026

(a) Keypoint  (b) Incorrect score ranking  (c) Correct score ranking (d) SOTA methods

localization  prec.  pj= pss po= p3 Prec.  P1>P2>P3>P4 ranking accuracy
True positive
100%
4 oP1 Vv 1 ° 1 ° ° 0

oP2 VvV o ° " -
# 0.5 o 05 50% I~
P3 AP=0.76 AP=1.0

False positive

N eP4X ° 033 066 1 Re 03 066 1 Ree O o \\«QQ ?\NN Nl 9‘8(&
Figure 1: Impact of confidence ranking on AP. (a) The keypoint localization with P1, P2, P3 matched
as true positive and P4 matched as false positive. (b) An example of incorrect confidence ranking.
Ranking a false positive (P4) before true positives leading to 0.76 AP. (c) Ranking all true positives
before the false positive, achieving perfect 1.0 AP. (d) Ranking accuracy of several state-of-the-art
HPE methods. The results show that many existing models often fail to rank predictions correctly,
with accuracy close to random (orange dashed line). Rec. indicates recall. Prec. indicates precision.

We begin by formulating the task as pairwise ranking, defining the probability that a model correctly
orders a pair of poses. The objective is to maximize the expected pairwise ranking accuracy across
all pose pairs, which in turn leads to an optimal global ranking. From this formulation, we derive
an upper bound on the expected negative log-likelihood of correct orderings (Theorem[I), yielding
a closed-form rank loss. Our theoretical analysis further shows that minimizing this loss is bound
to improve ranking accuracy in a given rate (Theorem [3)) and guarantees convergence (Cor. [0 see
Appx.[I3), properties that are desirable in algorithm design. Unlike the strategy of [Gu et al. (2023),
which depends on Gaussian-based pose representations, our formulation is architecture-agnostic and
can be seamlessly applied across different HPE pipelines.

To assess the impact of confidence ranking, we ask whether performance can be improved by refining
the rank of scores alone, without altering localization or introducing complex modules. To this end,
we design a minimal module that applies a principled ranking loss while keeping keypoint coordinates
fixed. Concretely, we introduce Ranked Confidence Net (RCNet), a lightweight plug-and-play module
with only 0.07M parameters that refines pose-level confidence scores to maximize pairwise ranking
accuracy. Its simplicity ensures that the observed gains come from improved ranking rather than from
architectural complexity or additional capacity.

We conduct extensive experiments on the COCO and CrowdPose datasets using a wide range of
state-of-the-art HPE baselines spanning top-down, one-stage, and bottom-up paradigms. On COCO,
RCNet delivers consistent improvements, with an average gain of 0.7 mAP and up to 1.8 mAP. On
CrowdPose, where heavy occlusion makes localization the main bottleneck, RCNet still provides
consistent gains when keypoint coordinates are held fixed. These results demonstrate that even a
small and simple module can reliably improve performance, indicating that future progress in HPE
may come not only from further localization refinements, already close to saturation in many settings,
but also from more principled treatment of confidence estimation. This underscores the need for
deeper study of confidence as a key direction for advancing HPE.

In summary, our contributions are:

* We present a principled mathematical formulation of pose-confidence ranking as a pairwise
ordering problem, offering a new perspective for analyzing and improving confidence in
HPE. The formulation is general and architecture-agnostic, enabling a clear connection
between ranking quality and widely used evaluation metrics such as mAP.

* We introduce a rank loss that explicitly maximizes the likelihood of correct pose order-
ings, supported by rigorous theoretical guarantees. The rank loss is both practical and
impactful: it directly improves evaluation metrics such as mAP, is architecture-agnostic, and
provides improvement guarantees that make it a reliable building block for future confidence
modeling.

* We design Ranked Confidence Net (RCNet), a lightweight, attention-based, plug-and-play
post-hoc module with only 0.07M trainable parameters and negligible inference cost, which
refines confidence rankings and yields consistent gains across diverse HPE baselines.
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2 RELATED WORKS

2D Human Pose Estimation Early top-down pipelines detect a person bounding box and then apply
a single-person pose estimator, evolving from multi-stage cascades such as Hourglass (Newell et al.,
2016) to high-resolution backbones like HRNet (Sun et al., 2019) and SimpleBaseline (Xiao et al.|
2018)). Bottom-up methods detect all keypoints jointly before grouping them into skeletons, with
approaches including OpenPose, Associative Embedding (Newell et al.,|2017), HigherHRNet (Cheng
et al}2020), and DEKR (Geng et al.,|2021)). One-stage frameworks (Liu et al.,2023b} |Yang et al.|
2023)) integrate detection and grouping in a single pass (e.g., RTMPose (Jiang et al., [2023)), YOLO-
Pose (Mayji et al.,|2022)). Recent transformer-based designs such as ViTPose (Xu et al.,[2022)) and
hybrid decoupling networks (Cheng et al.||2023) set new accuracy records, though improvements in
mAP have slowed, motivating a closer study of confidence scores.

Confidence Estimation Confidence calibration aligns predicted scores with empirical correctness.
Classical approaches include Platt scaling (Platt et al.l [1999) and temperature scaling (Guo et al.,
2017), with extensions such as focal loss (Lin et al.,|2017) and Bayesian binning (Naeini et al., 2015)).
Calibration has been widely studied in classification (Guo et al.| 2017 Mukhoti et al.l 2020} |Ghosh
et al.| 2022)), detection [Pathiraja et al.| (2023)); Q1 Fan et al.|(2022)), and segmentation (Wang et al.,
2023; [Pau de Jorge et al., [2023), but only recently in HPE. |Gu et al.| (2023) adapted temperature
scaling to Gaussian heatmap heads, showing mAP improvements but with limited applicability to
heatmap-based top-down models.

Learning to Rank Learning-to-Rank (LTR) methods learn scoring functions for ordering items,
including pairwise ranking with SVM-Rank (Joachims)} 2002), Bayesian Personalized Ranking (Ren
dle et al., 2012), RankNet’s cross-entropy loss (Burges et al., 2005), lambda-based pseudo-
gradients Burges et al.| (2006)); Burges| (2010a)), LambdaMART (Burges} |2010b), and listwise re-
laxations (Qin et al., 2010; Pobrotyn & Biatobrzeski, [2021)). Our setting differs in that we apply
task-specific, post-hoc re-ranking of pose confidences after baselines produce keypoints and initial
scores. While some general LTR methods can transfer, they are not directly effective for HPE. Related
work in detection ranking (Chen et al., [2020; (Qian et al., [2020) provides additional context, with
further ablations in Appendix

3 PRELIMINARY

3.1 PROBLEM SETTING

Given an image I € R3*"X® containing multiple persons, 2D HPE seeks to learn a pose estimator
M that predicts k keypoints for each person. Along with keypoint coordinates, M also assigns
a confidence score s € [0, 1] to each pose p € R**2, where the last dimension stores the (z,%)
locations. The estimator therefore outputs a set of pose predictions together with their associated
confidences:

(p17p27"'7pN)7(517527"'75N):M(I)' (1)

Most existing HPE baselines primarily optimize the localization accuracy of p, while the confidence
scores s are often handled with simple heuristics. Top-down methods fuse the detector score with
the average of keypoint heatmap peaks; bottom-up models aggregate selected keypoint confidences
after grouping; and one-stage transformer-based approaches often use the decoder’s query score. In
contrast, this work explicitly focuses on studying and improving s through principled ranking.

3.2 EVALUATION METRIC AND GROUND-TRUTH ORDER OF CONFIDENCE SCORES

Evaluation in HPE begins at the keypoint level, where the standard metric is Object Keypoint
Similarity (OKS) Lin et al.[(2014). OKS provides a continuous measure of keypoint accuracy based
on distance, visibility, and keypoint-specific tolerances, as defined in Eq. 2] where v; indicates
visibility, o; is the predefined variance for keypoint ¢, p; is the predicted location, p; is the ground-
truth, and ¢; is a dataset-defined normalization constant:

k *
OKS = Zvi exp <—”pl_pl”) . )

2.2
= 207c;
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Table 1: The ranking accuracy of existing methods on COCO val set.

Method | HRNet | ViTPose | CID | GroupPose | EDPose | LogoCap | HighierHRNet | SWAHR | DEKR | PINet
Rank Acc. | 59.12% | 5839% | 5837% | 52.00% | 53.31% | 5749% | 5721% | 63.56% | 59.59% | 56.04%

By design, OKS values lie in [0, 1], making them natural surrogate ground-truth scores s*. Higher
OKS indicates higher relative quality and thus determines the ground-truth ordering among poses.
Using these values, HPE is typically evaluated at the person level with two summary metrics: mean
Average Precision (mAP) and mean Average Recall (mAR), computed over 7' = 10 OKS thresholds
{7 }1_, evenly spaced between 0.50 and 0.95.

Mean Average Precision (mAP) mAP is defined in Eq. [3} where Z is the indicator function and ¢’
indexes predictions after sorting by confidence s;. This mirrors the area under the Precision—Recall
curve (AUPRC) in classification. Crucially, because sorting is performed before integration, mAP is
sensitive to the ranking of confidence scores, while their absolute magnitudes play no role (see Fig. [T]
for illustration).

I(OKS] > Tt) 3)

2

L ZZ OKS >1) i

tlz/l

Mean Average Recall iInAR) mAR, given in Eq. {4} aggregates recall across thresholds without
sorting, making it insensitive to confidence ordering. This parallels the area under the ROC curve
(AUROC).

AR — Z(OKS; > 7)

>

t=114

“

Nl

T N
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Between the two, mAP is the primary benchmark, as it evaluates both coverage and ranking quality,
rewarding methods that place correct poses at the top of the list. In contrast, mAR merely answers

whether correct poses were detected, regardless of their position. For this reason, most works
emphasize mAP as the headline metric and report mAR only as a secondary measure.

3.3 CURRENT STATUS OF CONFIDENCE RANKING

Although confidence ranking is crucial for HPE, most existing methods do not optimize it explicitly.
As shown in Tab.[I] the pairwise ranking accuracy of predictions matched to ground-truth poses
hovers around 60% across common baselines, with the strongest (SWAHR) only slightly higher. For
comparison, random ranking yields 50% accuracy. This persistent gap highlights the limitations of
current approaches and motivates our method.

4 PROPOSED METHOD

Existing HPE models produce confidence scores, but because these scores are not explicitly trained
to reflect the correct ordering of pose quality, the resulting ranking accuracy is only slightly better
than random when evaluated pairwise. To address this, we design a lightweight module that reorders
the pose predictions of a pretrained estimator M by refining their initial confidence scores s. Since
current ranking accuracy is nearly random, we first analyze the failure modes of random ranking,
which motivates our formulation.

Random Ranking The worst case arises when confidence scores are assigned randomly, i.e., s is
sampled i.i.d and independent to poses. For a random sampled pair of poses (i, j), the probability of
correct ordering is

Preat = P(si > 55, 57 > 57) + P(s; < 55, 57 < 57). 5)

Assuming a fixed, well-trained model M, the ground-truth scores s* can be regarded as i.i.d.
Expanding with Bayes’ rule then gives

P = P(si > 55 | s7 > s )P(s; > s7) +P(si < 55| 57 <s7)P(s] <sj). (6)
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With i.i.d. sampling, the two conditional terms are equal and reduce to %, yielding Pi{;mct = 0.5, the

same as a coin flip.

This analysis shows that the i.i.d. assumption of s and s; locks ranking accuracy at chance level. To

overcome this, we propose a two-step approach: (1) generate a refined score s’ from a parametric
distribution pg(s'; s, p) so that s; and s’; are no longer identically distributed, and (2) learn parameters

0* that maximize Piﬁmcl induced by s’. This leads naturally to our rank loss.

4.1 RANKLOSS

Problem Formulation We denote the relation between two elements x and y as z < y, where
< indicates either > or < and ties are excluded. The training objective in Eq.[7)is the expected
negative log-likelihood of predicting the correct pairwise relation. We therefore seek the parameters
0* = arg maxy(—L(#)), which maximize this likelihood or, equivalently, minimize the loss L(6):

L(Q) = _Eij [1Og Pi‘grrect] = _Eij [log PQ(S; = S;" Sr = 8;)]’

= —Ei;[log Py(s; < sjls7, s7)p(s7)p(s))], ©)
= —Eyj[log Py (s; < sj|s7, s7)].

Laplacian Assumptions To obtain a closed-form expression for the loss, we adopt two assumptions:

* The refined confidence s’ follows a Laplace distribution, s’ ~ Laplace(u, b).

* The distribution mean y is Laplace-distributed around s*, i.e. u ~ Laplace(s*,d’).

For the first assumption, the choice of a Laplace distribution is motivated not only by tractability
but also by its connection to strictly proper scoring rules in probabilistic forecasting (see App.[G).
For the second assumption, after discarding poses with very low initial scores s, a well-trained HPE
baseline should produce scores near their true values s*. A refined score s’ should also lie close to s*,
focusing the task on ranking relatively high-quality poses.

We further replace 1 with a learnable network pg (s, p). After training, the refined score s’ is estimated
by we(s, p). Definition 1| introduces the rank loss [(6), where 83 = i) — 17 is the refined score
difference, and the score margin m;; = |6,/ | < ¢ := 1since s’ € [0, 1]

Definition 1 (Rank Loss). The rank loss under the Laplacian assumption is defined as

2 * 7 i
10) = L Eillsi — moll + Eijlg(65")]; ®
where g is defined below
%(5;’ —c)? + %(55)2 if sy > sj, (53 € [0,
g((sl]) — %((%J + C)2 - %(5;])2 lfS;f < S;a 6;J € [O,C] ) 9)
0 3008 =0 =3087)° if st > 57, 8 €[~¢,0)
3005 + )+ 5(65) ifs; <s}, 0 €[—c,0)

Properties of Rank Loss  Theorem|1|shows that {(6) upper bounds L(6). Minimizing {(6) thus
indirectly optimizes L (), analogous to variational methods that optimize bounds on intractable
objectives. Proofs appear in Appx.[J.1]

Theorem 1 (Upper Bound). L(6) < I(0) under the Laplacian assumption.

The first term of [() pulls refined scores s’ toward their references s*. The second term, g(é(gj ),

enforces correct ordering. When a misranking occurs, g drives 8,/ toward zero, encouraging a sign
flip that corrects the order. When the predicted order is correct, g stabilizes the margin m;; near ¢/2,
preventing collapse of refined scores to 0 or 1. Proposition formalizes this, showing that ¢/2 is the
expected optimal margin in the uniform case (proof in Appx.
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Figure 2: RCNet with rank loss. RCNet corrects initially misordered pairs (e.g., p2 and p4). (1) Early
in training, the loss focuses on flipping the sign of the score difference to fix the order. (2) Once the
order is correct, the loss regularizes the margin toward 5. Pairs that are already correct follow step
(2) directly.

Proposition 2 (Specificity of the Margin). § is the expected optimal margin in pairwise ranking
under a uniform prior on confidence

Remark. In practice, < serves as a safe default margin when no prior information is available. For
known baselines or special setups, the margin can be tuned as a hyperparameter. An ablation study is
provided in Appx.[D]

Finally, Theorem guarantees that reducing /() always improves pairwise ranking accuracy, ensuring
convergence of P qrect.

Theorem 3 (Improvement of Ranking Accuracy). If 1(0) decreases at iteration t, then P opree; =
Ei; [P rect] increases at a rate of at least:

o(min{Eills] — pil], Eii[(6)* — (6,21)%]}),
where i and 5? denote values at iteration t.

The theorem shows that every reduction in the loss guarantees an increase in ranking accuracy, with
the rate of improvement lower-bounded by a given term. Here, /1; denotes 4, and 6, denotes 6,/ at
iteration ¢. The rate also highlights that ranking accuracy depends on two terms. The first term aligns
the predicted scores with the surrogate ground-truth s* that induces the target ordering. Reducing this
estimation error increases ranking accuracy. The second the term is the variance of the refined score
gaps. If this variance becomes too small, the model cannot confidently separate poses, leading to
reduced pairwise accuracy. As a direct corollary, the expected ranking accuracy P .oy rect 1S guaranteed
to converge whenever the loss is decreasing or convergence, since the P .o roct 1S bounded by 1 and
increases in a given rate.

4.2 RCNET

With the theoretical foundations established, we now instantiate the neural function (s, p) for
pairwise confidence refinement. Unlike per-pose correction, the model must capture dependencies
across all detected poses. A self-attention block is a natural choice: it treats the set of poses as a
sequence, models their interactions, and satisfies the gradient-Lipschitz continuity condition, which is
a standard assumption that ensures a stable decrease of the loss and underpins convergence guarantee.

We therefore introduce Ranked Confidence Net (RCNet), a lightweight module consisting of a
one-head self-attention block with two additional linear layers (head and tail). The full pipeline is
shown in Fig. 2]

Formally, RCNet first extracts individual features from the sequence of scores [s] = [s1, ..., 5] and
poses [p] = [p1, ..., Ppn] through a feature extractor ¢
e = ¢([s], [p])- (10)

These features are then processed by a = A(e), where A is a self-attention encoder. Finally, a
lightweight MLP head with a sigmoid activation outputs the refined scores: s’ = sigmoid(#(a)). In
compact form, RCNet is expressed as:

Ro([s], [p]) = sigmoid o H o Ao ¢([s], [p]). (11)
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Table 2: Evaluation on COCO val set. "+Ours" indicates performance after applying our method.
Values in blue show the improved performance introduced by our method.

Group | Method | Backbone | #Params(M) | mAP | AP | AP | APV | AP | mAR
HRNet (Sun et al.||2019) HRNet-w32 28.59 744 | 905 | 819 | 70.8 | 81.0 | 79.8

Top-down +Ours ‘ - 0.07 748 | 90.6 | 823 | 713 | 8.1 | 79.8
ViTPose (Xu et al.|[2022) ViT-base 89.99 758 | 90.7 | 832 | 723 | 82.6 | 8l.1

+Ours - 0.07 76.1 | 90.7 | 835 | 726 | 82.8 | 8l.1

CID (Wang & Zhang|[2022) HRNet-w32 29.42 69.9 88.5 76.5 64.0 | 789 | 753

+Ours - 0.07 703 | 88.6 | 76.7 | 644 | 79.7 | 753

One-stage GroupPose (Liu et al.}2023a) ResNet-50 50.22 72.1 89.6 79.1 67.0 79.8 80.0
’ +Ours - 0.07 724 | 89.6 | 793 | 674 | 80.1 | 80.0
EDPose (Yang et al.|[2023) ResNet-50 50.57 71.6 89.8 78.6 66.2 79.7 79.3

+Ours - 0.07 720 | 89.9 | 787 | 66.7 | 80.0 | 79.3
LogoCap(Xue et al.|[2022) HRNet-w32 36.05 69.6 | 875 | 759 | 640 | 78.0 | 73.6

+Ours - 0.07 70.1 877 | 763 | 645 | 789 | 73.6
HigherHRNet (Cheng et al.||2020) | HRNet-w32 28.70 674 | 86.6 | 733 | 61.7 | 763 | 71.8

+Ours - 0.07 68.1 86.6 | 738 | 62.1 | 774 | 718

Bottom-up SWAHR(Luo et al.|[2021b) HRNet-w32 28.70 689 | 88.0 | 749 | 63.0 | 774 | 73.7
+Ours - 0.07 69.5 | 8.0 | 753 | 635 | 78.7 | 73.7

DEKR(Geng et al.|[2021) HRNet-w32 29.60 67.1 87.9 | 74.1 615 | 76.1 | 72.9

+Ours - 0.07 69.0 | 86.7 | 748 | 627 | 78.6 | 72.9

PINet(Wang et al.||2021) HRNet-w32 31.30 674 | 868 | 740 | 625 | 763 | 734

+Ours - 0.07 692 | 87.1 752 | 635 | 7184 | 734

5 EXPERIMENTAL RESULTS

Implementation Details To satisfy the GLC condition, both H and ¢ are implemented as single
linear layers. All weights are initialized with Kaiming uniform He et al.|(2015)), consistent with the
second assumption. For the third assumption, training uses a 250-step linear warm-up that scales the
learning rate from 0 to 1 x 10~4, followed by a constant learning rate of 1 x 10~ for the remaining
50 epochs. The parameter &’ is fixed at 2.0. Additional details are provided in Appx.

Datasets and Metrics Experiments are conducted on COCO |Lin et al.|(2014) and CrowdPose L1
et al.| (2019). COCO contains nearly 300K annotated training poses, providing a larger dataset, while
CrowdPose includes only 85K poses. The primary evaluation metric is the rank-sensitive mAP (see
Sec. 3.2). We also report two calibration indicators, Pearson correlation and AUSE-OKS, to assess
how well the refined scores align with ground-truth confidence (see Appx. [H).

Baselines We evaluate RCNet on a wide range of HPE baselines, including top-down (Sun et al.|
2019; | Xu et al.l [2022)), bottom-up (Xue et al., 2022; |Cheng et al.| 2020; [Luo et al. [2021aj (Geng
et al.,[2021; |Wang et al.}|2021)), and one-stage (Wang & Zhang, [2022} |Liu et al.| 2023b; |Yang et al.,
2023)) methods, providing comprehensive coverage. CCNet (Gu et al., [2023)) is omitted because no
official code is available, and the reported baseline numbers in the paper are inconsistent with official
implementations; reproducing them would be misleading.

5.1 QUANTITATIVE RESULTS

COCO Val Tab. 2] reports the effect of RCNet on the COCO val set. With only 0.07M extra
parameters added to each baseline, RCNet improves mAP for every method tested. Top-down
and one-stage methods such as HRNet-w32 and CID show steady gains of +0.3-0.4 mAP, while
bottom-up systems benefit the most: DEKR and PINet improve by about +1.8 mAP, corresponding to
a 2-3% relative jump. These results demonstrate the module’s efficiency: sub-percentage parameter
growth yields percent-level accuracy gains.

Gains are concentrated where confidence ordering matters most. Columns AP and APM/I improve
across nearly all methods (e.g., HigherHRNet gains +0.5 AP7?), showing that RCNet strengthens
high-quality pose detections. In contrast, AP remains nearly unchanged, as the module focuses
on refining ranking rather than altering keypoint localization. Recall metrics are also unaffected,
confirming that RCNet neither introduces spurious detections nor removes valid ones. Overall, Tab. 2]
highlights how a lightweight self-attention head can consistently refine confidence ranking across
paradigms. Fig. [6]illustrates two examples, showing how RCNet corrects mis-ordered scores so the
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Table 3: Evaluation on CrowdPose test set. “+Ours” indicates performance after applying our method.
Values in blue show the improved performance introduced by our methods.

Group | Method | Backbone | #Params(M) | mAP | AP*® | AP™® | AP® | APM | APY
CID (Wang & Zhang.[2022) HRNet-w32 29.42 | 712 89.8 767 | 779 | 719 63.8

+Ours - 0.07 71.3 89.8 767 | 779 | 719 63.8

One-stage GroupPose (Liu et al.]2023a) Swin-L 220.94 \ 74.1 91.3 80.4 80.8 74.7 66.3
; +Ours - 0.07 74.3 91.3 80.5 | 81.0 | 748 | 66.6
EDPose (Yang et al.,[2023) ResNet-50 50.57 | 69.8 88.8 758 | 76.7 | 70.5 61.1

+Ours - 0.07 70.0 88.8 76.0 | 769 | 70.7 61.4

SWAHR (Luo et al.;|2021b) HRNet-w48 63.91 | 71.6 88.5 776 | 789 | 724 63.0

+Ours - 0.07 71.8 88.5 717 | 79.1 72.5 63.1

Bottom-up DEKR (Geng et al.|2021) HRNet-w32 29.60 | 64.7 85.0 69.5 | 72.0 | 654 56.4
+Ours - 0.07 66.0 | 85.7 70.6 | 735 | 66.7 | 57.9

PINet (Wang et al.[2021) HRNet-w32 31.75 | 68.9 88.7 7477 | 754 | 69.6 | 615

+Ours - 0.07 69.7 89.0 75.1 76.5 70.5 62.1

HRNet (59.12% to 72.01%) GiroupPose (52.00% to 65.70%) DEKR (59.79% to 75.85%) PINet (56.04% to 77.47%)

Figure 3: Evolution of ranking loss (left y-axis) and ranking accuracy (right y-axis) across training
epochs for each HPE baseline. Methods and test-accuracy improvement are shown above each image.
Curves: training loss (red), training accuracy (green), test loss (blue), and test accuracy (purple). Full
results are provided in Appx. E}

final ranking aligns with ground truth across back-lit and indoor scenes, yielding more reliable pose
selection for downstream use.

CrowdPose Test Tab. [3|reports results on CrowdPose test for one-stage and bottom-up baselines.
One-stage models gain around +0.2 mAP, while bottom-up methods see larger improvements: DEKR
rises by +1.3 to 66.0 mAP, and PINet by +0.8 to 69.7.

Compared to COCO, the improvements are smaller but still consistent. This reflects the method’s
scope: RCNet operates solely on confidence ordering, leaving localization unchanged. The size of
the mAP gain therefore depends on how much of the dataset’s error budget comes from mis-ranking
rather than mis-localization. On CrowdPose, heavy occlusion makes localization the dominant
challenge, which our module does not address. Even so, confidence refinement remains valuable,
as it targets a complementary error source and can combine with future localization advances. This
underscores the distinct and complementary role of ranking in HPE.

Ranking Accuracy and Loss Fig.|3| shows that rank loss decreases rapidly within the first five
epochs across all baselines and flattens well before 50 epochs, with training and test curves closely
aligned. This stable behavior provides empirical evidence for convergence guarantee. In parallel,
ranking accuracy rises from around 50% to 65-75%. For example, HRNet reaches 72.01% (+13
percentage points), GroupPose improves by +13.7 p.p., and DEKR and PINet increase by 16-20 p.p.
The accuracy trajectories closely mirror the loss curves: every reduction in loss corresponds to an
accuracy gain, validating Theorem [3] The tight match between training and test accuracy further
indicates minimal overfitting. Additional results and discussion are provided in Appx.|C]

5.2 ABLATION STUDIES

Other Ranking Methods We compare our approach with representative ranking baselines from
learning-to-rank (LTR), information retrieval (IR), and object detection, as shown in the 3rd to
5th columns of Table E} Due to space limits, we report three methods: RankNet Burges| (2010a),
NeuraNDCG Pobrotyn & Biatobrzeski|(2021)), and AP Loss|Chen et al.|(2020); a broader comparison
is provided in Appx.|E] Results show that only our method achieves consistent gains across diverse
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Figure 4: A representative qualitative example of ranking correction on COCO val. From left to right:
input image; predictions from the HPE model; COCO’s greedy matching after sorted by confidence
(with false positives in pink and true positives in green); and the revised ordering showing improved
AP for this image.

Table 4: Ablation study of other ranking methods and assumptions over COCO val set. mAP is
reported. Best is bolded.

Method | Base Model | Ranking Methods | Other Assumptions | Ours
| | RankNet | NeuraINDCG | AP Loss | CRPS | Gaussian |
HRNet|Sun et al.|(2019) 74.4 73.4 74.4 74.6 69.5 74.6 74.8
ViTPose | Xu et al.|(2022) 75.8 74.5 75.6 74.7 69.8 75.9 76.2
GroupPose [Liu et al.|(2023b) 72.1 71.7 71.0 61.2 62.5 72.3 72.4
EDPose|Yang et al.|(2023) 71.6 70.6 70.6 70.4 61.9 71.9 72.0
DEKR |Geng et al.|(2021) 67.1 67.6 69.0 67.7 67.9 68.6 69.0
PINet|Wang et al.|(2021) 67.4 68.2 69.1 68.2 68.3 68.9 69.2

HPE baselines, whereas the others are less effective. RankNet optimizes local pairwise preferences
with a general formulation not tailored to HPE. NeuraNDCG focuses on top-ranked items, while
HPE requires accurate pairwise ordering. AP Loss assumes a fixed list length, but candidate poses
per image are variable and, in principle, unbounded.

Laplacian or Gaussian? We also test variations of the rank loss with probabilistic forecast or
alternative distributional assumption in the 6th and 7th columns of Table E} CRPS, the Continuous
Ranked Probability Score, is a strictly proper scoring rule widely used in probabilistic forecasting and
motivates our Laplacian choice. However, it underperforms because it is not inherently rank-aware.
Replacing the Laplacian with a Gaussian distribution yields slightly worse results, as it removes the
implicit margin regularization provided by the Laplacian. Full mathematical details of CRPS and
Gaussian appear in Appx. [G|

Training and Inference Cost All experiments were run on a single RTX 3090 with a batch size of
128 poses. The overhead introduced by RCNet is minimal: training requires only 4.32 seconds per
epoch with 665 MB of GPU memory, while inference adds just 2.25 x 10~* ms per pose with 408
MB of memory. These results indicate virtually no additional latency, making the method suitable for
real-time deployment.

6 CONCLUSION

We introduced a new perspective on 2D human pose estimation by showing that confidence scores
matter primarily through their ranking. To capture this, we formulated confidence refinement as
a pairwise ranking problem and derived a principled rank loss with strong theoretical guarantees,
ensuring that minimizing the loss improves ranking accuracy. To make the approach practical,
we proposed RCNet, a lightweight post-hoc module with only 0.07M parameters that integrates
seamlessly into diverse HPE baselines. Experiments on COCO and CrowdPose demonstrate consistent
improvements, highlighting that confidence ordering, rather than further localization refinements,
is now a key bottleneck in HPE. This work shifts attention from saturated localization accuracy to
principled confidence ranking, opening a new research direction for pose estimation. Future work
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can explore richer distributions beyond Laplacian assumptions and extend ranking-based refinement
to video and multimodal scenarios.

REFERENCES

Moloud Abdar, Farhad Pourpanah, Sadiq Hussain, Dana Rezazadegan, Li Liu, Mohammad
Ghavamzadeh, Paul Fieguth, Xiaochun Cao, Abbas Khosravi, U Rajendra Acharya, et al. A
review of uncertainty quantification in deep learning: Techniques, applications and challenges.
Information fusion, 76:243-297, 2021.

Ludwig Baringhaus and Carsten Franz. On a new multivariate two-sample test. Journal of multivariate
analysis, 88(1):190-206, 2004.

Chris Burges, Tal Shaked, Erin Renshaw, Ari Lazier, Matt Deeds, Nicole Hamilton, and Greg
Hullender. Learning to rank using gradient descent. In Proceedings of the 22nd international
conference on Machine learning, pp. 89-96, 2005.

Christopher Burges, Robert Ragno, and Quoc Le. Learning to rank with nonsmooth cost functions.
Advances in neural information processing systems, 19, 2006.

Christopher JC Burges. From ranknet to lambdarank to lambdamart: An overview. Learning, 11
(23-581):81, 2010a.

Christopher JC Burges. From ranknet to lambdarank to lambdamart: An overview. Learning, 11
(23-581):81, 2010b.

Kean Chen, Weiyao Lin, Jianguo Li, John See, Ji Wang, and Junni Zou. Ap-loss for accurate
one-stage object detection. IEEE Transactions on Pattern Analysis and Machine Intelligence, 43
(11):3782-3798, 2020.

Bowen Cheng, Bin Xiao, Jingdong Wang, Honghui Shi, Thomas S Huang, and Lei Zhang. Higherhr-
net: Scale-aware representation learning for bottom-up human pose estimation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 5386-5395, 2020.

Yu Cheng, Yihao Ai, Bo Wang, Xinchao Wang, and Robby T Tan. Bottom-up 2d pose estimation via
dual anatomical centers for small-scale persons. Pattern Recognition, 139:109403, 2023.

Zigang Geng, Ke Sun, Bin Xiao, Zhaoxiang Zhang, and Jingdong Wang. Bottom-up human pose
estimation via disentangled keypoint regression. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 14676-14686, 2021.

Aritra Ghosh, Mojtaba Kadkhodaie, Ateet Bhardwaj, Shashank Shekhar, and Stefano Ermon. Adafo-
cal: Calibration-aware adaptive focal loss. In Advances in Neural Information Processing Sys-
tems 36 (NeurIPS), 2022.

Kerui Gu, Rongyu Chen, and Angela Yao. On the calibration of human pose estimation. arXiv
preprint arXiv:2311.17105, 2023.

Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q Weinberger. On calibration of modern neural
networks. In International conference on machine learning, pp. 1321-1330. PMLR, 2017.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into rectifiers: Surpassing
human-level performance on imagenet classification. In Proceedings of the IEEE international
conference on computer vision, pp. 1026—1034, 2015.

Tao Jiang, Peng Lu, Li Zhang, Ningsheng Ma, Rui Han, Chengqi Lyu, Yining Li, and Kai Chen. Rtm-
pose: Real-time multi-person pose estimation based on mmpose. arXiv preprint arXiv:2303.07399,
2023.

Thorsten Joachims. Optimizing search engines using clickthrough data. In Proceedings of the eighth

ACM SIGKDD international conference on Knowledge discovery and data mining, pp. 133-142,
2002.

10



Under review as a conference paper at ICLR 2026

Jiefeng Li, Can Wang, Hao Zhu, Yihuan Mao, Hao-Shu Fang, and Cewu Lu. Crowdpose: Efficient
crowded scenes pose estimation and a new benchmark. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 10863-10872, 2019.

Jiefeng Li, Siyuan Bian, Ailing Zeng, Can Wang, Bo Pang, Wentao Liu, and Cewu Lu. Human pose
regression with residual log-likelihood estimation. In Proceedings of the IEEE/CVF international
conference on computer vision, pp. 11025-11034, 2021.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollér, and C Lawrence Zitnick. Microsoft coco: Common objects in context. In European
conference on computer vision, pp. 740-755. Springer, 2014.

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollar. Focal loss for dense object
detection. In Proceedings of the IEEE international conference on computer vision, pp. 2980-2988,
2017.

Huan Liu, Qiang Chen, Zichang Tan, Jiang-Jiang Liu, Jian Wang, Xiangbo Su, Xiaolong Li, Kun
Yao, Junyu Han, Errui Ding, et al. Group pose: A simple baseline for end-to-end multi-person
pose estimation. In Proceedings of the IEEE/CVF International Conference on Computer Vision,
pp- 15029-15038, 2023a.

Huan Liu, Qiang Chen, Zichang Tan, Jiangjiang Liu, Jian Wang, Xiangbo Su, Xiaolong Li, Kun
Yao, Junyu Han, Errui Ding, Yao Zhao, and Jingdong Wang. Group pose: A simple baseline for
end-to-end multi-person pose estimation. In Proceedings of the IEEE International Conference on
Computer Vision (ICCV), 2023b.

Zhengxiong Luo, Zhicheng Wang, Yan Huang, Liang Wang, Tieniu Tan, and Erjin Zhou. Rethinking
the heatmap regression for bottom-up human pose estimation. In CVPR, 2021a.

Zhengxiong Luo, Zhicheng Wang, Yan Huang, Liang Wang, Tieniu Tan, and Erjin Zhou. Rethinking
the heatmap regression for bottom-up human pose estimation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 13264-13273, 2021b.

Debapriya Maji, Soyeb Nagori, Manu Mathew, and Deepak Poddar. Yolo-pose: Enhancing yolo
for multi person pose estimation using object keypoint similarity loss. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 2637-2646, 2022.

Jishnu Mukhoti, Viveka Kulharia, Amartya Sanyal, Stuart Golodetz, Philip Torr, and Puneet Dokania.
Calibrating deep neural networks using focal loss. Advances in neural information processing
systems, 33:15288-15299, 2020.

Mahdi Pakdaman Naeini, Gregory Cooper, and Milos Hauskrecht. Obtaining well calibrated proba-
bilities using bayesian binning. In Proceedings of the AAAI conference on artificial intelligence,
volume 29, 2015.

Alejandro Newell, Kaiyu Yang, and Jia Deng. Stacked hourglass networks for human pose estimation.
In European conference on computer vision, pp. 483-499. Springer, 2016.

Alejandro Newell, Zhiao Huang, and Jia Deng. Associative embedding: End-to-end learning for joint
detection and grouping. Advances in Neural Information Processing Systems, 30, 2017.

Bimsara Pathiraja, Malitha Gunawardhana, and Muhammad Haris Khan. Multiclass confidence
and localization calibration for object detection. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 19734-19743, 2023.

Pau de Jorge, Riccardo Volpi, Philip H. S. Torr, and Grégory Rogez. Reliability in semantic
segmentation: Are we on the right track? In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 71737182, 2023.

John Platt et al. Probabilistic outputs for support vector machines and comparisons to regularized
likelihood methods. Advances in large margin classifiers, 10(3):61-74, 1999.

Przemystaw Pobrotyn and Radostaw Bialobrzeski. Neuralndcg: Direct optimisation of a ranking
metric via differentiable relaxation of sorting. arXiv preprint arXiv:2102.07831, 2021.

11



Under review as a conference paper at ICLR 2026

Qi Qian, Lei Chen, Hao Li, and Rong Jin. Dr loss: Improving object detection by distributional
ranking. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pp- 12164-12172, 2020.

Tao Qin, Tie-Yan Liu, and Hang Li. A general approximation framework for direct optimization of
information retrieval measures. Information retrieval, 13(4):375-397, 2010.

Qi Fan, Chi-Keung Tang, and Yu-Wing Tai. Few-shot object detection with model calibration. In
European Conference on Computer Vision (ECCV), pp. 720-739, 2022.

Steffen Rendle, Christoph Freudenthaler, Zeno Gantner, and Lars Schmidt-Thieme. Bpr: Bayesian
personalized ranking from implicit feedback. arXiv preprint arXiv:1205.2618, 2012.

Andrew M Saxe, James L McClelland, and Surya Ganguli. Exact solutions to the nonlinear dynamics
of learning in deep linear neural networks. arXiv preprint arXiv:1312.6120, 2013.

Lisa Scherf, Lisa Alina Gasche, Eya Chemangui, and Dorothea Koert. Are you sure?-multi-modal
human decision uncertainty detection in human-robot interaction. In Proceedings of the 2024
ACM/IEEE International Conference on Human-Robot Interaction, pp. 621-629, 2024.

Nihar B Shah and Martin J] Wainwright. Simple, robust and optimal ranking from pairwise compar-
isons. Journal of machine learning research, 18(199):1-38, 2018.

Sanbao Su, Yiming Li, Sihong He, Songyang Han, Chen Feng, Caiwen Ding, and Fei Miao. Un-
certainty quantification of collaborative detection for self-driving. In 2023 IEEE International
Conference on Robotics and Automation (ICRA), pp. 5588-5594. IEEE, 2023.

Ke Sun, Bin Xiao, Dong Liu, and Jingdong Wang. Deep high-resolution representation learning for
human pose estimation. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 5693-5703, 2019.

Gabor J Székely and Maria L Rizzo. A new test for multivariate normality. Journal of Multivariate
Analysis, 93(1):58-80, 2005.

Dongdong Wang, Boqing Gong, and Liqiang Wang. On calibrating semantic segmentation models:
Analyses and an algorithm. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Fattern Recognition (CVPR), 2023.

Dongkai Wang and Shiliang Zhang. Contextual instance decoupling for robust multi-person pose esti-
mation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp- 11060-11068, 2022.

Dongkai Wang, Shiliang Zhang, and Gang Hua. Robust pose estimation in crowded scenes with
direct pose-level inference. Advances in Neural Information Processing Systems, 34, 2021.

Fabian Wauthier, Michael Jordan, and Nebojsa Jojic. Efficient ranking from pairwise comparisons.
In International Conference on Machine Learning, pp. 109-117. PMLR, 2013.

Bin Xiao, Haiping Wu, and Yichen Wei. Simple baselines for human pose estimation and tracking.
In Proceedings of the European conference on computer vision (ECCV), pp. 466481, 2018.

Yufei Xu, Jing Zhang, Qiming Zhang, and Dacheng Tao. Vitpose: Simple vision transformer baselines
for human pose estimation. Advances in neural information processing systems, 35:38571-38584,
2022.

Nan Xue, Tianfu Wu, Gui-Song Xia, and Liangpei Zhang. Learning local-global contextual adaptation
for multi-person pose estimation. In IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2022.

Jie Yang, Ailing Zeng, Shilong Liu, Feng Li, Ruimao Zhang, and Lei Zhang. Explicit box detec-
tion unifies end-to-end multi-person pose estimation. In International Conference on Learning
Representations, 2023. URL https://openreview.net/forum?id=s4WVupndJ jmX.

12


https://openreview.net/forum?id=s4WVupnJjmX

Under review as a conference paper at ICLR 2026

A THE USE OF LARGE LANGUAGE MODELS (LLMS)

We used ChatGPT (GPT-5 Thinking, OpenAl) solely for language editing of the manuscript, including
grammar, phrasing, and formatting of author-written text (including LaTeX). The LLM did not
generate ideas, methods, experiments, results, or citations; all technical content and claims were
authored and verified by us.

B ADDITIONAL TECHNICAL DETAILS

Additional implementation details are as follows. The attention module A is a single-layer Trans-
former encoder with one head, while the output head H consists of a single unit. The embedding
function ¢ is a fully connected layer that projects the pre-processed pose features and initial scores
into a 16-dimensional hidden space. We adopt the deterministic, rule-based pre-processing of DEKR
Geng et al.|(2021). As this step is deterministic, it does not violate the GLC assumption. All exper-
iments are run in PyTorch 2.0.1 on a single RTX 3090 GPU (CUDA 11.9). Results are consistent
across runs, so error bars are omitted.

C RANKING ACCURACY IMPROVEMENT AND ITS RELATION TO THE AP
IMPROVEMENT

We show the full results of ranking accuracy in the following table. RCNet helps all the HPE baselines
improve the ranking accuracy. therefore achieving stronger HPE performance.

Table 5: The ranking accuracy of existing methods on COCO val set.

Method | HRNet | ViTPose | CID | GroupPose | EDPose | LogoCap | HighierHRNet | SWAHR | DEKR | PINet
Rank Acc. | 59.12% | 5839% | 5837% | 5200% | 5331% | 57.49% | 5721% | 63.56% | 59.59% | 56.04%
+Ours | 7201% | 7027% | 7456% | 65.70%  6521% | 76.83% | 75.04% | 7597% 75.85% | 77.47%

Ranking Accuracy and its Impact on mAP Notably, while ranking accuracy improves consistently
across HPE methods, the corresponding mAP gains are smaller, particularly when comparing top-
down and bottom-up models. This is largely because the mAP improvement is not affected merely
by the ranking accuracy. It also affected by the number of false positives (FPs) ranked above true
positives (TPs), which are typically fewer in top-down pipelines as shown in Tab. [6] (the experiment
is conducted on COCO val 2017). Therefore, correcting the even same percentage of wrong ranking,
the scale of the mAP gain could be different.

For example, we assume a toy dataset contains a single TP. In that situation, AP collapses to a
single precision value= TP / (TP+FP). If only 1 FP above TP (common in top-down), correcting
this pair raises precision from 0.50 to 1.00, yielding +0.5 AP. In contrast, if there are 4 FP above 1
TP (common in bottom-up), correcting the TP-and-top-FP pair raises precision from 0.20 to 1.00,
yielding +0.8 AP.

As shown in the following table, top-down models like HRNet and ViTPose have 13.9% FPs per TP,
while bottom-up models like PINet reach 21.8%. Even a modest 2%-10% rise in the FP-to-TP ratio
is critical: every extra FP sharply decrease the precision (1.00—0.50—0.33—0.25...). From the
table, we clearly see there are around 100 - 700 such FPs. This explains why, despite similar ranking
accuracy improvements, top-down models show smaller AP gains—a limitation of the baseline’s
error distribution, not of our method.

D ABLATION STUDY ON OPTIMAL MARGIN

We provide additional ablation on the margin term. While some backbones may slightly benefit from
alternative margins (e.g., 0.3 or 0.7), we adopt m = 0.5 as a theoretically sound and generalizable
default that avoids test-time overfitting. Meanwhile, in the proof of Theorem 3, we show that any
margin m € (0, ¢] that minimizing the loss, improves ranking accuracy. Empirically, this is validated
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Table 6: A statistics of FPs and TPs over different top-down and bottom-up baselines.

Group | Method | # of Wrongly Ranked FP | Wrong FP per TP
Top-Down HRNet 1444 0.139
Top-Down | ViTPose 1333 0.159
Bottom-Up DEKR 1565 0.159
Bottom-Up PINet 2165 0.218

Table 7: Ablation studies over different marginal in rank loss. The best is bolded.

Method Margin=0.0 | Margin=0.3 | Margin=0.7 | Margin=1.0 | Margin=0.5 (Ours)
HRNet|Sun et al.|(2019) 61.3 74.2 74.7 74.4 74.8
ViTPose|Xu et al. (2022} 69.5 76.1 76.2 75.8 76.1

\
GroupPose|Liu et al.|(2023b) ‘ 21.3 ‘ 71.8 ‘ 71.9 ‘ 71.8 ‘ 72.4

EDPose |Yang et al.|(2023) 68.5 71.5 71.6 71.1 72.0
DEKR |Geng et al. (2021} 60.0 69.0 69.0 68.9 69.0
PINet|Wang et al.|(2021) 64.3 68.9 69.1 69.0 69.2

by our experiments: when m = 0, training collapses as the model pushes all scores toward equality;
when m = 0.5, we consistently achieve the best mAP across all HPE backbones. This supports
Theorem 2, which identifies m = 0.5 as the optimal choice (or a safe global default) when the
explicit HPE baseline is unknown during the real application. However, when applied on specific
HPE baseline, the margin could benefit from a further tuning. The Theorem 2 did not deny the
existence of such conditional optimality.

E ABLATION STUDY ON DIFFERENT RANKING METHODS

In Tab. B]we introduce several ranking baselines. The table includes traditional LTR methods, such
as RankNet|Burges et al.| (2005) and LambdaRank Burges et al.| (2006), Information Retrival (IR)
methods [Pobrotyn & Biatobrzeski| (2021); |Qin et al.| (2010) and similar ranking method in object
detection |Qian et al.[(2020); |Chen et al.|(2020).

RankNet is a general-purpose pair-wise method: it models the probability that s} > s; as
1
14+ efo'(séfs_’j)

where o is a temperature hyper-parameter (typically 1). Using the ground-truth ordering between s;
and s7, its Binary Cross-Entropy objective becomes

I (0) = Eij[—yi; log Pyj + (1 — ys5) log(1 — Py;)],

with y;; = 1 when s} > sj» and 0 otherwise.

)

Pij(S; > S;) =

Although the loss is written in probabilistic form, RankNet treats s’ as a deterministic network output.
Our method instead assumes s’ follows a Laplacian distribution conditioned on the pre-existing score
s, an assumption well aligned with a post-processing with HPE task that already provide an initial
score. This leads to a different optimization landscape: RankNet brings meaningful gains only for
DEKR, PINet, and HRNet, whereas our approach improves every baseline consistently.

LambdaRank is metric-specific. It scales each RankNet gradient by the change in Normalized
Discounted Cumulative Gain (NDCG) caused by swapping two items, directly steering optimization
toward NDCG. Because NDCG rewards concentrates on rank the most significant item at top, while
HPE evaluation relies on mAP, which values the correct ordering of all detections, LambdaRank
offers limited or even negative benefit for the tested HPE baselines. Several theoretical works show
that pairwise models, such as ours, achieve better global ordering accuracy than top-heavy objectives
like NDCG, since pairwise comparisons correspond directly to Kendall’s tau distance Wauthier
et al.|(2013); 'Shah & Wainwright| (2018). Consistent with this, information-retrieval methods that
implement differentiable relaxations of NDCG (e.g., ApproxNDCG, NeuraNDCG) tend to emphasize
performance at the very top of the ranking. Therefore, in our HPE setting they provide only limited
gains and generally underperform pairwise losses.
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Table 8: Ablation study on different rank loss on COCO val set. mAP is reported. Best is bolded.

Method | Ori. | RankNet | LambdaRank | ApproxNDCG | NeuraINDCG | AP Loss | DR Loss | Ours
HRNet|Sun et al. |(2019) 74.4 74.6 73.4 72.4 74.4 74.6 74.2 74.8
ViTPose | Xu et al.|(2022) 75.8 73.3 74.5 74.4 75.6 74.7 69.2 76.2
GroupPose|Liu et al.|(2023b) | 72.1 68.2 71.7 70.0 71.0 61.2 62.3 72.4
EDPose|Yang et al.[(2023) 71.6 71.2 70.6 68.9 70.6 70.4 70.6 72.0
DEKR |Geng et al.|(2021) 67.1 68.6 67.6 66.9 69.0 67.7 65.1 69.0
PINet|Wang et al.|(2021) 67.4 69.1 68.2 67.7 69.1 68.2 67.7 69.2

Table 9: A case study on adding visual features in the RCNet with HRNet-w32 as the vision backbone.
Offline indicates the visual features used during training of RCNet are extracted from a frozen vision
backbone, which will not be updated during the training. Online indicates the vision backbone
updated with the RCNet by both the rank loss and the heatmap loss. The best is bolded.

Method | mAP | APM | AP” | mAR
HRNet|Sun et al.|(2019) | 744 | 708 | 81.0 | 79.8
+Pose Only (Ours) 74.8 713 | 811 79.8
+Pose& Visual (offline) 74.0 70.7 804 | 79.8
+Pose& Visual (online) 74.3 71.0 80.7 79.8

In object detection, there are several methods that could be used in ranking. Particularly AP-Loss
and DR-loss |Chen et al.|(2020); |Qian et al.|(2020). Particularly, AP-loss is to reformulate a pairwise
ranking problem as a listwise ranking problem. Given a set of NV items sy, s2, .., Sy to be ranked,
and defining the pairwise difference as dj; = —(si—s j), AP-loss aims to train the model to learn
a probability distribution P; over the relative ranking of the i-th item with respect to all others, as
shown below,

H(d;1) H(din)
1+ Zj;ﬁi H(dil) U1+ Zj;ﬁn H(diN)

H is chosen as a sigmoid function, then the formulation of P reduces to a simple softmax over j.
The distribution-based ranking approach works well for the object detection because the number of
ranked items is fixed as the number of classes (i.e. a fixed N). However, in HPE, the poses are infinite
as the coordinates are real-valued. The distribution becomes infinitely dense, making it impractical
for neural networks to learn a reasonable pattern. Thus, the performance of AP-loss are naturally
worse then our method in terms of HPE.

Pi:[

]. (12)

DR-Loss enforces that every foreground (positive) proposal scores higher than every background
(negative) proposal by a fixed margin. Assuming there are /' negative samples in [V items (commonly
K >> N — K) and assigning N scores 1, S2, ..., sy for them, DR-Loss sets the least margin ~y and
requires s, — s, > . The neural networks are naturally optimized by the hinge term,

l(5p73n77) = [Sp_5n+'7]+a (13)

where [] indicates a ReLLU function. This also works when the N is finite. For HPE, requiring a least
margin drives s to extrems (0 or 1), collapsing the useful range (1 — ). Consequently, DR-Loss
performs poorly in this setting.

F DO WE NEED EXPLICIT VISUAL FEATURES?

In this section, we verify our argument that once the original score, computed from the model’s
heatmaps, is provided as input, the contribution of visual features is already distilled into this score,
so re-feeding raw visual features is redundant for post-hoc re-ranking. Standard baselines generate
heatmaps from visual evidence and set pose confidence as the mean of per-keypoint peak responses;
we therefore refer to the original score as the visual score to emphasize this provenance.

Figure [5] shows two cases with high localization quality (OKS = 0.95) that nevertheless receive
depressed visual scores. Occluded keypoints (e.g., the upper subject’s left foot; red box) yield diffuse
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Input Image Output Pose

Confidence of Pose: Shape score=0.88
GT score =0.95 Visual score=0.74

Input Image Output Pose

Confidence of Pose: Shape score=0.83
GT score =0.95 Visual score=0.71

Figure 5: Two representative examples of how confidence scores change with visual evidence.
The orange panel reports the ground-truth (GT) confidence, our shape score, and the visual score,
computed as the mean of the per-keypoint peak responses of the heatmaps on the right (Notice that
visual score also serves as the module input). The red panel highlights keypoints where heatmaps are
unreliable due to occlusion or overlap, demonstrating the shape score aligns better with GT than the
visual score.

heatmaps with lower peaks. For the visible keypoints, the appearances (e.g., the lower subject’s
footwear) is also possible to reduce peak responses due to data imbalance (e.g., this particular shoe
is not shown up in the training set). Appearance cues are essential for forming the visual score,
but injecting them a second time at tends to re-introduce the same biases where our process should
correct them.

Quantitatively, on HRNet (Table[J), adding explicit visual features to our re-scoring module produces
only a marginal change (e.g., 74.4 — 74.0), consistent with the hypothesis that the visual score
already summarizes the relevant appearance information. The small drop likely reflects instances
where emphasizing raw features again misleads the model toward the misleading cues illustrated in
Figure[3]

In a summary, explicit visual features substantially increase complexity with little gain. HRNet’s
feature map is roughly 480, 64, 48, orders of magnitude larger than the pose coordinates (17, 2) and a
scalar visual score, inflating parameters and memory. Given that the visual score already captures
appearance evidence, while additional features add compute and can harm robustness in occluded/rare
cases, we omit raw visual features from our re-scoring design.

G PROBABILITY FORECAST: GAUSSIAN OR LAPLACIAN?

In the main paper, we instantiate the rank loss under Laplacian assumptions. A natural question is
why we do not adopt a Gaussian model instead. This section clarifies the rationale behind our choice.

Our initial motivation for the Laplacian assumptions is the work on probability forecasting, where
the objective is to design a proper scoring rule that maps each probabilistic prediction to a value in
[0,1]. Consider weather forecasting: a model might report a 70% chance of rain and a 30% chance of
sun, and the forecaster needs a principled score to judge how well that distribution matches the actual
outcome (observation). Our pose estimation setting is analogous—we also assign a confidence score
to each prediction. So, it is natural to borrow insights from some proper scoring rules.
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In probability forecast, the key is to design a proper scoring rule. Assume a forecaster make a
prediction of distribution D for an event ¢ sampled from a true distribution Q. A score rule S(D, q)
assigns a numerical reward to that prediction, and the expected value is S(D, Q) = Eq[S(D, q)].
Ideally, we encourage the forecaster to report the truth, (i.e. we expect the the predicted distribution
D matches the true distribution ()). Therefore, a strictly proper (negatively-oriented) scoring rule

must satisfy,
5(Q,Q) < S(D,Q),
with equality if and only if D = Q.

Although many strictly proper rules exist, several rely on evaluating full probability densities, which
is often impractical in real-world applications. By contrast, the Continuous Ranked Probability
Score (CRPS) is expressed in terms of Cumulative Distribution Functions (CDFs), allowing it to be
computed without probability densities and thus making it practical for many real-world applications.
The CRPS is

CRPS(F.q) = [ (F(a) - T{o 2 q)Pdr,
where 7 is the indicator function and F’ is the CDF of the predicted distribution. Intuitively, CRPS
measures the squared gap between the predicted CDF and the empirical CDF defined by the single
observed outcome ¢ (i.e. Z{y > ¢}). Fortunately, Baringhaus et al. [Baringhaus & Franz (2004) and
Rizzo et al. |Székely & Rizzo|(2005) derived the following closed-form,

1
CRPS(F,q) = Er[|X — ]| - sEF|X - X,

where X and X’ are i.i.d. random variables with the CDF F'.
In practice, we learn the predictive distribution that minimizes CRPS. We parameterize the CDF as
Fy and use the CRPS directly as a loss function:
1
CRPS(0) = E[| X — gl - 5E[| X — Xp]].

/!

When apply to our problem setting, the CRPS matches s’ = u = fy with s*, obtaining

| i
CRPS(0) = Eill fj — 57| — 5Ey[l55 1)

Compare with our rank loss with a proper choice of the hyperparameters,

16) = Eills; — fill + 5Eslo(5)),

where,
ij g< = (165 = $)* if <
g(8)) = i . (14)

one immediately observes that the first term is identical. In fact, if we assume all ranking predictions
are correct, the second term 9(53) = g~. Then, the rank loss can be rearranged as

* ) 1 ij 1 ij
16) o< Ealls; — f3l) — 5By (631] + 5 B},
The only extra term in our rank loss is the regularizer Ej; [(53)2] This penalty prevents the margin

m;; = |8, | from becoming excessively large, preserving score range for other poses.

Hence our Laplacian-form rank loss can be viewed as a rank-aware CRPS: if the pairwise ordering is
not correct, it secures. If correct, it acts as a regularized CRPS that aligns the predicted confidence
distribution s’ with the ground truth s*.

This analysis highlights a key advantage of the Laplacian loss: its clear, CRPS-based interpretation
makes the training objective easy to explain. By contrast, the Gaussian variant offers no comparable
link and is therefore less interpretable. We present the Gaussian-form rank loss as follow,

lowasl®) = ZBlls” = £V + G Bula 6],
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Table 10: Ablation study on different loss form on COCO val set. mAP is reported. Best is bolded.

Method | Ori. | CRPS | Gaussian | Ours (Laplacian)
HRNet|Sun et al.|(2019) 74.4 69.5 74.6 74.7
ViTPose Xu et al.|(2022) 75.8 69.8 75.9 76.0
GroupPose|Liu et al.|(2023b) | 72.1 62.5 72.3 724
EDPose|Yang et al.|(2023) 71.6 61.9 71.9 72.0
DEKR |Geng et al.|(2021) 67.1 67.9 68.6 69.0
PINet|Wang et al.|(2021) 67.4 68.3 68.9 69.2

where,

i = (00 —¢)3 ifsr>
51'] — 9> ( A T = 15
g( 0) ge = (5;] —|—C)3 ifS%k <s (15)

V)
SR L ¥

The Gaussian-form rank loss is brutally straightforward: whenever a pair should satisfy s} > s;, it
just maximizes the margin mj; (and vice-versa). Because it lacks the regularization term present
in the Laplacian-form loss, it keeps pushing the confidence to a extreme value, hurting the overall
performance.

Experimentally, we show the results of alternative loss forms on Tab. [I0] The Laplacian form(ours)
yields the highest mAP on every baseline, beating the Gaussian loss by 0.1-1.9 points and surpassing
CRPS by an even larger margin. CRPS degrades performance on the four top-down models and yields
only minor gains on the two bottom-up ones because its second term merely pushes the scores apart
without enforcing any ranking. The Gaussian loss offers modest improvements over the baselines but
still trails our Laplacian variant, which benefits from the additional regularization term. These results
confirm that the Laplacian loss delivers the most consistent and reliable boost in pose-estimation
accuracy.

H ADDITIONAL ABLATION STUDIES ON ARCHITECTURES AND CALIBRATION
METRICS.

We examine our method in additional two dimensions: architectural design (Tab.[TT) and calibration
metrics (Tab.[T2). In Tab. [T we replace our self-attention encoder with an MLP-based architecture
identical to DEKR’s ScoreNet|Geng et al.|(2021)) and evaluate three representative HPE baselines.
Across all baselines, the attention-based module outperforms the MLP variant, which confirms that
explicitly modeling pairwise interactions via attention is more effective than independent per-pose
rescoring. Tab. [I2]reports results on two standard calibration measures, Pearson correlation and
AUSE-OKS. Even though our loss is not designed to optimize calibration directly, RCNet consistently
improves both metrics. This suggests that sharpening the relative ordering of confidence scores also
helps align them more closely with their true reliability.

Table 11: Ablation study on different architecture. Table 12: Ablation study on different metric of
MLP indicates using MLP-based scorenet in|Geng|calibration. Pearson Corr. is the Pearson correla-
et al.| (2021). Attn. indicates use our attention-tion between predicted confidence and empirical
based RCNet. accuracy, indicating linear alignment. AUSE-OKS
is the area under the sparsification-error curve;

Method | mAP | APM | AP* | mAR lower values mean the uncertainty scores more
HRNet[Sun et al|2019) | 744 | 708 | 810 | 79.8 effectively rank poorly estimated poses.

+MLP 745 | 710 | 81.0 | 798

+Afn. 748 | 711 | 811 | 798 " Method | Pearson Corr. + | AUSE-OKS (%)|
EDPose |Yang et al.|[(2023) | 71.6 66.2 | 79.7 | 79.3 HRNet/Sun et al.|(2019} 0414 142

+MLP 714 | 664 | 792 | 793  +Ours ‘ 0.547 ‘ 131

+ATD. 720 | 66.7 | 80.0 | 793  TEppose Nang ot al|2023) ‘ 0430 ‘ 1.98

DEKR [Geng et al |(2021) | 67.1 | 615 | 76.1 | 729  +Ours 0.446 1.87

+MLP. 683 | 624 | 776 | 729  DEKR[Geng et al.|(2021} 0.241 2.61

+Attn. 68.9 62.6 78.6 72.9 +Ours 0.326 1.03
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I ADDITIONAL QUALITATIVE SAMPLES

Below, we provide more qualitative samples.

Input Image 1. Predictions 2. Greedy GT Matching (OKS > 0.75 — TP) 3. Compute AP
k| Pre@k Rec.@k k| Preak Rec. @k
Original Order 1 10 0.167 1 10 0.167
(o 2 05 0.167 2 10 0333
3 0.667 0333 3 10 05
4 075 05 4 075 05
5 06 05 s 06 05
— T 5 g 6 05 05 6 05 05
Pose Predictions I ¥ ﬁ % Pres Original APCAY 381 pre.s Our AP(): 00 119)
False Positive 1.0
True Positive Our Order
0.0 0.5 Rec. 0.0 0.5 Rec.

Figure 6: A representative qualitative example of ranking correction on COCO val. From left to right:
input image; predictions from the HPE model; COCO’s greedy matching after sorted by confidence

(with false positives in pink and true positives in green); and the revised ordering showing improved
AP for this image.

J PROOF

J.1 PROOF OF THM.1
We aim to learn the model parameters § by maximizing the expected log probability of the predicted

scores’ ordering being consistent with the ground truth ordering (equivalently, minimizing L(#)):
0* = arg min L(0)
0

= argmin —Ejj[log Py (s; < 87,57 < 57)]

—argmln —Ejj[log Py (s; < sjls7, s5)p(s7)p(s})]

= argmin —2E;[log p(s])] — Eij[log Po(s] < sJ|sz7 j)]
9

= arg;nin —Ejjllog Py(s; < 85|57, 57)] (16)
= arg min —I; log Py (s = s|s7, 85, i, 115)po (1i|s7 )pe (p1s7)]

= arg min [ log Po(s; < sj|s7, 87, iy 115)] — Esjllog po(pils7)] — Eijllog pe (]57)]

= arg min [ llog Po(s; = sj|si, 87, pi, 11)] — Ei[log po(pi|s7)] — E;[log po(1]s])]

= arg min —2[; {log pp (uifs;)] - E;j[log Py (s} < sj[s], 55, i, 145)]

In the main paper, p is parameterized as a neural network pg. Additionally, we introduce two
assumptlons (1) the predicted score s; is modeled as a Laplacian variable centered at 14 (s;, Pi),

denoted as ji for simplicity, and (2) the pg is Laplace-distributed around s*. Under these assumptions,
we obtain the following equation:

* . 87 — : * k4 j
0" oc arg min 2E; Plb,”gq - E; {logPa(S’i < s | Siasj,ua,ué)}
(17)

2 * ki j
- argmm 7 —E; [|s} — ph|] — Ej [long(s; < s} | si,sj,/ﬂo,,ué)} :

We define §(5i9j;sj,s;?,ug,u§) = —logPy(s; < s | s;‘,s;‘f,,ué,ug), where 53 = ul — /ﬂé, so that,

, .2
0* argemln yEz Us — u9|] + Ej; { (59,31,3],/197/19)} (18)
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We denote the difference between two refined scores s, s’ as 2, where zj; € [—c,c]. Since

s} < Laplace(pg, b) and s/; < Laplace(ug, b) are independent, 2;; = s} —s'; is given by an subtraction
of two Laplacian distributions:

1 i zj — 0y
The g in a form of z;; is shown below,
§(6278j78;7/1/1nu]) = —IOgPQ(S; = S; | Sraszvﬂ’h/j/j))
= —logPy(s; — s; < 07,5}, i, 7))
= —logPy(2; < 0] 57, 87, pis 15)) (20)

Cc
= 710g/ po(zij < 0] 57,87, i, p1j)dz;

—C

To apply Jensen’s inequality, we introduce a uniformally-distributed random variable u ~ U(—c, ¢).
Recall that the expectation of a function under a uniform distribution is defined as:

1

Evvv(-eolf (Wl =5, [ flu)du. Q1)

Therefore, the integral is rewritten as:

C
/ po(zj < 0| 57,87, i, py) dzig = 2¢ - Byou(—c,e) |Po(ziy =0 < 0] 57,57, g, pig) | - (22)
C

Substituting this into the original expression gives:

y(élgjy S:: 8;7 M, /’(']) = - 1Og (26 . IEu~U(7c,z:) |:p9(zij =b=<0 ‘ 5;(7 5;7 /’LlOa Mé)})
= —log2c —log Eyy(—c,c) [pg(zij =b=<0]s}, s;‘-, ,Lbé,/,l,j)j| (23)

< - 1Og 2¢ — EUNU(—C,C) |:logp9(zij =b=<0 | S;‘ka S;a Hle, ,ué)i|
We can further simplify the equation as follows by removing variables irrelevant to 6,

g((s;J’ 5:7 5;7 /ﬁm ,U/é) < - log 2¢— IEuNU(—c,c) [lOgPG(Zij =u=<0 | S;(a 5;7 Ml07 :U’é):|
X 7Eu~U(—c,c) [Inge(zij =u=<0 | 5:7 5;7 Méa /uja)} 24)

C
o —/ log pg(zi5 < 0 | 7, 55, g, 1) dz.
—C

Eq.[24]is further expanded as follows.
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—/ log po (25 < 0 | 87,87, pi, 7)) dasj (25)
—c
¢ 1 i |21 — 05 kN ok
; —log Tl)g(b+|zij750\)exp - dzj, if s7 > s7
= . (26)
0 . |25 — 65|
/ —log 4b2 — (b+ |zi; — 04 ]) exp —JTQ dzj, if s7 < s}
—C
‘(1 ij i) 2 if
5|z1J 0| —log(b + |zi; — &,4|) + log(4b7) | dzij, 57 > 8}
=14 7% 1 , (27)
[C <b|zlJ — 65| — log(b + |z — 6 |) + log(4b?) > dzj, ifsf <s}
e ij kN
5|zij — &g | +1log(b) | dzj, if s} > s}
<<% 1 . (28)
/ <b|2ij — 5191| + 10g(b)> dZij, if S;k < S;
‘1 ij ook ok
g|zij — 59 | dZij, if S; > Sj
o ¢ 7% 1 B (29)
[ E|Zij _6g|dzij7 lfS;'< < S;
We further discuss the relation between z;; and (53 and distinguish the following four cases:
1. s> s;,égj € [0,¢:
iy _ 1 g 1
91(09) = 5(5(; -+ 5(55)2
2. sF < st 05 €[0,d
iy _ 1o LG
92(09) = 5(55 +e)? - 5(55)2
3. s} , 5;j € [—¢,0)
T ey L G
93(09) = 5(59'] —c)?~ 5(53’])2
4. st 63 e [—¢,0)
ij Lo Lo
94(dg) = 5(5(; +0? + 5(591)2
This is exactly the definition of g(égj) and thus g < g.
Consequently, we prove the Thm.1 as
0" = arg min L(0)
0
= arg min —28; log p(up|s7)] - Eyjllog Po(s] < sf[s7, 57, s 1))
. 2 * i —rclj % % 1 j
aﬁ@fmyﬂﬂ%—%H+EJMMwm%w&%ﬂ (30)

IN

arg min gﬂ‘?i[\Si‘ — pgl] + Eijlg (845 57, 55, b 1))

— ; o ox ox i
= argminl(d4; 87, 87, Mo, 1p)
0
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J.2  PROOF OF PROP.2

Considering a pairwise ranking of two poses p; and p, by assigning them scores s; € R[0, ¢] and
s2 € R[0, ¢]. Without the loss of the generosity, assume 0 < s1 < so < ¢. Once s; is chosen, the
optimal margin m™* that maximizes the difference between s; and ss is,

m" =c—sy.

With no prior knowledge of sy, it is reasonable to assume s; is uniformally distributed on R0, ¢].

Under this assumption, the expectation of the optimal margin m* is £, shown in the following

. 2’
equations.
E[m*] :/ m*p(s1)dsy 3D
0
¢ 1

— / (¢~ o) (32)
0

= i/oc(c— 2)da (33)
= 2[(er — 57)ame — (e7 ~ 32)lamo] 34
= %[CQ — %CZ — 0] 35)
=3 (36)

J.3 PROOF OF THM.3 AND COR.4

There are a few preparations before the proof. First, we provide the following assumption. This
assumption is standard for any well-designed network in regression tasks optimized with L; or
Lo-style loss, and is both empirically and theoretically supported by He et. al. He et al.|(2015) and
Sexe et al, |Saxe et al.|(2013).

Assumption 4. For a scalar-valued regression network fy initialized with a sufficiently small Var[égo]
and proper learning rate r, the variance of output dose not decrease and converges to ground truth

variance Var[6*], i.e. Var[égt} < Var[égtﬂ] < Var[6*], where Var[6*| is the variance of the
pairwise difference of the ground truth. Further, assuming E[(é;{)} = E[(é;jtﬂ)], it follows that
E[(55,)%] < E[(5}

Brir )2), if the inputs x; and x; are i.i.d. sampled.

Second, we index a pair (ij) as k for simplicity. So, 0§ = d, and we use < when the relation of
s’ matches the relation of s*, i.e. if sp > s; when s} > s;f (vice versa), and 4 for mismatching
(misordered). Additionally, N is used to denote the total number of pairs with N~ and N4 for the
number of ordered and misordered pairs respectively. The last preparation is to simplify the g. Note
the g could be re-written in the following form with simple algebraic operations.

G1(0F) = (0F — 2+ < if < and 6} € [0,(]
. x 5F) = ok + < if £ and 6% € [0,c
g(§§7SZ7SJ) — 92( i) 0 N 2(:2 . 74 Gk [ ] (37)
g3(0g) = —cog + 5 if <, and 05 € [—¢,0)
2
91(85) = (0 + §)°+ 5 if A, and 6 € [—¢,0)
Considering the sign of 5%, the g could be further integrate into a even simpler format,
Y= (105l — 2 + < if <
g(5§)= 9<(§) (1 i\ %Z) T (38)
gx(0g) = clég| + S if A

We now start the proof. Notice that our rank loss contains two items. The first item is a L1 loss. The
second item is a function w.r.t. the pairwise difference of the output. As we assume the total loss
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decease, either one of the items or both decrease. We now show that no matter what item dominate,
the ranking accuracy will increase in a certain rate.

For the first term, we introduce the following lemma. The lemma show that if the L1 term decreases,

the ranking accuracy P in a certain iteration ¢ must increase in a rate of o( ——=2——E,[|ui — s|]),
ming [ t %

where ! is the pf at iteration ¢.

Lemma 5. Potcorrect >1- WEZHN; - Sﬂ]'

K2

The proof the Lemma. [5|start with the investigation of a misordered pair (i, 7). With out the loss of
generality, assumes s; > s yet why < f in the iteration ¢. Then

s7—s5 = (g — pd) + (57 — ) = (55 — ). (39)
Since pif < il
;=87 <0+ (5] —pp) — (55— ) < |(s7 — i) = (s — pd)| < |s} — gl + |55 — pil|. (40)
Thus, a misordered pair satisfies that,
|sf7ui|+\5;7ug|>sf75;>|sffs;|>mkin|5,:|, (41)

where d;; = s; — s7. Suppose N is the number of misordered pairs, summing inequality gives,

Ngmin |05 < D0 (si—pl+ls;—dl) < D0 (Isi—pml+lsi—pll) = 20 Isi —pil. (42)

misordered all pairs

Therefore,
2n .
Ny < ——— R 43
A= mink |5Z|Z‘81 /J't| ( )

Finally, divided by the total number of pairs, we obtain

2 1 : 2 .
1-P! <7—§ ey = —————E;|sf — uil]- 44
correct — mink |(S*| n |Sz :uf‘ mink |6*‘ Hsz lufH ( )
k k
Thus, we complete the proof of Lemma.[3]
Pl .>1- 2 Eiflsy — pl] (45)
correct — mink |6Z| K2

We then show behavior of the second term in rank loss g(ég) also directly connects to the rank
accuracy P o.rect. The target is to show the decrease of g leads to the increase of ranking accuracy
only. We firstly define following sets.

Definition 2. A = {(ij) | (ij) € ([0,N] x [0,N])} is the index set for all the pairs in the dataset. Let
N4 = |A| is the total number of elements in A. There are four subsets of A. A~_, 4 is the index set
of pairs that contains correct relation in t-th iteration, yet changed to wrong relation after one step
optimization (similarly for A 4_, ). A is the index set of pairs that is still correct in the (t + 1)-th
iteration (A vice versa).

For simplicity, we use Ay, Aa, A3 and A4 to denote A, 4, A4, ., AL and A respectively in the

following proof. Additionally, we define A, = 6F,, — 07 as the deviation of § of the k-th pair. For
each subset, we analyze them item by item.
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For Dy,,
1
Da, = =D lgx — 9] (46)
N 2k = -
2 2
[c|6t+1| +5 - (6= 5 - 7] )
. Z cl6f 1l = (67)% + clof]] (48)
= Z (|0 | + 1671) = (67)%] (49)
= NfAZ[c(IderAkHléfl) — (0F)?] (50)
Ay
1 _
A Z[CIAM —(61)?] > 0. 51)

From Equ. 36 to Equ. 37, we exploit the fact that ¥ and 6F " 1 should have different sign (so is Ay

and 6F) as A; indicates the pair moves from the correct relation to wrong relation. It worth notice
that DA1 > 0 because |6F| < |Ag| < c. Take Ny — oo,

Da, = P(A)E[|A| - (8,)°] > 0. (52)
Similarly for D 4,,
Da, = P(A9)E[(0111)* — ¢|Al] < 0. (53)
For D y,,
c
Day = 3~ Z (042l = 5)% = (I6¢] = 57 (54)
1
oA Z[(éfﬂ)? clotial = (97)% + cldf | (55)
As
1
A D I(6E)? = (68)7 + (65| = 16741 ]) (56)
Az
1 1
=N, > I6E1)? = (65)°] + Na > [e(I5E] = 165 D] (57)
As k
1 N6k>0 1 < N6k<0 1 <
=~ 2 6E0)* = (05)] = — [e]Al] + — [c]Axl]
Na % t+1 t Na Nsisg 5§Z>:0 N4 Nsrog 5;@
(58)
Similarly, take N4 — oo,
Da, = P(A3)E[(671)* = (6)°] = P(6; > O)E[c|Ax[] + P(6; < O)E[c]Arl]  (59)
= P(A3)E[(671)° — (0F)%] + [P(6; < 0) — P (6} > 0)]E[c]Ay[]- (60)
As we sample each pair independently, P(6F < 0) — P(6F > 0) = 0.5 — 0.5 = 0. Therefore,
Da, = P(A3)E[|(671)* — (67)%] > 0, (61)
which is greater than 0 based on Assumption 4]
For Dy,,
Das = 5~ Z |eloF, | — eloFI]], (62)
= Nj;[c(léﬂﬁkl — 107))- (63)
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Take N4 — oo,

Da, =[P(6; <0) = P(5; > 0)]E[c|Ag]] (64)
=0. (65)
Combing all,

D=Da, +Da, +Du, +Da, (66)
= P(A)E[|A| = (8,)%] + P(A2)E[(61) — c| Al] + P(A3)E[(67,1)* — (6)°] +0 (67)
= (P(A1) — P(A2))E[c|A] — (5f)*] + P(A3)E[(d¢,1)* — (67)%]- (68)

As the loss decreases, D < 0. Therefore,
D = (P(Ay) — P(A2))E[c|A] — (67)°] + P(A3)E[|(671)* — (95)*] < 0 (69)
=> (P(A1) = P(A2))E[|A| - (6)%] < —P(A3)E[|(8¢,1)* — (67)7] (70)
=>P(41) — P(Az) < —P(43) [([CTZEZ (oF (6)52)]2] (71)
= P(a) > Py + PLag S = (] 7

Given that P(A43) > 0, E[(67,)% — (67)?] > 0 (by the Assumption 5) and E[c|A] — (67)?] > 0,
then
P(A2) > P(A1),

indicating there must have more pairs become correctly related after one iteration. Consequently,
Péi_rlrect = Pztzorrect + (P(A2) - P(Al)) 2 Pf:orrect' (73)

Additionally, assuming a random assignment at the initialization of the model (i.e. P%g = %), the
accuracy increasing at least in a scale of o(E[(0}, 1)? — (6;)?]), shown by Equ.74.

In concluded, if loss decreases, one of the items must decrease. This leads the P.orrect €i-
ther increase with rate o(E;[|s} — pi|]) if the first term dominates or o(E[(6)2 — (6F ;)2])
if the second term dominates. Thus the increasing rate is at least within the level of
o(min {E;[|s} — pi]], E[(65)* — (67_1)?]}). So we complete the proof of Thm.3.

A direct corollary brought Thm.3 is shown as follow. Although the above corollary assumes additional
smoothness and bounded-gradient conditions to guarantee gradient decedent reliably decreases the
loss, these requirements are mild and are generally met by mainstream deep neural networks modules
(e.g. attention, ReLU or linear layers).

Corollary 6 (Convergence of Algorithm). Any neural networks g trained by 1(0) that satisfies the
following properties is bound to converge.

* The network g is Gradient Lipchitz Continuous (GLC-condition).

» The network g is properly initialized (such as kaiming uniform initialization He et al.
(12015)) with a sufficiently small output variance Var|dy,| at the initial step.

* The network (g is optimized by Gradient Descent (GD) with a proper small learning rate r.

* Dataset is sufficient large.

For Cor.6, the only issue is how to guarantee the loss is decreasing. If the loss is decreasing in every
iteration, then the ranking accuracy is increasing and bounded. Therefore, it converges. The below
lemma that follow directly from the GLC property validates this. The proof is omitted because it is
simply applying property.

Lemma 7. For an GLC-network fg optimized by gradient descent, denote t as the learning rate used
from (t)-th iteration to (t + 1)-th iteration, thenlim; o D = l;11 —l; =07 ., i.e. ly11 <l witha
sufficiently small r.

Therefore, we can concluded the proof for Cor.6.
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