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Abstract. Category-Agnostic Pose Estimation (CAPE) aims to local-
ize category-specific keypoints on a query image from only a few anno-
tated support examples. Existing CAPE methods are largely based on
direct coordinate regression or local heatmap matching, which become
unreliable under severe occlusion because missing keypoints cannot be
recovered from local evidence alone. We present FlowCape, a condi-
tional flow-matching framework for occlusion-resilient CAPE. FlowCape
first extracts query-image features and combines them with keypoint-
description embeddings in a Heatmap-Guided Initialization module, pro-
ducing a stable initial pose for transport. A shared Riemannian Pose
Head then predicts the conditional velocity field, while its internal Graph
Flow Encoder fuses query image, textual keypoint semantics, and skele-
ton topology to enforce structured pose evolution. The final prediction
is obtained by probability-flow ODE rollout, and training is driven by
hybrid flow-matching supervision together with initialization and roll-
out consistency constraints. To better evaluate robustness under severe
occlusion, we further introduce Occ80, an occlusion-focused benchmark
spanning 80 categories. Experiments on MP-100 and Occ80 show that
FlowCape consistently outperforms strong CAPE baselines, reach the
state-of-the-art under occluded scenario.

Keywords: Category-Agnostic Pose Estimation · Flow Matching · Few
Shot Learning

1 Introduction

Category-Agnostic Pose Estimation (CAPE) [8,16,25,28,29,33] aims to localize
category-defined keypoints on a query image given only a few annotated sup-
port examples. In contrast to category-specific pose estimation [26, 31, 34–36],
where training and evaluation are confined to specific categories with fixed skele-
ton, CAPE requires models to transfer keypoint knowledge to previously unseen
categories whose shapes, part definitions, and topological structures may differ
substantially. This distinction becomes especially critical under severe occlusion:
once local visual evidence is missing, category-specific models can often rely on
class-specific appearance and pose priors learned from closed-set supervision,
† Corresponding author.
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Fig. 1: Conceptual comparison between Euclidean-style CAPE and conditional FM
style CAPE. Conventional CAPE performs discriminative query–support feature
matching to directly predict keypoints in Euclidean space, which may produce over-
confident predictions under occlusion. In contrast, conditional FM-style models CAPE
as conditional generative flow on a pose manifold, progressively transforming initial
states into occlusion-consistent configurations through Riemannian flow matching.

whereas CAPE must infer invisible keypoints for novel categories without such
category-dependent regularities. As a result, occlusion in CAPE is not merely
a missing-evidence problem, but a coupled challenge of correspondence ambi-
guity and structure-aware reasoning, requiring the model to recover occluded
keypoints while preserving semantic consistency and topological plausibility.

Most existing CAPE methods remain fundamentally one-shot and discrimi-
native. They usually predict coordinates directly or regress local heatmaps in R2

(shown in Fig. 1), which is effective when keypoints are visible but brittle when
visual evidence is missing. Two issues follow. First, local prediction alone pro-
vides weak global structural control, so heavily occluded keypoints often drift to
implausible configurations. Second, the model is still trained to output a single
deterministic estimate, which tends to produce over-confident predictions even
when the observation is ambiguous. Robust CAPE under occlusion therefore re-
quires a formulation that can gradually refine pose hypotheses while preserving
semantic and structural consistency.

Flow Matching [17,19] offers a natural alternative because it models predic-
tion as continuous transport from an initial state to a target pose through a
learned conditional velocity field. However, naive applications of Flow Match-
ing [5,13,32] is not sufficient for CAPE. The transport must start from a mean-
ingful initial pose rather than an uninformed prior, and the velocity field must
jointly reason over query appearance, keypoint semantics, and skeleton structure
throughout the rollout. Otherwise, the trajectory is easily destabilized by poor
initialization or by a weakly constrained vector field.



Occlusion-Resilient CAPE with Conditional Flow Matching 3

To address these issues, we propose FlowCape, a conditional flow-matching
framework tailored to occlusion-resilient CAPE. Given a query image, keypoint-
description embeddings, and a skeleton graph, FlowCape first extracts query
features with a Image Encoder and feeds them to a Heatmap-Guided Initial-
ization module. This module converts the interaction between query features
and textual keypoint semantics into per-keypoint similarity maps and a sta-
ble initial pose. Starting from this initialization, a shared Riemannian Pose
Head predicts the transport velocity. Inside the head, a Graph Flow Encoder
updates keypoint tokens by combining query image memory, textual semantics,
and graph structure, so that the learned flow remains both appearance-aware
and topology-aware. The final pose is then obtained by a probability-flow ODE
rollout that repeatedly applies the same head along the transport trajectory.
During training, we supervise this process with hybrid flow-matching losses un-
der a skeleton-aware Laplacian metric, together with initialization and rollout
consistency constraints.

Although occlusion is a defining challenge in CAPE, existing benchmarks
such as MP-100 do not explicitly emphasize severe occlusion evaluation. We
therefore introduce Occ80, an occlusion-focused benchmark spanning 80 cat-
egories and curated severe-occlusion samples. Comprehensive experiments on
MP-100 and Occ80 demonstrate that FlowCape consistently outperforms strong
CAPE baselines, with particularly large gains when accurate localization de-
pends on both semantic correspondence and global structural reasoning. The
main contributions of this work are summarized as follows:

– We propose FlowCape, a conditional flow-matching framework that for-
mulates CAPE as structured pose transport and is explicitly designed for
occlusion-resilient estimation.

– We design Heatmap-Guided Initialization mechanism and a shared Rie-
mannian Pose Head to jointly integrate query-image evidence, keypoint-
description semantics, and skeleton topology across pose initialization and
flow prediction.

– We develop flow-matching supervision under a skeleton-aware Laplacian
metric, together with initialization and rollout consistency constraints, to
improve structural recovery for occluded keypoints.

– We establish Occ80, an occlusion-focused benchmark for evaluating robust-
ness and cross-category generalization in CAPE.

2 Related Works

2.1 Category-Agnostic Pose Estimation

Category-Agnostic Pose Estimation was pioneered by POMNet [33], which for-
mulated the task as a keypoint matching problem between a support image and
a query image. Subsequent research, such as CapeFormer [29], extended this
paradigm into a two-stage DETR-like framework to refine initial matching re-
sults. To better handle structural consistency and occlusions, GraphCape [8]
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introduced a graph-based representation, treating keypoints as connected nodes
rather than isolated entities. This was further refined by GenCape [25], which
adaptively learns the adjacency matrix to capture varying structural dependen-
cies between joints.

Meanwhile, the field has moved towards more flexible supervision signals.
CapeX [28] introduced textual point explanations, replacing the need for a sup-
port image with semantic descriptions and skeletal pose-graphs. This trend cul-
minated in CapeLLM [12], the first multimodal large language model (MLLM [6,
20]) for CAPE, which leverages advanced language priors to estimate keypoints
for unseen categories in a support-free manner. However, most existing CAPE
methods remain deterministic regression models that struggle with the “gen-
erative fallacy” under severe occlusion. While diffusion-based models like Diff-
Pose [11,30] address uncertainty, they suffer from high computational costs. Our
work fills this gap by utilizing the efficient generative capability of Flow Matching
while incorporating structural rigor via Riemannian manifolds.

2.2 Flow Matching and Structure-Aware Generative Transport

Flow Matching (FM) [7,17,18] has recently emerged as a powerful alternative to
diffusion models [4, 10, 30] for generative tasks. Introduced by Lipman [17], FM
learns a deterministic velocity field that transports a simple prior distribution to
a target data distribution via an Ordinary Differential Equation (ODE). Com-
pared to diffusion models, FM provides simulation-free training and typically
requires fewer integration steps during inference, making it highly suitable for
real-time applications like depth estimation and 3D pose lifting.

To account for geometric constraints in non-Euclidean domains, Riemannian
Flow Matching (RFM) [2] was introduced. RFM has been successfully applied
to rigid body orientations on the SE(3) manifold [21], material crystal struc-
tures, and robotic motion policies. However, applying RFM to CAPE poses a
unique challenge: the underlying manifold is not fixed but depends on the skeletal
topology of the novel category. Furthermore, standard FM suffers from “coupling
issues” where large distances between the prior and target result in integration
drift. Our FlowCape framework addresses these by defining a category-agnostic
metric via the Skeleton Laplacian and introducing a heatmap-guided initializa-
tion to ensure short, stable transport paths.

3 Preliminaries

We briefly review the conditional Flow Matching (FM) formulation. Let x0 ∈
RN×2 denote an initial pose state, x1 ∈ RN×2 denote a target pose (N is the
number of keypoints), and c denote the condition variables. A conditional flow
model with learnable parameters θ learns a time-dependent velocity field vθ(x, t |
c) that transports x0 to x1 through the probability flow Ordinary Differential
Equations (ODE)

dx(t)

dt
= vθ(x(t), t | c) , x(0) = x0, (1)



Occlusion-Resilient CAPE with Conditional Flow Matching 5

where t ∈ [0, 1] is the continuous time variable. FM defines a reference path
ψt(x0,x1) between the endpoints and regresses the model velocity to the path
tangent xt = ψt(x0,x1) ,ut = ∂tψt(x0,x1). The conditional FM objective is

LFM = E(x0,x1,c), t

[
∥vθ(xt, t | c)− ut∥22

]
. (2)

We adopt the linear probability path ψt(x0,x1) = (1 − t)x0 + tx1. It leads
to straight-line transport in Euclidean pose space while allowing the learned
conditional field to absorb appearance and structure cues through c.

At inference time, the learned ODE in Eq. (1) is solved numerically. Using
explicit Euler integration with K steps and ∆t = 1/K, the rollout takes the
form starting from x(0) = x0.

tk =
k

K
, x(k+1) = x(k) +∆tvθ

(
x(k), tk | c

)
. (3)

Unlike standard Flow Matching setups that sample x0 from an unconditional
prior, our setting uses a query-induced initialization, while x1 is available only
during training as the ground-truth query pose.

4 Method

Following Sec. 3, we instantiate conditional Flow Matching for Category-Agnostic
Pose Estimation with three stages: heatmap-guided initialization, conditional
flow matching, and probability-flow ODE rollout. Given a query image Iq, skele-
ton graph G, and support point-description embeddings Ts = {di}Ni=1, our goal
is to predict the normalized query pose x̂ ∈ [0, 1]N×2. The query image is en-
coded as Fq = Φq(Iq), and the condition set used by the flow is c = {Fq,Ts,G}.

4.1 Heatmap-Guided Initialization

Instead of sampling x0 from an unconditional prior, we initialize the flow with a
dedicated Heatmap-Guided Initialization module. It reuses the heatmap branch
of Riemannian Pose Head and turns the input pair (Fq,Ts) into a pose
seed. The geometric anchor is the centered template q0 = 0.5 ·1N×2, where each
keypoint is initialized at the image center in normalized coordinates.

To obtain a semantic prior, we query Riemannian Pose Head at t = 0 from
q0 and extract a per-keypoint similarity map H ∈ RN×Hm×Wm . Concretely, if
f̂uv denotes the ℓ2-normalized query feature token at spatial location (u, v) and
d̂i denotes the normalized embedding of the i-th support point description, then

the i-th heatmap channel is Hiuv =
⟨d̂i ,̂fuv⟩

τh
, where d̂i and f̂uv are ℓ2-normalized

text and image embeddings, and τh is the heatmap similarity temperature.
We then convert H into continuous coordinates using soft-argmax:

πiuv =
exp(Hiuv/τs)∑

u′,v′ exp(Hiu′v′/τs)
, xhm

0,i =

Hm∑
u=1

Wm∑
v=1

πiuv

[
v − 1

Wm − 1
,
u− 1

Hm − 1

]
.

(4)
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Fig. 2: Overview of the FlowCape. Image and text encoders extract query and
support cues, a heatmap-guided initialization constructs the initial pose state, and a
Riemannian Pose Head is trained with conditional flow matching. At test time, the
pose is refined via ODE rollout to produce the final prediction.

where τs is the soft-argmax temperature. This yields the heatmap-based ini-
tialization xhm

0 . The final initialization blends this semantic estimate with the
centered anchor in Eq. (4):

xraw
0,i = αix

hm
0,i + (1− αi)q0,i. (5)

This formulation covers pure heatmap initialization (αi = 1), fixed-ratio blending
(αi = 1−β with β ∈ [0, 1]), and confidence-adaptive blending. In the confidence
mode, the Heatmap-Guided Initialization module estimates the reliability of each
keypoint from the heatmap peak and defines

pi = max
u,v

Hiuv, αi = σ((σ(pi)− δ)γ) , (6)

where σ(·) is the sigmoid function, and δ and γ denote the confidence threshold
and slope, respectively.

From a data-flow perspective, the initialization stage consists of four steps:
Image Encoder Φq extracts Fq, Riemannian Pose Head produces similarity heatmaps,
soft-argmax converts heatmaps into coordinates, and confidence-adaptive blend-
ing produces the final raw initialization xraw

0 . During training, xraw
0 is supervised

directly, but the state fed into the flow-matching objective is detached to avoid
coupling the initialization gradients with the target velocity: x0 = sg(xraw

0 ) ,
where sg(·) denotes stop-gradient. At inference time, we use xraw

0 directly as the
initial state.

4.2 Conditional Flow Matching

Conditional velocity field. The second stage is implemented by the same
Riemannian Pose Head, but now in vector-field prediction mode. Given an in-
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termediate pose xt and time t ∈ [0, 1], the head predicts a conditional velocity
field vθ(xt, t | c). We first project the query features into a flattened query
image feature M = Flatten (WfFq + PE(WfFq)) , where Wf is a learnable pro-
jection and PE(·) denotes the positional encoding. The i-th keypoint token is
then initialized by combining support semantics and the current pose state,

z
(0)
i =Wddi +Wxxt,i, (7)

where Wd and Wx are learnable projections. A sinusoidal embedding of t is
injected inside the head before the stacked graph-flow blocks. We also compute
a global text condition d̄ = 1

N

∑N
i=1Wddi, which modulates normalization layers

via AdaLN and provides a global semantic context for all keypoints. The resulting
velocity field is produced by the Graph Flow Encoder:

vθ(xt, t | c) = GFEθ

(
{z(0)i }Ni=1,M,G, d̄, t

)
. (8)

Each Graph Flow block alternates self-attention over keypoint tokens, cross-
attention to query image feature, graph smoothing over G, and AdaLN modu-
lation by d̄, allowing the model to couple local evidence with global structural
priors. In this stage, current pose state xt and support descriptions Ts form
keypoint tokens, query features Fq form image feature, and GFE fuses them to
predict the next transport direction.

Training objective. Let x1 ∈ [0, 1]N×2 denote the normalized ground-truth
query pose. We follow the linear path in Sec. 3, but sample

t ∼ U(0, 1)1/2, xt = (1− t)x0 + tx1, u = x1 − x0, (9)

which emphasizes early-time dynamics near the initialization. Under the straight-
path parameterization, the predicted velocity induces the terminal estimate

x̂1 = xt + (1− t)vθ(xt, t | c). (10)

For training, we use a validity mask m ∈ {0, 1}N to ignore unsupervised query
keypoints. Let r = vθ(xt, t | c)− u and LG = L(G,m) be the masked Laplacian
metric induced by the skeleton graph. Our main supervision is a Hybrid Flow
Matching objective,

Lrfm =
1∑N

i=1mi

tr
(
r⊤LGr

)
, Lflow =

1∑N
i=1mi

N∑
i=1

mi ∥ri∥22 , (11)

where Lrfm enforces structure-aware consistency under the skeleton metric and
Lflow preserves Euclidean regression accuracy.

We complement the velocity supervision with direct losses on the initializa-
tion and the recovered pose:

Linit =
1∑N

i=1mi

N∑
i=1

mi

∥∥xraw
0,i − x1,i

∥∥
1
, (12)
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To improve early-time accuracy and reduce distribution shift, we further impose
t = 0 velocity loss and unrolled ODE consistency loss over Ktr steps:

Lv0 =
1∑N

i=1mi

N∑
i=1

mi ∥vθ(x0, 0 | c)i − ui∥22 , (13)

x(0) = x0, x(k+1) = x(k) +
1

Ktr
vθ

(
x(k),

k

Ktr
| c

)
, (14)

Lode =
1∑N

i=1mi

N∑
i=1

mi

∥∥∥x(Ktr)
i − x1,i

∥∥∥
1
. (15)

The overall objective is then, and all λ terms are loss weights:

L = λflowLflow + λrfmLrfm + λinitLinit + λv0Lv0 + λodeLode (16)

where Lhm is the auxiliary heatmap supervision from the shared head. When
refinement layers are enabled, we keep the standard refinement loss Lref from
the prior refinement-based CAPE head and omit its unchanged formulation.

4.3 Inference via Probability Flow ODE Rollout

At test time, we initialize the state with the heatmap-guided pose x(0) = x0 and
integrate the learned probability flow ODE with explicit Euler for Kte steps. At
the k-th step, the shared Riemannian Pose Head is called as

tk =
k

Kte
,

(
v(k),H(k)

)
= Headθ

(
x(k), tk | c

)
. (17)

We compute a heatmap potential U(x;H(k)) by bilinearly sampling H(k) at the
current state and add its gradient to the velocity:

g(k) = λkg∇xU
(
x(k);H(k)

)
, ṽ(k) = v(k) + g(k). (18)

The rollout update is

x(k+1) = x(k) +
1

Kte
ṽ(k). (19)

After Kte steps, we obtain the final normalized prediction x̂ and decode it to
image coordinates by p̂i = x̂i ⊙ [Wimg, Himg]. Thus, inference is formulated as
an iterative probability-flow rollout, where the shared Riemannian Pose Head
conditions on the current pose estimate, predicts the conditional velocity through
its Graph Flow Encoder, and progressively advances the pose state until the final
prediction is reached.

5 The Occ80 Benchmark
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Fig. 3: Overview of the Occ80 benchmark.

We introduce Occ80, an occlusion-
centric multi-category bench-
mark for CAPE. Occ80 is
constructed by selecting occlusion-
heavy instances from MP-100
and integrating additional oc-
cluded samples from Crowd-
Pose [14] and AnimalKing-
dom [22], resulting in 15,562
annotated instances across 80
categories. To better evalu-
ate cross-category generaliza-
tion under missing evidence,
we further create 3 splits with
mutually exclusive categories.
More benchmark details are
provided in the Supplemen-
tary Material.

6 Experiments

6.1 Settings

Implementation Details. We follow the CapeX [28] and use keypoint descrip-
tors as the support cue. The architecture consists of an image encoder, a text
encoder, and a Graph-aware Velocity Field Predictor. For fair comparison, we
adopt Swin-V2 [19] as the visual encoder and a frozen gte-base-v1.5 [15] as the
text encoder. The architecture is implemented in the MMPose framework [3] and
trained with Adam for 200 epochs using a batch size of 16. The learning rate is
initialized to 1× 10−5 and decayed by a factor of 10 at epochs 160 and 180. All
images are cropped and resized to 256× 256 pixels. Training was conducted on
a Linux server equipped with an NVIDIA A100 GPU. See more configurations
in the Supplementary Material.

Datasets. We conducted our experiments on MP-100 dataset [33], the most
prevalent and large-scale benchmark for CAPE, which covers 100 categories
across 8 super-categories. MP-100 dataset contains keypoint numbers ranging
from 8 to 68 across different classes. We follow the dataset splits in [33], i.e.
all classes are split into non-overlapping train/val/test sets with the ratio of
70 : 10 : 20, and there are five random splits to reduce the impact of randomness.
In addition, to evaluate occlusion robustness in the most challenging settings, we
perform extensive experiments on our proposed Occ80 benchmark. We use the
same training protocol as in MP-100 for all 3 splits (S1-S3) of Occ80. Following
the official implementations, we also reproduce CapeFormer [29], GraphCape [8],
CapeX [28], GenCape [25], and EdgeCape [9] on Occ80.

Evaluation Metrics. We use the Probability of Correct Keypoint (PCK)
as the evaluation metric. We follow the standard metric PCK@0.2 as the default
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Table 1: Comparisons with the baselines on MP-100 dataset under 1-shot settings.

Method Support Split 1 Split 2 Split 3 Split 4 Split 5 Avg

POMNet [33] Image 84.23 78.25 78.17 78.68 79.17 79.70
CapeFormer [29] Image 89.45 84.88 83.59 83.53 85.09 85.31
ESCAPE [23] Image 86.89 82.55 81.25 81.72 81.32 82.74
MetaPoint [1] Image 90.43 85.59 84.52 84.34 85.96 86.17
GraphCape [8] Image+Graph 91.19 87.81 85.68 85.87 85.61 87.23
SDPNet [27] Image 91.54 86.72 85.49 85.77 87.26 87.36

PPM+CPT [24] Image(+Text) 91.03 88.06 84.48 86.73 87.40 87.54
SCAPE [16] Image 91.67 86.87 87.29 85.01 86.92 87.55
GenCape [25] Image 92.05 88.69 86.89 85.88 87.02 88.09
EdgeCape [9] Image+Graph 93.57 89.53 89.31 87.38 87.29 89.42

CapeX-T [28] Text+Graph 92.79 89.47 84.95 87.25 89.61 88.81
FlowCape-T Text+Graph 92.13 87.74 85.18 87.79 89.21 88.40
CapeX-S [28] Text+Graph 95.62 90.94 88.95 89.43 92.57 91.50
FlowCape-S Text+Graph 96.19 90.97 89.19 89.21 92.71 91.65

metric for performance reporting. We further evaluate our model using three
standard keypoint localization metrics. AUC measures the area under the PCK
curve and reflects overall accuracy across a range of distance thresholds. EPE
computes the Euclidean distance between predicted and ground-truth keypoints.
NME reports the mean localization error normalized by object scale. These met-
rics provide a comprehensive assessment of both absolute and scale-invariant
localization performance. More results are in the Supplementary Material.

6.2 Benchmark Results

Quantitative Comparisons with Baseline Methods. Tab. 1 reports the
evaluation metric scores for the MP-100 test set, considering the 1-shot scenario.
As discussed in CapeX, we do not report 5-shot results because the support cue
is a fixed keypoint text description, and using five shots would simply repeat the
same text without providing additional information. We find that that our Flow-
Cape achieves competitive performance with the strongest text-based baseline
CapeX under the same backbone scale. In the Tiny setting, FlowCape-T obtains
an average PCK of 88.40%, which is close to CapeX-T, while achieving better
performance on Split 3 and Split 4. In the Small setting, FlowCape-S reaches an
average score of 91.65%, slightly outperforming CapeX-S.

More importantly, Tab. 2 reports the PCK@0.2 results on the Occ80 dataset.
Compared with prior CAPE methods, FlowCape consistently achieves the best
performance. Specifically, with the SwinV2-Tiny backbone, FlowCape reaches
an average score of 84.25%, outperforming the SOTA CapeX by +0.53%. The
improvement becomes more pronounced with a larger backbone: SwinV2-Small,
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Table 2: PCK@0.2 on the Occ80 dataset.

Backbone Method Src. S1 S2 S3 Avg.

ResNet-R50 CapeFormer [29] CVPR23 77.63 77.67 71.13 75.48
DINOv2-ViT-B/14 EdgeCape [9] ICLR26 82.23 81.21 76.35 79.93

SwinV2-Tiny

GraphCape [8] ECCV24 84.78 84.68 79.35 82.94
CapeX [28] ICLR25 85.68 85.79 79.69 83.72
GenCape [25] ICLR26 78.59 79.60 73.63 77.27
FlowCape - 86.72 86.59 80.23 84.51

SwinV2-Small

GraphCape [8] ECCV24 84.97 85.23 79.92 83.37
CapeX [28] ICLR25 89.35 89.99 84.88 88.07
GenCape [25] ICLR26 87.61 84.35 80.66 84.21
FlowCape - 91.56 90.49 85.32 89.12

FlowCape achieves 89.12% Avg, surpassing CapeX by clear +1.05% margins. No-
tably, FlowCape attains the best performance across all 3 splits, demonstrating
stable improvements across different category partitions. These comprehensive
evaluations indicate that the proposed flow-based method effectively handles am-
biguous and partially visible keypoints, allowing the model to maintain reliable
structural predictions even when occlusions occur.

Qualitative Comparisons. Fig. 4 presents qualitative comparisons be-
tween CapeX [28] and our FlowCape under various challenging scenarios.

Table 3: Ablations on components. ‘H-init’ represents
Heatmap-guided Initialization. All experiments are con-
ducted on Occ80 Split-1 with tiny backbone.

LODE H-Init Linit Lrfm Lflow Lv0 PCK ∆

85.68 0
✓ 72.81 ↓13.31
✓ ✓ ✓ 85.56 ↓0.12
✓ ✓ ✓ ✓ 86.22 ↑0.34
✓ ✓ ✓ ✓ ✓ 86.58 ↑0.90
✓ ✓ ✓ ✓ 86.41 ↑0.73
✓ ✓ ✓ ✓ ✓ ✓ 86.72 ↑1.04

As shown, severe occlu-
sion and partial occlusion
frequently cause ambigu-
ous visual evidence for
keypoints, leading to in-
correct or structurally in-
consistent predictions in
CapeX. For instance, when
keypoints are heavily oc-
cluded by objects or self-
occlusion, e.g . limbs hid-
den behind the body
or overlapping structures,
CapeX often produces
misplaced joints or distorted skeleton configurations. In contrast, FlowCape con-
sistently recovers more coherent pose structures, even when several keypoints are
partially invisible. This behavior is particularly evident in the leopard and hu-
man examples, where occluded limbs are still inferred with plausible spatial rela-
tionships. The error visualizations further highlight that FlowCape significantly
reduces localization errors compared with CapeX. These results demonstrate
that modeling pose generation through flow-based dynamics enables more ro-
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Query Ground-truth CapeX FlowCape CapeX-err FlowCape-err

Fig. 4: Quantitative results of FlowCape on Occ80.From left to right, each row
shows the input query image, ground truth, CapeX prediction, FlowCape prediction,
the CapeX–GT error map, and the FlowCape–GT error map. The discrepancy between
prediction and ground truth is indicated by double-ended black segments, which visu-
alize the per-keypoint localization error.

bust pose reasoning under occlusion and partial visibility, leading to more stable
and structurally consistent predictions.

6.3 Ablation Study

As the first attempt to apply flow matching to the CAPE task, our method
warrants a careful analysis of each module, as well as the ODE integration and
the initialization strategy. All ablation studies were conducted on the Occ80
Split-1 test set.

Different Components Analysis. We conducted experiments to evalu-
ate the impact of various loss functions and the initial pose state x0 strategy,
including the initialization loss Linit, the flow matching loss Lrfm, the flow con-
sistency loss Lflow, the velocity regularization Lv0 , and the ODE trajectory con-
straint LODE. Tab. 3 summarizes the results. ODE-only means that we keep the
continuous-time trajectory integration, but remove the auxiliary components.
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query initial step=5 step=10 step=15 step=20 step=25 final prediction

A

C

D

B

Fig. 5: Visualization of flow trajectories in different initialization strategy. A, B, C,
and D correspond to the 20 steps query-centered, query-centered, heatmap-guided, and
confidence-guided cases, respectively. The visualization is performed every five steps.

The large drop (-13.31%) is expected because ODE integration accumulates lo-
cal errors along the trajectory. Under heavy occlusion, the posterior over poses
is highly ambiguous and without flow-matching and consistency constraints the
learned velocity field becomes weakly identifiable and prone to drift. Adding
“H-Init” largely mitigates the drop by anchoring the trajectory near a plausible
instance-specific pose, effectively shrinking the multi-modal occlusion posterior
to a local neighborhood. This reduces ODE integration drift and yields cleaner
supervision for learning a consistent velocity field, making the subsequent gener-
ative recovery well-conditioned. For flow dynamics, adding Lrfm and Lflow yields
a substantial gain (+0.9%) because they provide direct supervision on the flow
dynamics, aligning the learned velocity field with the target probability path and
enforcing trajectory consistency under occlusion. The Lv0 term further improves
performance by stabilizing the initial-time dynamics, reducing early-step drift
that would otherwise be amplified during ODE integration. Overall, the results
show that FlowCape benefits from the complementary effects of high-quality
initialization and dynamics-consistent flow matching.

Table 4: Initialization strategy ablation on
Occ80 Split-1.

Strategy 20S-Q. Query HM Conf.

PCK 83.13 84.77 86.72 86.71

Different Initialization Mode
Analysis. We study four strate-
gies for constructing the initial pose
state x0 before flow-based refine-
ment. (A) 20-step query-centered
initializes x0 at the query image cen-
ter and runs the ODE for 20 steps;
for visualization consistency in Fig. 5, the remaining steps are replicated to
match the figure length. (B) Query-centered uses the same center-based initial-
ization but runs the ODE for 30 steps, which is the default setting in all other
experiments unless otherwise specified. (C) Heatmap-guided initializes x0 by de-
coding the coarse heatmaps to obtain an initial state. (D) Confidence-guided
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further weights the heatmap-derived coordinates by their response confidence,
emphasizing high-confidence keypoints to form a more reliable initialization.
As shown in Tab. 4, the performance consistently improves from left to right,
suggesting that even a coarse-grained initialization is necessary to anchor the
pose state and facilitate effective subsequent refinement. Fig. 5 corroborates
this trend: center-based initialization is coarse and requires larger ODE trajec-
tory corrections, while heatmap-/confidence-guided initialization injects query-
grounded cues, starting closer to the correct mode and yielding shorter, more
stable trajectories under occlusion. The near-tie between heatmap and confi-
dence indicates diminishing returns once the initialization is already close, with
confidence mainly helping suppress ambiguous peaks.

Table 5: Ablation studies on hyper-parameters, in-
cluding the pose head depth Nh, the hidden dimension
of the head Dh, and objective weights λinit and λtraj .
Hyper-parameters of Riemannian Pose Head
Param. Nh (Dh=256) 1 2 3 4
PCK 83.51 86.54 86.72 84.96
Param. Dh (Nh=3) 128 192 256 384
PCK 85.61 85.89 86.72 86.77
Objective weighting factor
Param. λinit (λtraj=1.0) 1.0 10−1 10−2 10−3

PCK 86.58 86.72 86.19 86.23

Param. λtraj (λinit=10−1) 1.0 10−1 10−2 10−3

PCK 86.72 86.28 85.67 84.79

Different Hyper-parameter
tuning. We further in-
vestigate the influence
of several key hyper-
parameters in the Rie-
mannian Pose Head, in-
cluding the pose head
depth Nh, the hidden
dimension Dh, and the
weighting factors λinit and
λtraj. As shown in Tab. 5,
the performance improves
as the pose head depth in-
creases from 1 to 3 layers,
reaching the best PCK
of 86.72, while a deeper
configuration (Nh=4) slightly
degrades the performance, suggesting that that excessive depth may introduce
redundant transformations. Similarly, increasing the hidden dimension from 128
to 256 improves the results, while further enlarging it to 384 yields only marginal
gains at a noticeably higher computational cost. We therefore adopt Dh = 256
as the default. For the objective weights, the best performance is obtained
whenλinit = 10−1 and λtraj = 1, suggesting that a balanced initialization con-
straint and trajectory supervision help stabilize the generative flow dynamics.

7 Conclusion

We presented FlowCape, a conditional flow-matching framework for occlusion-
resilient CAPE. By reformulating CAPE as structured pose transport, FlowCape
improves prediction stability and global pose consistency under severe occlusion.
We also introduce Occ80, an occlusion-focused benchmark for evaluating ro-
bustness and cross-category generalization. Experiments on MP-100 and Occ80
show that FlowCape consistently outperforms strong CAPE baselines, especially
in challenging occluded scenarios.
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