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Fig. 1: Multi-HMR 2 detects humans and recovers their 3D meshes, placed in the
scene, along with camera parameters. It also outputs per-human features that allow
online tracking in videos, despite being trained only on still images.

Abstract. Most advances in human mesh recovery (HMR) have focused
on pelvis-centered recovery, overlooking metric 3D localization and detec-
tion accuracy in the camera coordinate system – two key factors for real-
world applications such as human–robot interaction and social scene un-
derstanding. Current evaluation protocols often ignore these aspects, em-
phasizing per-person, root-centered recovery rather than camera-space
perception. As a result, existing approaches rely on fixed camera as-
sumptions or handcrafted post-processing, limiting their robustness and
practical deployment. We introduce Multi-HMR 2, a simple yet ro-
bust DETR-based framework for Multi-person camera-centric Human
detection, Mesh Recovery, and tracking. Multi-HMR 2 predicts a scene-
consistent camera together with human meshes, enabling metric 3D lo-
calization without ground-truth intrinsics. Moreover, by distilling image-
based memory features from SAM2, Multi-HMR 2 extends to tracking,
achieving consistent identity association without video supervision. De-
spite its conceptual simplicity – no handcrafted components, no video
input, and no ground-truth cameras – Multi-HMR 2 achieves state-of-
the-art pelvis-centered performance while substantially improving detec-
tion accuracy and metric 3D localization.
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1 Introduction

Perceiving humans from images is a core computer vision problem, with appli-
cations in diverse fields such as robotics, virtual reality, or automatic gesture
analysis. Among human perception tasks, multi-person human mesh recovery
(HMR) aims to detect, localize, and estimate the 3D mesh of every human in
a scene. Although useful for understanding human interactions and for robotic
navigation applications, this task is particularly challenging as one needs to deal
with depth ambiguity, scene and inter-person occlusions, and computational cost
constraints when recovering multiple humans simultaneously. Earlier works in
multi-person HMR [9,18,44,67] followed a two-step procedure consisting of: (1)
detecting every human in the scene, typically with a pretrained object detection
model [16, 33, 49, 61]; (2) estimating a mesh independently for every human by
cropping the image around each person [6,15,21,41,68]. While enabling the use
of powerful foundation models for object detection and single-person HMR, this
paradigm presents several drawbacks: the inference cost grows with the num-
ber of individuals in the image, interactions between humans rely exclusively
on global image features, and complex procedures are designed to localize hu-
mans in the 3D scene. To address these limitations, recent approaches propose
to jointly recover all human meshes given an image using one-stage detectors.

Following the common practices in object detection, one-stage approaches to
multi-person HMR can be divided into 2 categories: (1) In the spirit of Center-
Net [71], some approaches rely on local image features to perform detection and
feed the relevant ones directly into the decoder, (2) DETR-like models [7] have
a fixed set of queries and need to perform query to target matching at training
time and query selection at test time. Despite sometimes showing slower training
convergence, DETR approaches typically better capture the global scene context
as queries do not depend on local image features. Additionally, CenterNet-like
approaches such as Multi-HMR [3] cannot handle images with close interactions
when two humans are located in the same image patch, as the query would be
the same. AiOS [54] and SAT-HMR [53] are DETR-based approaches. However,
these methods make very strong assumptions about the camera model, with a
fixed focal length of 5000 mm in [54] and a fixed field of view (FOV) of π

3 for [53].
This assumption leads to large errors in the estimate of 3D locations in the cam-
era frame. Additionally, multi-person HMR methods [3, 53, 54] use parametric
body models that can only represent adult bodies [34, 42]: this leads to an in-
creased 3D localization error in the presence of children, which are predicted as
adults at a long distance from the camera to compensate for the scaling error.

In this work, we introduce Multi-HMR 2, a multi-person HMR approach
leveraging the Anny [5] parametric body model. Anny is open source and covers
the human diversity — across ages (from infants to elders), body types, and
proportions — with a unified model featuring interpretable body shape param-
eters. For detecting humans we rely on a DETR framework (see Figure 2): this
makes Multi-HMR 2 a strong human detector, robust to heavy occlusions and
to humans in close interaction. One of the limitations of DETR-based models
is that training can be computationally expensive, depending on the modalities
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Fig. 2: Overview of Multi-HMR 2. Multi-HMR 2 follows a DETR-based archi-
tecture composed of an encoder that extracts image tokens and predicts camera pa-
rameters, and a decoder that cross-attends learned queries with image tokens before
outputting score, 3D location, body parameters and tracking features for each query.
A subset of queries is selected with an Hungarian matching at training or by thresh-
olding the score at inference, and is fed to a body parametric model to obtain the final
meshes.

used to associate the predictions with the targets in the Hungarian matching al-
gorithm. In contrast with [53,54], we propose to match predictions with targets
based solely on the 2D location of humans, avoiding costly forward and back-
ward passes through the parametric body model for all queries. We show that
this does not affect the HMR performance while allowing us to use additional
sources of training data without ground-truth meshes and significantly reducing
the compute needs for training. Multi-HMR 2 is trained in around a week on a
single GPU.

By contrast to [53,54], we additionally propose to estimate the camera intrin-
sic parameters. This allows us to localize humans much more accurately in the
camera space, both in terms of absolute distance to the camera and relative dis-
tance between humans. Combined with the ability to model children, Multi-HMR
2 presents unprecedented capability in metric-scale recovery of human-centered
scenes from a single image.

In addition to 3D properties, we propose to regress features distilled from the
SAM2 [48] memory encoder for each human, that can be used to track humans by
associating detections across frames. This makes Multi-HMR 2 the first approach
for human tracking that can be trained without any video or mesh sequence.

We evaluate Multi-HMR 2 on in-the-wild HMR benchmarks [22, 37], hu-
mans in close interaction [23,66], reprojected keypoints [29], and on the tracking
task [10]. We show that despite its simplicity, Multi-HMR 2 achieves results
superior or comparable to the SOTA multi-person HMR methods.

In summary, we make the following contributions:
• We introduce Multi-HMR 2, a multi-person HMR method based on the

inclusive Anny body model.
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• Multi-HMR 2 is based on the DETR framework, making it robust to over-
lapping humans. Our novel matching strategy based on 2D location makes
Multi-HMR 2 fast to train and trainable with images without 3D annota-
tions.

• Multi-HMR 2 can use the ground-truth camera parameters or predict them,
allowing highly-accurate human localization in the scene.

• We distill SAM2 features, allowing Multi-HMR 2 to track humans by asso-
ciating detections across frames without any training on video data.

2 Related work

Multi-person HMR. Human mesh recovery, introduced in [21], is the task of
regressing human meshes given an image. In this work we focus on parametric
methods, that predict the parameters of a human body model [5,34,42,63]. While
most methods focus on the single-person scenario and assume that their input
is an image tightly cropped around the human of interest, more and more works
shift to the multi-person HMR task. Multi-person HMR methods aim to detect
and localize humans in the 3D scene in addition to regressing human meshes. Ear-
lier approaches were multi-stage [9, 18, 44, 67] and relied on off-the-shelf human
detectors [16, 33, 49, 61] and single-person HMR methods [6, 15, 21, 41, 68]. How-
ever, this multi-stage paradigm lead to an inference time linearly growing with
the number of subjects in the image, and ignored the spatial relationships and
interactions between humans. Following the seminal work of ROMP [55], some
single-stage approaches were proposed [3, 43, 56]. These approaches are inspired
by the CenterNet [71] paradigm: they first detect humans and then use their
local image features as queries to predict meshes. Recently, PromptHMR [60]
united the CenterNet and multi-stage paradigms by enriching Multi-HMR with
ground-truth or off-the-shelf detections, segmentation, and textual information.
However, this kind of approaches typically ignores the global context, as queries
contain most of the necessary information to predict human meshes. Addition-
ally, they are not optimal for handling overlapping humans. For these reasons,
recent work explores DETR-like approaches for multi-person HMR [53,54].

In this work, we propose a new DETR-based approach to multi-person HMR.
The DETR framework allows end-to-end training, better takes into account the
global image context, and provides an efficient and elegant way to deal with
detections, especially in occlusion scenarios.
DETR for human perception. The DETR architecture [7] was originally
proposed for object detection. It consists of feeding a set of learned queries to
the decoder. Each query will result in a prediction, with a given confidence
value. During training, predictions are matched with the ground truth using a
Hungarian algorithm. At inference, queries are selected using the predicted con-
fidence value. Many methods built upon DETR [8, 17, 32] improved its conver-
gence, and first applications to human perception were made in 2D pose estima-
tion [30,51,65]. Starting from ED-Pose [65], AiOS [54] was the first DETR-based
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approach to multi-person HMR. AiOS first localizes subjects with a human to-
ken and introduces joint-related tokens to predict expressive human meshes [42].
However, although being one-stage, AiOS relies on crops to predict fine-grained
details such as hands and facial expression, and it assumes a focal length of
5000 mm, making the global localization prediction inaccurate. SAT-HMR [53]
extends Multi-HMR [3] to the DETR framework with scale-adaptive image fea-
tures. SAT-HMR achieves performance comparable with [3,54] in pelvis-centered
metrics with a minimal inference cost, however, its predictions in the camera co-
ordinates system lack accuracy as it relies on cameras with a fixed FOV.

Multi-HMR 2 focuses on improving existing multi-person HMR methods in
terms of 3D localization in the camera frame. For that, we propose an adaptive
model that can leverage ground-truth camera parameters or predict the FOV. We
show that Multi-HMR 2 achieves SOTA performance in pelvis-centered metrics
while significantly improving scene-centered metrics.
Human tracking. Multi-person HMR can be extended to videos, which re-
quires tracking humans across frames to leverage the temporal context. Most
approaches to human tracking work in a tracking-by-detection setting, which
means that they detect objects in every frame independently and then asso-
ciate them. Earlier approaches were based on 2D locations and keypoint fea-
tures [14, 62]. Incorporating HMR predictions into the tracking pipeline signif-
icantly improves accuracy [45, 46], and [15] show that stronger detections and
human mesh recovery estimates lead to even better tracking. Recently, CoMo-
tion [39] proposed a tracking-by-attention method that detects new objects and
updates existing tracks jointly, and [31] proposed a DETR-based approach that
considers the predictions of a given query across time as a motion prediction.

While prior works all rely on video or human motion data for training, we
propose to distill SAM2 features, that can be used for tracking by associating
detections across frames while being trained only on still images.

3 Method

Overview. Figure 2 shows an overview of the Multi-HMR 2’s architecture,
that given a single RGB image, detects humans in the scene and regress their
meshes in the camera coordinate system. The model is based on the DETR [7]
paradigm for object detection: the image is encoded with a ViT. A decoder based
on cross-attention blocks with respect to the encoded tokens then processes a set
of learned queries. These decoded queries are then fed to different MLP heads:
a first one predicts a detection score, a second one predicts global location, a
third one predicts the parameters of a parametric human body model, and a last
one predicts a feature that can be used for tracking. We additionally regress the
camera intrinsics from the cls token of the encoder.

DETR-like detectors have the advantage of elegantly dealing with overlap-
ping humans, in contrast to CenterNet-like approaches [3,56] or two-stage meth-
ods [15]. While they might be slow to train, in particular if all queries are for-
warded to the body model during training, we propose to perform the matching
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Fig. 3: Matching queries and ground-truth humans during training. Prior
works [53, 54] fed all queries to the body model to perform matching using all joints
(left). In contrast, we perform the matching using the location only (right): only the
matched queries require a forward pass through the body model, significantly reducing
computational cost and accelerating training.

considering the body location only, avoiding this problem (see Figure 3). By
using only the 2D localization in pixels, we are also able to train using datasets
annotated with 2D keypoints alone [29].

As parametric body model, we rely on the recent Anny [5], for its strong
ability to model human diversity (in terms of ages covering babies to elders,
genders, weight, etc.). As most other parametric models [42, 63], Anny encodes
human meshes, including face and hands, using only a few bone 3D orientations,
namely 163 and a set of 6 interpretable body shape parameters.

As feature relevant for tracking, we propose to distill the flattened feature
maps of the SAM2 [48] image and memory encoder: this can be trained from still
image supervision, i.e., without any video annotated with human meshes. This
stands in contrast to classical feature obtained from appearance cues [14,46].

We now detail the components of our model.
Image Encoder. The input image is processed with a ViT-Large encoder [11]:
the image is split into patches, which are fed to a series of transformer blocks [57].
A linear layer maps the obtained image features to the dimension of the decoder.
While most HMR images process only square images, by padding the borders, we
train our model with various aspect ratios. We crop the images during training to
randomly chosen aspect ratio while the largest dimension is set to 768 pixels. The
crops are centered to preserve the centering of the principal point. At inference,
the image is simply resized such that the largest dimension is 768 and the smallest
side a multiple of the patch size.
Camera intrinsics prediction. We use a Multi-Layer Perceptron (MLP) head
to predict the camera intrinsic parameters from the cls token of the ViT encoder.
More precisely, we regress the vertical FOV, assuming similar focal length along
horizontal and vertical axis, and a principal point at the center of the image.
Decoder. The Multi-HMR 2’s decoder follows a DETR-like architecture. A set
of 100 learned human queries is decoded through 8 decoder blocks, each com-
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posed of a multi-head self-attention layer between queries, a multi-head cross-
attention layer with image tokens, and an MLP. The decoded queries will then be
given as input to multiple prediction heads, each responsible for the prediction
of a given modality, as detailed below.
Detection score. Our model predicts a detection score for each decoded query.
This score will be used in the matching process during training, while at inference
time, we only keep queries with a score above a given detection threshold.
Location prediction. Regressing the 3D location of humans in the camera
space is particularly challenging, especially when focal length is not fixed. We
decompose the global location estimation into 2 simpler problems. First, we
estimate the 2D location of a human in pixel space. Following the monocular
depth literature [12,38,47] and prior works in multi-person HMR [3,60] we then
predict the nearness, that corresponds to the depth in log-space. We can then
recover the 3D location by inverse projection using our predicted depth and 2D
location, and estimated camera intrinsics.
Matching queries and ground-truth human meshes during training.
Since our model is based on the DETR framework, predictions need to be
matched with the ground-truth meshes during training. Unlike prior DETR-like
HMR methods [53, 54], we propose to do the Hungarian matching based solely
on the predicted confidence and 2D location, before predicting meshes. Let us
denote ŷ={l̂i, ĉi}Ni=1 the N predicted locations in pixels and confidence values,
and y={li}Mi=1 the M target locations. Let xij be the binary variables indicating
if the prediction i matches the target j. We solve the following problem:

min
{xij}

N∑
i=1

M∑
j=1

xij

(
∥l̂i − lj∥1 + FC(ĉi)

)
(1)

s.t.
M∑
j=1

xij≤1 ∀i=1...N,

N∑
i=1

xij=1 ∀j=1...M,

with FC(ĉi) = −α(1− ĉi)
γ log(ĉi) a focal loss [28] with α=0.25 and γ=2.

This 2D-based matching strategy offers two key advantages. First, it greatly
reduces the computational cost, since only matched queries are passed through
the differentiable parametric body model, while unmatched queries are discarded
early as shown in Figure 3. A forward-backward pass takes 0.35s with our match-
ing strategy vs. 0.48s with the standard one. It also uses much less memory (7GB
vs. 27GB), enabling larger batch sizes and further speed gains. Second, it enables
training with images annotated solely with 2D keypoints or bounding boxes, as
no 3D mesh supervision is required for the matching step. In Table 6 of Sec-
tion 4, we demonstrate through an ablation study that this strategy maintains
comparable accuracy to 3D-based matching while significantly improving train-
ing efficiency and flexibility across heterogeneous supervision sources.
HMR prediction. For each matched query, we predict the Anny shape param-
eters and the joint angles in the form of 6D rotations [72] that correspond to
relative angles along the kinematic tree. The Anny body model then outputs the
mesh vertices and joint locations in a differentiable fashion.
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Fig. 4: Target tracking feature. We obtain a target feature for each person using
SAM2. The image and ground-truth mask are fed into SAM2, and the average-pooled
memory encoder output is flattened into a feature vector.

Regressing track features. We aim to also obtain an appearance feature
per human that would allow to associate detections across frames in videos at
inference, thus allowing to track people. One possible solution for that is to
build an explicit texture map [15, 45, 46] but this might suffer from inaccurate
mesh estimation or varying illuminations. An alternative is to rely on contrastive
learning, inspired by the person re-identification literature [1,35], but this would
require pairs of images; or distillation of a strong already trained model. However,
these models are known to suffer from dataset biases [69, 70]. In this work, we
propose to distill the knowledge from the SAM2 foundation model for image and
video segmentation [48] (see Figure 4).

SAM2 processes each video frame independently, but it maintains a memory
bank that stores short-term spatio-temporal information from recent frames.
For a new frame, the model first encodes the image into tokens. These tokens
then interact, via cross-attention, with the memory bank, which holds features
from previous frames. A mask decoder uses the resulting features to generate
the segmentation mask for the current frame. After producing the mask, SAM2
encodes both the mask and the memory-enhanced features from the current
frame to create new feature representations. These features are added to the
memory bank and correspond to a 64 × 64 spatial grid of features, each of
dimension 64. The memory bank contains the set of features from the last 7
frames at maximum.

In our case, given a training image with ground-truth human segmentations,
we build a tracking feature (as shown in Figure 4) by (a) encoding the image with
the SAM2 image encoder thus obtaining an image feature map, (b) feeding that
image feature map with the ground-truth segmentation to the memory encoder
to obtain a memory feature map, (c) compressing this 64×64×64 representation
into a 4096-dimensional vector using an 8 × 8 average pooling and a flattening
operation. This feature can be computed for every human in training images as
long as ground-truth segmentations are available, either with annotations [29]
or thanks to the synthetic nature of many datasets [4, 5].

Training losses. Training losses include a cross-entropy for the predicted con-
fidence, and L1 losses for the predicted 2D locations, depths, pose parameters,
shape parameters, 3D vertices and joint positions centered on the pelvis, re-
projected 2D joint coordinates using the ground-truth or predicted camera, and
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regressed track features. Following [41], we use an asymmetric loss for the pre-
dicted FOV, which penalizes overestimated values more.

In order to improve the stability of training, we additionally use a stable loss
for 2D joints based on the reprojection error on a sphere. The inverse projection
operator Π−1

K that maps 2D camera coordinates to 3D directions on the half-
sphere in front of the camera is continuous and differentiable, contrary to ΠK .
We therefore minimize the angular error between the predicted 3D directions
and target rays:

L2D angle =
1

sK

∑
i

∠(xi, Π
−1
K (ûi)) (2)

where sK is a scaling factor defined as the camera diagonal field of view angle.
It is stable except for points located at the camera center, where the angle is
undefined; we thus ignore points within a 0.1m radius around the camera center
when computing this loss.
Dealing with heterogeneous training data. Our training relies on a mixture
of synthetic data, pseudo-ground-truth (pseudo-GT) meshes on real images, and
real images annotated with only 2D keypoints. We adapt the supervision strategy
for each data type based on its reliability and annotation quality. For synthetic
data, which provides accurate ground-truth meshes and cameras, we supervise all
prediction heads: camera parameters, detection confidence, 2D locations, depth,
body pose, shape, vertices and their 2D reprojections. For pseudo-GT real im-
ages, we supervise only the 3D body pose and shape, but not the detection
confidence, since the annotations are sparse and do not cover all people in the
scene. This prevents penalizing valid detections that lack annotations. Finally, for
real images with 2D keypoint annotations only, we supervise the detection heads
and the 2D re-projection of certain joints (i.e. MS-COCO). This encourages
alignment between projected 3D keypoints and annotated 2D joints, enabling
training even without mesh supervision. This adaptive supervision strategy al-
lows Multi-HMR 2 to effectively combine heterogeneous datasets with varying
annotation quality, ensuring robustness and generalization across both synthetic
and real data.
Training details. The encoder weights are initialized with DINOv3 [52], while
other parts of the model are trained from scratch. We use the Adam opti-
mizer [24] for training. As training data, we use the Anny-One [5] and BED-
LAM [4] synthetic datasets, as well as real images from MSCOCO [29], MPII [2]
and AIC [13] with the pseudo-ground truth meshes from CameraHMR [41]. For
all datasets except Anny-One, that is already in the Anny format, we fit the
Anny model to existing SMPL [34] annotations. This model pretrained exclu-
sively with 3D annotations is denoted Multi-HMR 2.a in the experiments
section.

One of the weaknesses of the pseudo-ground truth meshes is that they are
sparse, which can lead to poor detection performance on challenging in-the-wild
images. We experiment using additional 2D large-scale pseudo-ground truth on
MSCOCO [29] and Openimages [26], obtained using a strong detector [61] and
2D pose estimation method [64]. However, we observe that naively mixing 2D
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and 3D supervision alters the pose prior learned during 3D training. In partic-
ular, when lower-body joints are occluded, the model frequently predicts sitting
poses. We observe a similar behavior in SAT-HMR [53], suggesting that this
issue is not specific to the architecture but rather is a consequence from sparse
2D supervision. To mitigate this undesired effect, we propose to regularize the
finetuning stage towards the predictions of the Multi-HMR 2.a model. Specifi-
cally, we add consistency L2 losses on pose parameters and 3D joints, together
with a reprojection loss on COCO joints when 3D annotations are available. The
finetuned model is denoted as Multi-HMR 2.b in the experiments section.

For the target tracking features obtain from SAM2 [48], we use its Hiera-L
version [50].

Inference on images. At inference, the image is padded to the closest aspect
ratio used for training, and resized so that its largest dimension is 768. Instead
of doing Hungarian matching on the 2D location, we keep the queries with a
confidence value greater than 0.4. Optionally, a non-maximum-suppression is
done based on the 3D location.

Tracking in videos. In the case of videos, we process the frames one by one
and detect humans and their meshes with our model. Following methods based
on per-frame appearance features, e.g . [46], we build a similarity matrix between
human detections in the current frames and active human tracks from previous
frames and finally use the Hungarian matching algorithm to associate an ID
to each detection in the current frame. We now give more details about the
similarity score we use.

We first build a similarity matrix between all new detected humans and all
active human tracks based on the predicted features distilled from SAM2. To this
end, we keep a bank of features seen in the past 50 frames, together with their
assigned IDs. For each new feature, we use K-Nearest-Neighbors (KNN) search
to retrieve the most similar (K=35) in the bank according to the L1 distance,
apply a softmax function with a temperature parameter of t=15, and aggregate
the score for each human ID.

Second, for each human ID, we keep track of the last 8 positions and ori-
entations of the pelvis keypoint in 3D space, and we use a ridge regression, to
predict the expected position and orientation of the pelvis in the current frame.
Let p̂j , n̂j , θ̂j be the predicted pixel, nearness and orientation respectively for
a given human ID j. Given a new human detection i and its pelvis pixel pi,
nearness ni and orientation θi, we build a similarity matrix between each new
detection and every human ID already assigned using the following formula:
e−∥pi−p̂j∥/tpe−∥ni−n̂j∥/tne−∥θi−θ̂j∥/tθ with tp=1, tn=3 and tθ=20.

The two similarity matrices are combined to obtain a score per association
using a weighted sum with weights of 1 (resp. 8) for the feature (resp. pelvis) sim-
ilarity. Once the similarity matrix is computed, we use an Hungarian matching
algorithm to make the association. We stop a track when it had no association
in the last 50 frames. We start new tracks when some new detections have no
association with a similarity below 0.69.
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Table 1: Evaluation on HMR benchmarks (3DPW and EMDB).

Method Camera 3DPW EMDB
PA-MPJPE ↓ MPJPE ↓ PVE ↓ TA-PVE ↓ PA-MPJPE ↓ MPJPE ↓ PVE ↓ Abs-PVE ↓

AiOS [54] Fixed 45.0 68.8 90.9 774.3 63.3 90.6 108.1 11962.1
SAT-HMR [53] Fixed 52.7 81.0 94.5 174.5 71.0 112.9 126.7 1093.0
Multi-HMR 2.a Predicted 40.5 68.2 80.1 170.1 48.3 68.5 78.7 273.6
Multi-HMR 2.b Predicted 41.8 65.2 78.1 161.9 52.5 71.0 83.6 374.8

Multi-HMR [3] GT 46.9 69.5 88.8 187.2 48.5 73.7 87.1 168.1
Multi-HMR 2.a GT 40.2 67.7 79.9 149.8 48.3 68.5 78.7 129.4
Multi-HMR 2.b GT 41.6 64.5 77.7 145.6 52.5 71.0 83.6 131.7

Table 2: Evaluation on interaction HMR benchmarks (Hi4D and Harmony4D).

Method Camera Hi4D Harmony4D
MPJPE ↓ Pair-PA-MPJPE ↓ TA-PVE ↓ F1-score ↑ MPJPE ↓ Pair-PA-MPJPE ↓ TA-PVE ↓ Recall ↑

AiOS [54] Fixed 72.9 239.0 694.4 98 130.5 304.8 3454.8 91
SAT-HMR [53] Fixed 88.2 85.5 132.4 100 140.3 144.0 676.3 97
Multi-HMR 2.a Predicted 61.7 79.5 114.9 100 131.8 99.8 231.2 97
Multi-HMR 2.b Predicted 65.9 82.9 123.5 99 132.4 105.4 382.1 96

Multi-HMR [3] GT 69.2 82.2 116.2 98 146.0 140.8 388.1 93
Multi-HMR 2.a GT 61.7 78.3 113.1 100 128.4 96.2 233.6 97
Multi-HMR 2.b GT 65.9 80.5 119.5 99 128.7 96.7 274.6 97

4 Experiments

We compare Multi-HMR 2 to the state of the art in Section 4.1 and then ablate
its main components in Section 4.2.
Evaluation benchmarks. Following recent work in HMR, we evaluate the in-
the-wild HMR performance of Multi-HMR 2 on the 3DPW [37] and EMDB [22]
benchmarks. We also use the Hi4D [66], Harmony4D [23], and CMU-Panoptic [20]
test sets, which focus on people in close interaction, to evaluate the detections
under occlusion and the capacity of the model to capture the relative position of
humans in the scene. We evaluate the reprojection on the MSCOCO [29] dataset,
and for the tracking task, we test on the PoseTrack21 [10] validation set.
Metrics. We report standard HMR metrics in mm: the per-vertex error (PVE)
measures the Euclidean distance between the vertices of the predicted mesh and
the ground truth centered on the pelvis, the mean-per-joint-error (MPJPE) fo-
cuses on joints extracted from the mesh, and the Procrustes-aligned MPJPE
(PA-MPJPE) computes the error on joints after a rigid transformation that
minimizes the error for each mesh. In order to evaluate the location estimate
in the camera coordinates system we also compute a Abs-PVE (Absolute PVE)
that is not centered on the pelvis, and the TA-PVE (Translation-Aligned PVE)
that aligns the location of the scene and can only be computed when at least
2 humans are detected. On Hi4D and Harmony4D, we also evaluate the inter-
action with the Pair-PA-MPJPE that applies a single Procrustes-alignement to
both humans altogether instead of doing it for each mesh separately, and com-
pute the F1-score and Recall to evaluate the detection under occlusions. On the
CMU-Panoptic dataset we compute the mean-root-positional-error (MRPE) to
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Table 3: Evaluation on CMU-Panoptic.

Method haggling mafia ultimatum pizza mean
† use official code+ckpt N-MPJPE ↓ N-MPJPE ↓ N-MRPE ↓

3DCrowdNet [9] 115.4 143.1 136.6 142.7 134.0 -
BEV [56] 93.5 106.9 116.6 129.1 112.9 -
PSVT [43] 91.4 100.9 118.8 124.8 109.0 -
DPMesh [74] 97.2 109.8 114.3 120.5 110.4 -
Scene [36] 84.5 - 108.9 133.2 108.9 217.1
SAT-HMR† [53] 107.4 134.2 126.9 126.8 123.8 83.7
Multi-HMR† [3] 73.1 85.8 94.0 84.6 84.4 58.1
Multi-HMR 2.a 68.9 81.3 82.7 88.9 81.5 26.9

Table 4: Comparison of
predicted FOV (in degrees).

Method 3DPW EMDB

Perspective fields [19] 14.0 12.8
Ctrl-C [27] 5.6 5.4
WildCamera [73] 8.2 2.3
SPEC-camcalib [25] 8.8 5.9
HumanFoV [41] 5.0 5.7
Multi-HMR 2.a 6.4 4.0

capture the accuracy of the translation, and report metrics normalized by the
F1-score to account for detection. For evaluation on HMR tasks, following prior
works, we match the predictions with the targets using an Hungarian matching
based on the 2D joint locations. Metrics on MSCOCO are the keypoint aver-
age precisions (AP) and recalls (AR). To evaluate tracking, we report the ID
F1-score (IDF1) that evaluates how well the tracker maintains correct object
identities over time, and the multiple object tracking accuracy (MOTA) that
takes into account missed detections, false positives, and identity switches. We
use the evaluation code from [39], that correctly accounts for the regions to
ignore.

4.1 Comparison with the state of the art

We evaluate Multi-HMR 2 on in-the-wild HMR (Table 1), interaction recovery
(Table 2), and 2D alignment and tracking (Table 5) benchmarks.
In-the-wild HMR. Table 1 compares Multi-HMR 2 with one-shot multi-person
HMR methods on the 3DPW test set and EMDB1, without any finetuning on
the 3DPW training set. Multi-HMR 2 significantly outperforms prior methods on
both benchmarks, especially in terms of TA-PVE and Abs-PVE, which are the
metrics that take into account the 3D localization in the camera space. AiOS
particularly struggles to predict 3D locations because of its weak-perspective
camera assumption. SAT-HMR also makes strong assumptions on the camera,
but a fixed FOV of 60 degrees is much more realistic than a fixed focal length of
5000 mm. In particular, Multi-HMR 2 outperforms Multi-HMR in terms of 3D
localization on 3DPW while using a predicted camera.
Interactions. We evaluate Multi-HMR 2 in the context of close interactions
in Table 2. We achieve state-of-the-art results in pelvis-centered metrics while
improving over the state of the art in interaction recovery and placement in
the scene, even with a predicted camera. In the context of closely interacting
humans, Multi-HMR 2 achieves a F1-score of 100% on Hi4D and detects 97%
of annotated humans in Harmony4D, making it the strongest detector together
with [53]. Table 3 shows that Multi-HMR 2 with a predicted camera significantly
outperforms prior works for multi-person detection and translation estimation
on the CMU-Panoptic [20] dataset.
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Table 5: Reprojected keypoints (left) on MSCOCO [29] (‡ denotes methods using
datasets with 2D annotations for training) and tracking results (right) on the Pose-
Track21 [10] validation set.

Method AP ↑ AP50 ↑ AP75 ↑ AR ↑ AR50 ↑ AR75 ↑

AiOS [54] 44.9 76.0 46.4 54.0 83.3 57.7
SAT-HMR‡ [53] 42.1 73.8 43.8 49.5 78.4 53.0
Multi-HMR [3] 31.2 60.0 29.1 39.0 66.0 39.8
Multi-HMR 2.a 34.0 61.2 34.4 39.3 63.4 42.1
Multi-HMR 2.b‡ 50.7 81.0 54.3 56.2 83.2 60.9

Method IDF1 ↑ MOTA ↑
Trained on HMR images

Humans4D [15] 72.5 60.2
Multi-HMR 2.b 75.2 65.5

Trained on HMR videos
CoMotion [39] 79.5 70.1

Camera estimation. Overall, Multi-HMR 2 with predicted intrinsics outper-
forms Multi-HMR that uses the ground-truth camera, even on metrics in the
camera space. This result is impressive, since our location predictions are ob-
tained as an inverse projection using our predicted 2D location, depth, and focal
length. To better understand this result, we evaluate the vertical FOV predic-
tions on 3DPW and EMDB and compare it with FOV estimation methods in
Table 4. We achieve results comparable to specialized FOV estimation methods,
which is why using a predicted camera has a reasonable impact on our perfor-
mance. Importantly, the predicted intrinsics are also temporally stable within
each video: the per-video standard deviation of the predicted FOV is only 2.5◦on
3DPW and 2.6◦on EMDB on average. This stability is desirable for video-based
human reconstruction, where camera parameters should remain consistent over
time. In particular, while most methods are either accurate on 3DPW or EMDB,
Multi-HMR 2 is among the best approaches on both benchmarks. Aside from
the 3D location, predicted human meshes are not conditioned on the camera.
Pelvis-centered metrics (PVE, MPJPE, and PA-MPJPE) should then have the
same value in both contexts, as centering on the pelvis eliminates location varia-
tions. While we observe this result on EMDB, we have slight difference in other
datasets: this is due to the evaluation matching process relying on the reprojected
joints.
Detection. Table 5 reports results on the MSCOCO val2017 set, using the
MSCOCO API [29]. Note that when not given camera intrinsic parameters,
Multi-HMR adopts a fixed FOV of 60 degrees. Multi-HMR 2 obtains the best
re-projections, both in terms of precision and recall. Again, note that Multi-
HMR 2 relies on a predicted camera while others use fixed or simplified camera
models. Methods with learned perspective cameras face additional difficulty: the
3D pose must be consistent with varying cameras in order to reach high 2D pre-
cision. Despite this disadvantage, we demonstrate that jointly reasoning about
detection, meshes, and camera leads to more reliable high-confidence predictions.
Tracking. We report the IDF1 and MOTA metrics on the PoseTrack21 valida-
tion set in Table 5. Multi-HMR 2 outperforms Humans4D, which also recovers
meshes frame by frame and associate the detections over frames. In their case, the
meshes are recovered with a two-stage framework (detection then single-person
mesh estimation) and the association is done with an Hungarian matching on
cost matrix combining the distances between predicted and estimated pelvis (as
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Table 6: Ablation studies. (Top left) Ablation on the training data. S stands for
synthetic data, R for real images with pseudo-ground truth meshes, and 2D for datasets
with 2D annotations. (Bottom left) Ablation study of the matching strategy. (Top
right) Square padding at training and inference time. (Bottom right) Ablation
on the predicted camera parameters.

Data
3DPW Hi4D MSCOCO

PVE PA-MPJPE MPJPE Pair-PA-
MPJPE AP AR

S 93.6 48.2 64.4 64.0 11.9 24.7
R 88.7 45.7 67.9 75.7 21.3 26.6
S+2D 94.1 68.5 107.0 109.5 12.4 26.2
R+2D 94.5 50.1 105.9 113.9 20.6 33.8
S+R 90.5 45.6 60.0 77.8 21.9 29.4
S+R+2D 91.6 46.9 76.5 84.2 16.8 32.9

Matching
3DPW Hi4D MSCOCO

PVE PA-MPJPE MPJPE Pair-PA-
-MPJPE AP AR

2D loc 90.5 45.6 60.0 77.8 21.9 29.4
3D loc 93.0 46.8 65.4 76.4 17.0 30.4
J3D 104.5 55.1 83.1 84.8 8.6 16.7

Train
padding

Test
padding

3DPW Hi4D MSCOCO

PVE Abs-PVE Abs-PVE Pair-PA-
MPJPE AP AR

✓ ✓ 90.5 45.6 60.0 77.8 21.9 29.4
✓ × 113.4 57.9 62.2 91.6 0.5 3.8
× ✓ 89.7 46.3 61.7 77.8 19.8 32.2
× × 85.8 43.8 61.5 74.7 17.7 30.9

Train
camera

Test
camera

3DPW Hi4D MSCOCO

PVE Abs-PVE Abs-PVE Pair-PA-
MPJPE AP AR

GT GT 90.5 243.7 148.0 77.8 – –
GT pred 92.4 609.8 213.7 91.0 21.9 29.4
pred pred 86.2 577.3 220.0 72.7 19.6 31.0
pred GT 89.0 243.4 159.5 89.7 – –

ours), the similarity between some handcrafted appearance features and finally
the distances between some predicted poses and estimated pose. The latter pose
prediction requires human motion sequences, in contrast to our approach that
does not leverage any sequential information. We also report the performance
of the recent CoMotion [39] approach that is trained to predict directly short
HMR tracks on video clips, at the cost of a long stepwise training.

4.2 Ablation study

We ablate the main components of Multi-HMR 2. Ablation experiments use
images of size 672, a ViT-L backbone initialized with DINOv2 [40], and the
model is trained for 500k iterations with synthetic datasets and real images
with pseudo-ground truth meshes. Additional ablations are in the supplementary
material.
Training data. We first investigate the role of training data. We denote R the
real images with pseudo-ground truth meshes from [41], S the synthetic datasets
(AnnyOne and BEDLAM), and 2D images from OpenImages [26] pseudo-labeled
with ViTPose [64] estimations. Results in Table 6 show that on HMR bench-
marks, S and R seem to benefit the most to mesh recovery overall, while using
2D seems to degrade the 3D performance. This could be expected, as improve-
ments in 2D and 3D performance often compete — improving one can lead to
a decline in the other. When evaluating on MSCOCO, we realize that S is the
most important to improve the precision, while 2D improves significantly the
recall by improving detections for individuals far away from the camera.
Matching strategy. We test different matching strategies (Table 6) with a
fixed training budget, relying either on 2D localization in pixels, on 3D location,
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or on 3D keypoints in the camera frame. While matching on 2D and 3D loca-
tions can be done without forwarding all queries to the parametric body model,
3D keypoints are more costly to obtain. Matching on 2D or 3D locations gives
similar results, and matching on 3D joints gives much larger errors in all metrics.
Multi-HMR 2 uses 2D matching as it allows us to use training data without 3D
annotations.
Varying aspect ratios. We experiment using different aspect ratios at training,
and evaluate the impact of square padding at inference, in Table 6. When training
only with squared images, the performance decrease significantly when testing
with diverse aspect ratios: this is because the model never saw this kind of images
during training. While using squared images gives the best 2D performance,
training and testing with diverse aspect ratios gives the best 3D metrics. We
note that when training with diverse aspect ratios, testing with squared images
has little impact on the performance.
Predicted camera. We experiment using ground-truth or predicted camera
intrinsic parameters at train and test times (Table 6). While the ground-truth
camera is consistently better to estimate the location in the camera coordinates
system, other metrics – including the Pair-PA-MPJPE that measures interaction
recoveries – benefit from using the same settings during training and inference.

5 Conclusion

We have introduced Multi-HMR 2, a robust DETR-based multi-person HMR
method leveraging the Anny parametric body model. It outputs strong detec-
tions, accurate localization with a predicted camera, precise human mesh recov-
ery in scene- and pelvis-centered coordinate systems, and features for tracking.
Even if Multi-HMR 2 can be trained on a single GPU in about a week, future
works may explore more advanced DETR strategies [8, 17, 32] for faster conver-
gence. Other lines of improvement include modeling camera distortions [58,59] to
be more robust to images captured with extreme camera angles such as selfies.
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