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Abstract

Human vision demonstrates higher robustness than cur-
rent AI algorithms under out-of-distribution scenarios. It
has been conjectured such robustness benefits from per-
forming analysis-by-synthesis. Our paper formulates triple
vision tasks in a consistent manner using approximate
analysis-by-synthesis by render-and-compare algorithms
on neural features. In this work, we introduce Neural Tex-
tured Deformable Meshes (NTDM), which involve the ob-
ject model with deformable geometry that allows optimiza-
tion on both camera parameters and object geometries. The
deformable mesh is parameterized as a neural field, and
covered by whole-surface neural texture maps, which are
trained to have spatial discriminability. During inference,
we extract the feature map of the test image and subse-
quently optimize the 3D pose and shape parameters of our
model using differentiable rendering to best reconstruct the
target feature map. We show that our analysis-by-synthesis
is much more robust than conventional neural networks
when evaluated on real-world images and even in challeng-
ing out-of-distribution scenarios, such as occlusion and do-
main shift. Our algorithms are competitive with standard
algorithms when tested on conventional performance mea-
sures.

1. Introduction

Deep neural networks are typically designed to perform a
single vision task and can achieve high performance on that
task. However, humans are capable of performing multi-
ple recognition tasks simultaneously and in a highly robust
manner, i.e., generalizing under occlusion or environmen-
tal changes. Cognitive studies suggest that the robustness
of the human visual perception arises from the analysis-by-
synthesis process [27, 42]. Current generative AI systems
also employ the analysis-by-synthesis process by typically
using a graphics pipeline, along with an explicit 3D rep-
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Figure 1. NTDM represents objects as category-level neural tex-
tured deformable meshes. For inference, we optimize camera
pose, shape latent z, and object scale via gradient-based mini-
mization of a reconstruction error between the extracted features
and the rendered features. Using the optimized model parameters,
NTDM predicts object pose, shape, category, and occlusion jointly
and consistently in a robust manner.

resentation of the object, such as a CAD model. These
systems generate images of an object class and then search
for the model parameters that best reconstruct a given test
image. Recent research has shown that performing render-
and-compare algorithms on neural features can significantly
improve the robustness of these systems under partial occlu-
sion and domain shift [37].

Another limitation of current computer vision algorithms
is that they are unable to recognize objects comprehensively
in the same way that humans can, without being constrained
by a particular scope. For example, the algorithm’s predic-
tions are limited to specific tasks, unlike humans who can
identify objects in a broader context. While standard deep
neural network approaches for multi-task learning typically
involve adding multiple heads, where each head provides
predictions for a specific task. However, this approach suf-
fers from fundamental limitations, such as predictions for
each task needing to be determined when designing network
architecture, annotations for each task required for train-
ing, and lacking consistency in predictions from different
branches [43]. On the other hand, analysis-by-synthesis ap-
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proaches infer 3D scene parameters by reconstructing the
input, which leads to a comprehensive recognition of the
object with inherent consistency among vision tasks.

In this work, we introduce NTDM, a 3D geometry-aware
neural network architecture that implements an analysis-by-
synthesis approach to computer vision, and hence is able to
predict multiple visual recognition tasks in a unified man-
ner, while also being exceptionally robust (Figure 1). Our
model builds on and significantly extends recent work on
generative models of neural network features. Specifically,
we build on the concept of neural mesh models [11, 37]
that represent objects as meshes and learn a generative
model of the neural feature activations at each mesh ver-
tex. These models solve vision tasks like pose estimation
and 3D-aware image classification through a render-and-
compare process. The key advantage of performing render-
and-compare on neural network features is that these can
be trained to be invariant to instance-specific details, which
makes the inference process efficient and robust. The core
limitation that prevents these methods from predicting other
vision tasks, such as segmentation, is that they assume a
fixed mesh geometry, which simplifies the learning and in-
ference process but prevents them from estimating the ob-
ject boundary accurately.

In order to perform analysis-by-synthesis for both ob-
ject pose and geometry in an efficient manner, we introduce
the concept of Deformable Meshes with Neural Textures
(NTDM). We present a framework for learning NTDM and
describe the inference process that enables the model to per-
form multi-task visual recognition in a unified manner. At
the core of our model is a deformable mesh geometry that is
represented by a mesh template and a deformation field that
is parameterized by a multi-layer perceptron (MLP) [44]
and trained from a few CAD models of the object class
(typically 4-10 models). Related works often represent de-
formable object geometries implicitly as a level-set in a vol-
ume of signed distances [29] or occupancies [24]. How-
ever, these representations are computationally expensive
to render, while mesh representations in general can be ren-
dered very efficiently and hence are preferable for render-
and-compare approaches. We model the appearance of the
object as a neural texture map, which is trained in a discrim-
inative manner to enhance the classification performance
while also avoiding local optima in the reconstruction loss.
During inference, first a feature map is extracted using a
CNN, and subsequently the 3D pose and deformation of the
mesh is optimized via render-and-compare based on the re-
construction error between the rendered feature map and the
target. After convergence, we perform image classification,
pose estimation, and amodal segmentation using the opti-
mized model parameters.

We evaluate NTDM on the PASCAL3D+ [41], the
occluded-PASCAL3D+ [39] dataset, and the OOD-CV [46]

dataset, which was explicitly designed to evaluate out-of-
distribution generalization in computer vision models. Our
experiments show that NTDM performs competitively to all
baselines while being highly robust in OOD scenarios.

In summary, our main contributions are:

• We introduce NTDM, a neural network architecture
that implements an analysis-by-synthesis approach
and is hence able to perform multi-tasking robustly.
NTDM is composed of a deformable mesh geometry
that is parameterized by a template mesh, a neural field
of shape deformations, and a discriminatively trained
neural texture.

• We demonstrate the versatility of our network archi-
tecture on a variety of datasets, where it performs com-
petitively to single-task models while also being highly
robust in out-of-distribution scenarios.

2. Related Work

Category-level pose estimation. Category-level pose es-
timation estimates 3D orientations of objects in a certain
category. A classical approach was to formulate pose es-
timation as a classification problem [25, 36]. Subsequent
works can be categorized into two groups, keypoint-based
methods and render-and-compare methods. Keypoint-based
methods [12, 19, 20, 31, 47] first detect semantic keypoints
and then solve a Perspective-n-Point problem to find the op-
timal 3D pose. Render-and-compare methods [3,40] predict
the 3D pose by fitting a 3D rigid transformation to minimize
a reconstruction loss. [11, 13, 37, 45] proposed feature-level
render-and-compare that are invariant to intra-category nui-
sances and variations.

Amodal segmentation. Amodal segmentation aims to pre-
dict the region of both visible and occluded parts of an ob-
ject. Related works on amodal segmentation often adopt a
fully-supervised approach, with training supervisions com-
ing from human annotations [6, 32] or synthetic occlusions
[17, 21, 28]. Recent work [35] introduces a Bayesian ap-
proach that is trained on non-occluded objects only and does
not require any amodal supervision. Moreover, our model
takes a 3D-aware approach for amodal segmentation such
that our probabilistic model is built on top of deformable
object meshes. As a result, our model does not require any
amodal segmentation annotations but achieves more accu-
rate boundaries compared to baseline models.

Multi-tasking. Multi-task models are trained to solve mul-
tiple tasks simultaneously and are widely adopted in many
areas [4, 5, 33]. It has been found to generalize better by
leveraging domain-specific information contained in train-
ing signals of related tasks [2] and be more parameter-
efficient [23]. Previous works usually rely on a multi-head
architecture [9, 18] and despite models being supervised
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with auxiliary loss functions [14, 18], predictions from in-
dividual heads tend to be inconsistent, especially in out-
of-distribution scenarios. Instead, we propose DMNT that
substitutes multiple prediction heads with a 3D model of
generative features and solves multiple tasks from a unified
perspective.

Analysis-by-Synthesis. Our work is built on feature-
level render-and-compare [37] which approximates the
analysis-by-synthesis approach [7, 8] in computer vision.
Analysis-by-synthesis approaches are found to enable effi-
cient learning [38] and largely enhance robustness in out-of-
distribution scenarios, such as partial occlusion [16, 22, 37,
39] and out-of-distribution textures and shapes [46]. Our
DMNT extends the previous works with a deformable 3D
representation of neural features that learns a more charac-
teristic representation of the scene and allows the model to
solve multiple tasks jointly.

3. Deformable Meshes with Neural Textures
In the following, we first introduce the definition of our

deformable mesh representation and the neural texture 3.1.
Subsequently, we define the probabilistic model of NTDM
3.2 and introduce the training 3.3 and inference pipeline 3.4.

3.1. Deformable Meshes and Neural Textures

We introduce Deformable Meshes Γ, which represent
variable instances of an object category with a continuous
deformation field on mesh vertices. Specifically, given a
sphere template mesh Υ, the deformable mesh is defined
as:

Γ(z) = {s · (v +Ψ(v, z)), v ∈ Υ} (1)

where Ψ is an MLP that controls the mesh deformation [44]
via displacement of each vertex v, and s = [sh, sw, sd] is
the average scale of the deformable mesh, which is opti-
mized during the training. The latent variable z controls the
shape deformation of the mesh.

The mesh deformation network Ψ is trained with a set of
training meshes {Λk} , i.e., CAD models from the dataset.
While the existing CAD models provide variable 3D ge-
ometries for each category, it is difficult to estimate the
correspondence between them due to varying typologies
and number of vertices. Thus, it is difficult to directly de-
form the CAD models via a common template. Instead, we
propose to learn the correspondence among the provided
meshes to build a deformable mesh representation. Specif-
ically, we evaluate the distance between our deformable
mesh with a specified latent zk and a target mesh Λk via
using the distance between vertex v to the mesh faces f :

d(Γ(zk),Λk) =
∑

v∈Γ(zk)

min
f∈Λk

d(v, f) +
∑
v∈Λk

min
f∈Γ(zk)

d(v, f)

(2)

where zk is a one-hot encoding vector of the index of the
mesh k, e.g. z1 = [1, 0, ..., 0]. To train the network Ψ and
s, we minimize

∑N
k=1 d(Γ(zk),Λk). We apply consistency

constraints on the surface normals and a Laplacian smooth-
ing loss [26] on each Γ(zk) to regularize the shape (see sup-
plementary for details).

We define the Neural Textures Θ ∈ Rb×q×q×d, where
q is the size of the feature map, b is the number of view-
ing bins, on the surface of the mesh Γ, which are stored
as square feature maps that contain feature vectors on each
pixel θb,u,v ∈ Rd for each viewing bin. We denote the mesh
surface as S. The coordinate of (u, v) is defined via the po-
lar coordinates of locations on the sphere template mesh,
such that for each point on the surface, we can easily com-
pute its corresponding (u, v) via Equation 1.

To avoid local minima during optimization of the shape
and pose, the Neural Textures are trained to learn 3D dis-
criminative features, such that the distances in features
space are correlated to the distance between their locations
in the 3D space, i.e., features are similar to each other when
near each other spatially, and vice versa. Additionally, the
features are also learned to be spatially smooth via control-
ling the discriminability. The learned neural features pro-
vide a correct gradient on parameters when reconstructing
the feature observations.

3.2. Analysis-by-Synthesis via Rendering Neural
Textures

We formulate NTDM as a probabilistic generative model
of neural feature activations. Given an input image I , we
extract the features via a convolutional neural networks
Φ(I) = F l. Then, we normalize the extracted feature acti-
vations F = F l/∥F l∥. We compute the object likelihood
via:

p(F |Γ,Θ, c,m,B) =
∏

i∈FG
p(fi|Γ,Θ, c,m)

∏
i∈BG

p(fi|B)

(3)
where FG and BG denote the foreground and background,
respectively, i donates the pixel on the image plane, m is
the camera extrinsic parameters, B is a set of feature vec-
tors that model backgrounds. The foreground feature likeli-
hoods follow a Gaussian distribution:

p(fi|Γ,Θ, c,m) =
∑
b

αb

σ
√
2π

exp

(
− 1

2σ2
∥fi − θcu,v,b∥2

)
(4)

where (u, v) ∈ S is the corresponding location on the object
surface that projects onto the pixel i on the image plane. As
Figure 3 shows, αb is the viewing coefficient:

αb =
exp(T · d ·Rb(n))∑
b exp(T · d ·Rb(n))

, b ∈ B (5)
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Figure 2. Training pipeline of NTDM. We first extract features from the training image. Then we compute the deformable mesh via
deforming a sphere template using an MLP with ground-turth latent z inputs. A UV fragment is computed by rasterizing the deformable
mesh under ground-truth camera. The surface features are computed via a differentiable transformation from image features given the UV
fragments. Finally, we update the neural textures and compute the constrastive training loss via sampling positive and negative examples
from image features for the surface features, neural textures, and background features.

where T is a softmax temperature, d is the normalized view-
ing direction from camera location to surface point, B is
a set of rotations vectors Rb. Using each rotation vector,
on each pixel (u, v), we compute the direction with surface
normals d

′

(u,v) = Rb(n(u,v)). In practice, B is a fixed set.
The background feature likelihoods are computed by:

p(fi′ |B) =
1

σ
√
2π

exp

(
− 1

2σ2
∥fi′ − β∥2

)
(6)

where β ∈ Rd is each features in B.

3.3. Training NTDM

Figure 2 shows the training pipeline of NTDM. In or-
der to train the feature extractor and learn the neural texture
jointly, we utilize the EM-type learning strategy introduced
by CoKe [1], which iteratively trains the feature extractor
and updates the stored neural features.

Figure 3. Conversion between viewing specific and non-specific
surface features. Given a deformable mesh, we first compute the
surface normals on mesh surface S. Then we compute rotated
surfaces by applying a set of rotations Rb(n), and compute the
viewing coefficients αb with the dot product of Rb(n) and viewing
direction d. Viewing specific and non-specific surface features are
converted via doting the coefficients αb.

We first obtain the normalized feature from the image
F = ΦW (I), where W are the parameters in the feature ex-
tractor. Simultaneously, we compute the deformable mesh
Γ with a ground-truth z and rasterize the mesh into the UV
fragment U = ℜ(m,Γ(z)) under a ground-truth pose m.
Then, we transform the features from the image plane into
the surface features fui,vi = fi for all i ∈ U. The trans-
formation interpolates features in each pair of nearest pix-
els into quadrilateral regions onto the surface feature map,
which also provides a mask of the visible region V of S.
Subsequently, we compute the view-specific features fol-
lowing Equation 5: fui,vi,b = αb ·fui,vi . We update Θ with
those features from visible regions V of the transformed fea-
ture map using the momentum update strategy [1].

To learn the spatial discriminative features, we maximize
the log-likelihood between the corresponding image feature
and neural texture via minimize the feature distance:

DML(F,ΘS) =
∑

(u,v)∈S

1

2σ2
∥f c

u,v − θb,cu,v∥2

We also optimize the feature extractor to maximize the
feature distance between features far from each other in
the 3D space. To apply the loss, we first randomly sam-
ple a set of features from the visible part of the surface
feature maps fu,v, (u, v) ∈ P ⊂ V . Then, for each sam-
pled (u, v), we samples a set of points (u

′
, v

′
) ∈ N ⊂ S

that ∥(u′
, v

′
)− (u, v)∥2 > τ as negative training examples,

where τ is the threshold for controlling the spatial discrim-
inability. Then we compute the feature distance between
corresponding image feature and neural texture:

DCon(F,ΘS) =
∑

(u,v)∈P

∑
(u′ ,v′ )∈N

∥f c
u,v − θc

u′ ,v′∥2
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To achieve the classification ability, for each image of
c ∈ C, we maximize the distance to a set features
θu′,v′ , (u′, v′) ∈ M from neural texture maps of other
classes:

DClass(F,Θ
C
S ) =

∑
c∈C,c′ ̸=c

∑
(u,v)∈P

∑
(u′ ,v′ )∈M

∥f c
u,v − θc

′

u′ ,v′∥2

Similarly, we retain a set of features B = {βj}, which
stores the negative examples from the background of im-
ages. This allows us to maximize the objectness in contrast
of the background:

DBack(F,B) = −
∑

(u,v)∈P

∑
j∈BG

∥f c
u,v − βc

j∥2. (7)

In experiments, we find it hard to converge when we di-
rectly increase or decrease the feature distance by simply
summing them together. Thus, we compute the overall loss
using the contrastive loss [1]:

L(F,Γ,Θ,m,B) =

exp(D(F,ΘS))

exp(DML(F,ΘS)) +WCon exp(DCon(F,ΘS))+

WClass exp(DClass(F,Θ
C
S ))+WBG exp(DBack(F,B))

(8)

In the experiment, we set WCon = WClass = 1 and
WBG = 0.1.

3.4. Multi-Tasking via Robust Optimization

Figure 4 shows the inference pipeline of NTDM. We first
extract features via the trained feature extract from the im-
age F = Φ(I). Then we conduct maximum likelihood es-
timation of p(F |Γ(z),Θ,m,B). Specifically, given k ini-
tialized latent zinit (empirically we choose one-hot zinit
corresponding to each ground-truth subtype), and an ob-
ject instance scale s

′
(initialized with 1 in all direction),

we compute the deformable mesh Γ(z, s
′
). Using an ini-

tial camera pose m = minit, we render the neural textured
deformable mesh into a feature map F ′. Then we conduct
the foreground-background segmentation [37] on all pixels
covered by the projected object O, which indicates if the
pixel belongs to FG or BG by comparing the feature simi-
larity

∑
i fi · f ′

i and
∑

i fi · β. Subsequently, we compute
the feature reconstruction loss:

Lrec = 1− ln p(F |Γ(z, s′),Θ,m,B)

= 1− (
∑
i∈FG

fi ∗ f ′
i +

∑
i∈BG

fi · β) (9)

We optimize camera pose m, shape latent z, and the object
instance scale s′ via gradient to minimize the reconstruction

Figure 4. Inference pipeline of NTDM. First, a feature map F is
extracted via the trained feature extractor. Next, the deformable
mesh is initialized with a random latent and the average scale.
Given a camera pose, we compute a viewing specific neural tex-
tures on mesh surface S. Next, a differentiable renderer recon-
structs the feature map F

′
. Then Object scale, latent and camera

pose are jointly optimized via gradient descent that minimizes the
reconstruction error between F and F

′
.

loss. We use PyTorch3D [34] to conduct the differentiable
feature rendering and standard Adam optimizers [15].

Once the optimization has converged, we obtain camera
pose m directly. The shape prediction is obtained by com-
puting Γ(z, s′). The visible object segmentation is obtained
from FG, while the amodal segmentation is obtained via
O. For classification, we compute the reconstruction loss
Lrec with neural textured meshes of all classes under the
predicted parameters. We conduct classification by finding
the class with minimal reconstruction loss Lrec.

4. Experiments
We evaluate the multi-tasking ability of NTDM under

I.I.D., which indicates the training and evaluation are un-
der a same data distribution, and O.O.D., which evalu-
ates on data out of the training distribution. We compare
NTDM with both task-specific approaches, e.g. pose esti-
mation (Res50 [10], StarMap [47]), robust pose estimation
(NeMo [37]), amodel segmentation (Bayesian [16]), and
multi-task models (Multi-Task Mask R-CNN [9]). Our re-
sults show that NTDM achieves competitive performance
on all tasks quantitatively, with a 3D interpretation of ob-
jects (figure 5).

4.1. Experimental Setup

We evaluate NTDM and baselines on PASCAL3d+ [41],
Occluded PASCAL3d+ [39] and OOD-CV [46] datasets,
following the data processing and training setup of NeMo.
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Figure 5. Visualizations for predictions of NTDM on PASCAL3D+ (1st column), Occluded PASCAL3D+ (2nd-4th column) and OOD-CV
(5th-6th column). The first row shows the input images. The second row visualizes the shape estimation of the deformable mesh, with
colors indicates areas that are visible, invisible or occluded. For the third row, we render the predicted mesh under the predicted pose and
superimposed it onto the input image. Note rendering process also gives the amodal segmentation predictions.

4.1.1 Datasets

PASCAL3d+. We evaluate 3D object pose estimation,
amodal segmentation and classification of NTDM and base-
lines methods on the PASCAL3D+ dataset [41]. The PAS-
CAL3D+ dataset contains 11045 training images and 10812
validation images of 12 man-made object categories with
class, segmentation and object pose annotations. PAS-
CAL3D+ dataset also includes object CAD models. Note
the CAD models are not accurately aligned to each object
in image, but only give example of instances for each cate-
gory (4-10 instance per category). We crop all training and
evaluation images to center the object following NeMo.

Occluded PASCAL3d+. The Occluded PASCAL3d+ [39]
dataset is an extension of the PASCAL3D+ with man-made
occlusion, which is created by superimposing occluders col-
lected from the MS-COCO dataset onto objects in PAS-
CAL3D+. In our experiment, we evaluate on three occlu-
sion levels with increasing occlusion noted as L1 to L3.

OOD-CV. The OOD-CV dataset [46] is a benchmark in-
troduced to evaluate model robustness in out-of-distribution
scenarios. It includes O.O.D. examples of 10 categories that
cover unseen variations of nuisances including pose, shape,
texture, context, and weather.

4.1.2 Implementation Details

NTDM uses the PyTorch3d [34] rasterizer to infer the UV
fragments which indicate the 3D correspondence from the
image coordinates to the object surface. We implement the
feature transformation using CUDA and develop a PyTorch
API as a differentiable function, which computes the gra-
dient not only toward the features but also to the UV frag-
ments. Note this function could also be used for differen-

tiable texture extraction beyond our current work. For im-
plementation details, please refer to the supplementary. For
both training and inference, we use the Perspective camera
with a fixed focal length. The template mesh is a geodesic
sphere with 2562 vertices.

Training. We train NTDM on the PASCAL3D+ dataset
for 800 epochs with Adam Optimizer and an exponential
learning rate starting from 10−4. NTDM use the same fea-
ture extractor as NeMo, which is a ResNet50 with two ad-
ditional upsampling layers. The Neural Textures contain
Feature Maps of 7 viewing bins, which are computed by
rotation vectors with 60-degree angular distance from each
other. Each feature map has a resolution of 256× 256 with
128 channels. We update the Neural Textures Maps with a
0.9 momentum. During training, we use a positive sampler
with 1000 selections and a negative sampler with 2000 se-
lections on each training example. Note we don’t include
any data augmentation in the training process.

Inference. We use the differentiable rasterizer to infer the
UV fragment and use the grid sample function to convert
Neural Textures into feature maps since the image features
have a lower resolution compared to neural textures. Fol-
lowing NeMo [37], to speed up the inference process, we
initialize the optimization process with 144 different cam-
era poses (12 azimuths, 4 elevations, 3 in-plane rotations)
and latent. We compute the reconstruction loss for each ini-
tialized combination and pick the one with the minimum
loss as the starting point of optimization. Then we update
all parameters with an Adam optimizer for 300 epochs with
lr = 0.05. The average inference time for pose and shape
joint estimation on each image takes 6s on a single RTX
Titan GPU.
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Pose Estimation ACCπ
6
↑ Pose Estimation ACC π

18
↑ Amodal Segm IoU ↑ Classification ACC (%) ↑

Occlusion Level w/o L1 L2 L3 w/o L1 L2 L3 L1 L2 L3 w/o L1 L2 L3

Res50-Pose 88.1 70.4 52.8 37.8 44.6 25.3 14.5 6.7 ✗ ✗ ✗ ✗ ✗ ✗ ✗
StarMap [47] 89.4 71.1 47.2 22.9 59.5 34.4 13.9 3.7 ✗ ✗ ✗ ✗ ✗ ✗ ✗
NeMo [37] 86.1 76.0 63.9 46.8 61.0 46.3 32.0 17.1 ✗ ✗ ✗ ✗ ✗ ✗ ✗
Bayesian [35] ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 59.4 55.4 47.6 ✗ ✗ ✗ ✗
Res50-Class ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 98.7 91.6 74.1 42.6
MT Mask R-CNN 85.0 66.6 56.2 47.3 46.1 29.9 15.6 5.9 66.6 56.2 47.3 95.7 78.7 52.8 25.6
DMNT 86.4 74.8 61.0 40.2 61.3 44.8 30.1 13.7 67.9 63.5 57.5 94.1 85.0 67.8 43.2

Table 1. Comparison of multi-task performance on PASCAL3D+ dataset [41] (L0) and Occluded PASCAL3D+ dataset [39] (L1-L3). Best
scores show with bold, and secondary best scores show with underline.

4.1.3 Baselines

NTDM learns a neural representation of 3D deformable
meshes and can simultaneously predict object classes, 3D
poses, and object boundaries. In experiments, we compare
our model with baselines from individual tasks, as well as a
multi-task extension of a multi-head deep neural network.

3D pose estimation. We compare NTDM with StarMap
[47], NeMo [37], as well as standard deep neural network
classifiers, ResNet-50 [10], that formulate pose estimation
as a classification problem. StarMap is a keypoint-based
approach, and NeMo learns contrastive features for render-
and-compare. We follow the implementations in [37, 47] to
train the ResNet-50 pose estimation model.

Amodal segmentation. We compare our model with
Bayesian-Amodal [35], which extends deep neural net-
works with a Bayesian generative model of neural features.
We use their official implementations to train on all cate-
gories in PASCAL3D+ dataset and evaluate on Occluded
PASCAL3D+ dataset.

Classification. We also train a standard ResNet-50 as clas-
sification baseline using the PyTorch official version [30].

Multi-task deep neural network. To compare our model
with traditional multi-head network architectures, we ex-
tend a Mask R-CNN model [9] with a pose estimation head
that formulates object pose estimation as a classification
problem. The model is end-to-end trained with ground-truth
annotations including object classes, 3D poses, and object
masks produced by known 3D meshes. For more imple-
mentation details refer to the supplementary materials.

4.2. Multi-tasking in I.I.D. scenarios

We are going through all tasks one by one in the follow-
ing, but note that in contrast to most of our baselines, our
model does all tasks jointly.

Pose Estimation. The 3D object pose is defined via three
rotation parameters (azimuth, elevation, in-plane rotation)
of the viewing camera. Following previous works [37, 47],
we evaluate the error between the predicted rotation ma-

trix and the ground truth rotation matrix: ∆(Rpred, Rgt) =
∥logm(RT

predRgt)∥
F√

2
. We report the accuracy of the pose es-

timation under given thresholds, π
6 and π

18 .

Amodal Segmentation. Amodal segmentation predicts the
region of both the visible and occluded parts of an object.
Following previous works [32, 35], we evaluate the aver-
age IoU between the predicted segmentation masks and the
groundtruth segmentation masks.

Image Classification. We evaluate the classification ability
of both NTDM and baselines. We report the top-1 accuracy
between ground-truth class labels and predictions.

Results. Table 1 show the multi-task performance for
both NTDM and baseline approaches. For the I.I.D setup,
NTDM achieve comparative performance compared to the
single task approaches and significantly better pose esti-
mation ability compared to multi-tasking Mask R-CNN.
NTDM achieves the highest Pose accuracy under π

18 , which
may benefit from the accuracy geometry compare to NeMo
that uses cuboids as 3D geometry representation. Figure
5 shows both qualitative results of the pose estimation and
segmentation, along with a 3D interpretation of the object
produced by our model and visualized as a colored mesh.
To obtain this colored mesh, we first conduct the FG and
BG segmentation on the original image. We also compute
the deformable mesh with the predicted latent z and render
it under the predicted camera pose. Using our introduced
transformation function, we transform the occlusion seg-
mentation onto the surface of the mesh, and fill the uncov-
ered areas as invisible. Finally, we convert the segmentation
into RGB maps and save the colored deformable mesh as a
textured mesh file (.obj). This visualization demonstrates
that NTDM produces a comprehensive 3D understanding
of the object in a human interpretable way, which makes it
feasible for downstream tasks with ours pipeline.

4.3. Robustness in O.O.D. scenarios

We adopt the same evaluation protocol in Section 4.2 and
evaluate multi-task performance on out-of-distribution sce-
narios in Occluded PASCAL3D+ and OOD-CV dataset.
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Task & Metric Pose Estimation ACC π
6
↑

Nuisance shape pose texture context weather mean

Res50-Pose 50.5 34.5 61.6 57.8 60.0 51.8
NeMo [37] 49.6 35.5 57.5 50.3 52.3 48.1
MT Mask R-CNN 40.3 18.6 53.3 43.6 47.7 39.4
DMNT 51.5 38.0 56.8 52.4 54.5 50.0

Task & Metric Pose Estimation ACC π
18

↑
Nuisance shape pose texture context weather mean

Res50-Pose 15.7 12.6 22.3 15.5 23.4 18.1
NeMo [37] 19.3 7.1 33.6 21.5 30.3 21.7
MT Mask R-CNN 15.6 1.6 24.3 13.8 22.9 15.3
DMNT 20.7 12.6 32.6 16.6 33.5 23.6

Task & Metric Amodal Segmentation IoU ↑
Nuisance shape pose texture context weather mean

Res50-Pose ✗ ✗ ✗ ✗ ✗ ✗

NeMo [37] ✗ ✗ ✗ ✗ ✗ ✗

MT Mask R-CNN 46.6 44.5 51.3 44.7 46.0 46.3
DMNT 48.0 48.9 54.7 49.4 53.8 51.0

Table 2. Comparison of multi-task performance – pose estimation
and amodal segmentation on OOD-CV dataset [46]. Best scores
show with bold, and secondary best scores show with underline.

Results under occlusion. Table 1 shows the results of
DMNT and baseline models on pose estimation, amodal
segmentation, and image classification under occlusion. As
we can see, NTDM achieves comparable or better perfor-
mance compared to the state-of-the-art task specific mod-
els, while significant outperforms multi-task Mask R-CNN.
Regarding pose estimation, DMNT outperforms regression-
based baselines and StarMap, and achieves comparable per-
formance with NeMo under occlusion. Moreover, with a
deformable mesh of the object on top of the feature back-
bone, DMNT solves object boundaries from a holistic per-
spective and outperforms all amodal segmentation baselines
by a wide margin. NTDM also perform object classification
in a robust manner under partial occlusion.

Results under domain shifts. We evaluate the pose es-
timation and amodal segmentation performance on OOD-
CV and investigate the robustness under domain shifts –
shape, pose, texture, context, and weather. From Table
2, we can see NTDM achieves comparable pose estima-
tion performance under π/6 accuracy and outperforms all
state-of-the-art models when evaluating with a finer π/18
accuracy. Regarding amodal segmentation, NTDM also
outperform multi-task Mask R-CNN. We suggest that the
deformable mesh and the spatial discriminative features
learned by DMNT can adapt well to domain shifts, e.g.
shape and pose, and potentially useful in downstream tasks
that requires highly robustness.

4.4. Ablation Study

As Table 3 shows, we evaluate the contribution of each
proposed component. Specifically, we evaluate the model
on three categories (sofa, bus, motorbike) from the PAS-
CAL3D+ dataset. The w/o BG setup indicates we only con-

Setup Pose π
6

Pose π
18

Seg IoU

full NTDM 91.4 60.5 80.7
w/o BG 89.5 58.2 80.9
single αb 90.0 58.3 80.1

fix shape 88.8 56.5 75.3

random 90.1 59.4 80.4
average shape 1/n 90.2 59.7 81.2

Table 3. Ablation study on three object categories (sofa, bus, mo-
torbike) from PASCAL3D+ dataset. We evaluate pose estimation
accuracy and amodal segmentation IoU.

sider pixels in FG in reconstruction loss (equation 9). In
the single αb setup, we use only one viewing bin which
keeps the db along the surface normal direction. In this
case, there is only a single neural texture map for each de-
formable mesh. For fix shape, we use the average shape
of deformable mesh to conduct inference, i.e., fixing latent
as the average latent. random and average show the result
using different initialization of object shapes latent during
inference, i.e. random initialized with a random vector, av-
erage initialized with the average object shape. The ex-
periment demonstrates that all introduced components con-
tribute to the final performance.

5. Conclusion

In this work, we propose NTDM, which conducts mul-
tiple vision task simultaneously in a consistent and robust
manner. The core idea of NTDM is the neural textured de-
formable meshes, which conducts gradient-based optimiza-
tion of the shape and scale of the object, as well as the
camera parameters simultaneously via neural feature level
analysis-by-synthesis. We introduce the learning pipeline
for NTDM that learn deformable meshes, neural textures,
and feature extractor together so that components can co-
operate with each other to enhance the performance. Ex-
periments demonstrate that NTDM produces a competitive
performance compared to the task-specific approaches, and
extraordinary robustness under occlusion and O.O.D. sce-
narios. Besides, we show that the predictions (shape, pose,
occlusion) of NTDM can be visualized as colored meshes,
which makes the decision process of NTDM interpretable
and understandable. Due to time and space limitations, we
are not able to explore NTDM in more downstream tasks.
However, benefits from the generalization ability of the de-
formable 3D representation, NTDM can be easily extended
to more vision tasks, e.g. part segmentation.
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