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Figure 1. We present SDFit, a novel framework that recovers an object’s 3D pose and shape from a single image. To this end, SDFit
uses a learned, category-level, morphable SDF (mSDF) shape model, namely DIT [77], and fits this to images in a render-and-compare
(a.k.a. analysis-by-synthesis) fashion. SDFit is robust to occlusions and uncommon poses, and requires no retraining for in-the-wild images.
For visualizing the fitted mSDF overlaid on the input image, we show the mSDF’s normals with color coding. Q Zoom in for details.

Abstract

Recovering 3D object pose and shape from a single im-
age is a challenging and ill-posed problem. This is due to
strong (self-)occlusions, depth ambiguities, the vast intra-
and inter-class shape variance, and the lack of 3D ground
truth for natural images. EXxisting deep-network methods
are trained on synthetic datasets to predict 3D shapes,
so they often struggle generalizing to real-world images.
Moreover, they lack an explicit feedback loop for refining
noisy estimates, and primarily focus on geometry without
directly considering pixel alignment. To tackle these limita-
tions, we develop a novel render-and-compare optimization
framework, called SDFit. This has three key innovations:
First, it uses a learned category-specific and morphable
signed-distance-function (mSDF) model, and fits this to an
image by iteratively refining both 3D pose and shape. The
mSDF robustifies inference by constraining the search on
the manifold of valid shapes, while allowing for arbitrary
shape topologies. Second, SDFit retrieves an initial 3D
shape that likely matches the image, by exploiting founda-
tional models for efficient look-up into 3D shape databases.
Third, SDFit initializes pose by establishing rich 2D-3D
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correspondences between the image and the mSDF through
foundational features. We evaluate SDFit on three image
datasets, i.e., Pix3D, Pascal3D+, and COMIC. SDFit per-
forms on par with SotA feed-forward networks for unoc-
cluded images and common poses, but is uniquely robust to
occlusions and uncommon poses. Moreover, it requires no
retraining for unseen images. Thus, SDFit contributes new
insights for generalizing in the wild. Code is available at
https://anticdimi.github.io/sdfit.

1. Introduction

Recovering 3D object pose and shape (OPS) from single
images is key for building intelligent systems and mixed re-
alities. However, the task is highly ill-posed due to strong
challenges such as depth ambiguities, (self-)occlusions, and
the huge variance in shape, appearance, and viewpoint. Yet,
humans routinely solve this task by building and exploit-
ing rich prior models through experience. Despite progress,
computers still lack reliable methods and priors for recon-
structing 3D objects from natural images. Our goal is to
recover 3D object shape and pose from a natural image.



To this end, we draw inspiration from the “analogous”
task of human pose and shape (HPS) estimation. Morphable
generative body models [2, 31, 52, 71] such as SMPL [43]
make HPS relatively reliable. Such models are data-driven
and capture shape variance across a database of body scans.
When fitting such models to single images [52, 68, 71], e.g.,
through the SMPLify [6] method, they act as a strong shape
prior. That is, full-body shape can be reliably inferred even
when bodies are partially occluded. Such occlusions are
also common for object images taken in the wild.

However, perhaps counter-intuitively, there exists no
SMPL.-like model or SMPLIify-like method for objects. But
we cannot trivially adapt HPS methods for solving OPS as,
despite commonalities, these tasks differ in three key ways:
(1) Shape variance is much bigger for objects (which is both
intra- and inter-class) than for bodies (which is only intra-
class). For example, an armchair looks different from an
airplane, but also from an office chair or a folding chair.
(2) Objects have a wildly varying topology (e.g., chairs with
a varying number of legs) while bodies have the same one.
(3) To guide HPS fitting, OpenPose-like methods [7, 44] ro-
bustly detect in images 2D joints that directly correspond to
3D SMPL joints. In contrast, for general objects, detecting
correspondences between 2D images and a textureless 3D
model (let alone a morphable 3D model) is an open prob-
lem. Thus, OPS and HPS methods have evolved separately.

The current OPS paradigm is rendering synthetic images
from 3D databases [15, 16, 67] for training deep networks to
regress 3D shape from an image [1, 26-28, 62], or to gener-
ate it via image-conditioned diffusion [12, 17, 32, 46—48].
Such methods work well for in-distribution, unoccluded
images, and common poses, but have three limitations:
(1) They struggle generalizing to natural-looking, out-of-
distribution images with occlusions and uncommon poses.
(2) They mostly perform only feed-forward inference, and
lack an explicit feedback loop for refining noisy estimates.
(3) They mostly focus on geometry alone, largely ignoring
object or camera pose, and by extension, pixel alignment.

Tackling the above limitations requires a strong shape
prior for constraining the search to plausible shapes, i.e., for
generating and refining plausible shape hypotheses. To this
end, we exploit a category-level morphable signed-distance
function (mSDF) model that generates 3D shape hypotheses
through sampling its latent space (similar to SMPL [43]);
here we use DIT [77]. This encodes the manifold of valid
shapes, while allowing arbitrary topologies [51, 60, 77] and
establishing dense correspondences across morphed shapes.

We exploit this to develop SDFit, a novel framework that
fits the mSDF to an image (like SMPLify does for SMPL)
by searching for a latent shape code and pose that best
“matches” image cues; for an overview see Fig. 2. This has
been done for 3D point clouds [36] but not for 2D images,
which is much more challenging. We fill this gap here.
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Figure 2. High-level overview of our SDFit framework. To recover
both 3D object pose and shape, we fit a morphable signed-distance
function (mSDF) model to observed image features (i.e., extracted

normal, depth and binary masks) in a render-and-compare fashion.

However, fitting an mSDF to an image is challenging not
only due to depth ambiguities, but also due to requiring a
good 3D shape and pose initialization, which is still un-
solved. To initialize shape, we exploit OpenShape’s [39]
multimodal latent space to retrieve an mSDF shape that
matches the image; this is fast and scales to large databases
[16]. To initialize pose, we decorate the initial shape with
foundational features [49, 58, 76], and match these to fea-
tures extracted from the image. This produces 2D-3D cor-
respondences, used to recover pose. The above has been
done only for fixed shapes (3D meshes) [14, 19, 50], so
they are novel for morphable shapes (mSDFs). Eventually,
our framework refines both 3D pose and shape via opti-
mization with a feedback loop, i.e., it iteratively refines the
mSDF hypothesis to minimize the discrepancy between re-
spective mSDF-rendered and image-extracted feature maps,
until convergence; see example reconstructions in Fig. 1.

We evaluate on three datasets [37, 61, 69] for 3D shape
estimation (with and without occlusions), and for image
alignment that involves both shape and pose estimation.
Evaluation shows that our SDFit fitting framework per-
forms on par with strong feed-forward regression- [28] and
diffusion-based [12, 62] baselines for unoccluded images.
However, SDFit excels under occlusions, while requiring no
re-training for out-of-distribution images. Note that SDFit
uniquely treats both pose and shape as first-class citizens.

In summary, the main contributions of our work are:
(1) A novel framework (SDFit) that uses a 3D morphable
SDF (mSDF) model as a strong 3D shape prior, and fits this
to a single image, while being uniquely robust to occlusions.
(2) A novel mSDF shape initialization, casted as a retrieval
problem in a joint latent space of 2D images and 3D shapes.
(3) A novel mSDF pose initialization, using foundational
models to establish rich image-to-mSDF correspondences.

Code for SDFit is available for research purposes at
https://anticdimi.github.io/sdfit.



2. Related Work

Object Shape Estimation: Recent work on 3D shape
inference from images represents shape in two main ways:
(1) via explicit representations like voxel grids [11, 13],
point clouds [20, 65], polygonal meshes [1, 22, 27, 64] and
(2) via implicit representations like Neural Radiance Fields
(NeRF) [29, 54] or Signed-Distance Fields (SDF) [51, 77].
The former is easier to model but struggles with complex
structures, while the latter provides more compact and flex-
ible alternatives by encoding shapes as continuous fields.
We follow the latter, and specifically SDFs.

Approaches for 3D shape estimation follow three main
paradigms, i.e., they are based on regression [1, 26-28, 62,
72], generation [12, 32, 41, 46, 48] or retrieval [39, 78].

Regression methods have significantly advanced 3D
shape reconstruction from single images. This includes
methods like SS3D [1], which is pretrained on ShapeNet [§]
and fine-tuned on real-world images, leveraging category-
level models for better performance. ShapeClipper [27] en-
hances this with CLIP-based shape consistency. Similarly,
LRM [26] and TripoSR [62] predict NeRF using a trans-
former, achieving detailed 3D reconstruction. Recently,
ZeroShape [28] infers camera intrinsics and depth as proxy
states to improve reconstruction. However, these models of-
ten struggle generalizing to unseen categories and capturing
the full diversity of complex or real-world shapes.

Generative methods, such as Zerol23 [41], leverage
foundational models for 3D shape estimation utilizing dif-
fusion models to generate novel views from a single image,
which are then used in multiview-to-3D methods such as
One-2-3-45 [40, 55]. However, appearance quality (which
is usually the priority) trades off against geometry quality.
SDFusion [12] learns an image-conditioned diffusion pro-
cess on the latent representation of the object SDF.

Retrieval methods, such as OpenShape [39], align mul-
timodal data, such as images and point clouds. Then, given
an image, they retrieve the closest-looking 3D object from
a database. However, 3D databases have finite sizes, thus,
retrieved shapes might not accurately match input images.
Yet, this approach is fast and scales well to large databases,
so we exploit this in our work for shape initialization.

Object Pose & Shape Estimation: Recent methods on
single-image object pose estimation perform either direct
pose parameter estimation [22, 70] or alignment of a 3D
template model with an input modality (e.g., image, fea-
tures, keypoints) [10, 23, 42, 63]. The former methods di-
rectly regress rotation, translation, and scale. The latter ones
predict either sparse [23, 42] or dense 3D-3D [63] corre-
spondences, or dense 2D-3D correspondences [10, 50], and
exploit these to solve for pose via the PnP [9] algorithm.
While effective, this depends on accurate camera or depth
data, while also requiring an a-priori known shape. We take
this approach to initialize the pose of our initial shape.
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More recently, ROCA [24] jointly estimates object pose
and shape. To this end, it improves the pose estimate via
differentiable Procrustes optimization on a retrieved CAD
model. However, the fixed shape of CAD models compro-
mises reconstruction. Similarly, Pavllo et al. [54] also esti-
mate pose and shape using NeRFs, without any refinement.
In contrast, SDFit optimizes both pose and shape using 3D-
aware feature “decoration” through foundation models.

3D-aware Foundational Models: Large foundational
models have catalized many 2D vision tasks [3]. Banani
et al. [4] find that DINOv2 [49] and StableDiffusion [58]
features also facilitate 3D tasks. We use features from these
models to establish dense image-to-3D correspondences.

3. Method

We recover 3D object pose and shape from a single image
via a novel render-and-compare framework, called SDFit;
for an overview see Fig. 3. At the core of this lies a 3D mor-
phable signed-distance function (mSDF) model (Sec. 3.1),
and exploiting recent foundational models [39, 49, 58, 76].
Our SDFit framework fits the mSDF to image cues
(Sec. 3.2) by jointly optimizing over its shape and pose.
However, optimization-based methods are prone to local
minima, so they need a good initialization. To this end,
SDFit first initializes the mSDF shape through a state-of-
the-art (SotA) retrieval-based technique (Sec. 3.3). Then, it
initializes pose by aligning the initial shape to rich, SotA
foundational features extracted from the image (Sec. 3.4).

3.1. Shape Representation

We represent 3D object shape via a learned, category-level,
morphable signed-distance function (mSDF) model.

mSDF: Here we use the DIT model [77]. Each shape
is encoded by a unique latent code, z € R?%, in a compact
space learned by auto-decoding a 3D dataset [8]. Mapping
any 3D point, x, to a signed distance is parameterized by a
network f3% : R3%2%6 _, R (with weights §) conditioned
on latent z. Each 3D shape, S, is encoded as the mSDF’s
O-level set, S = {z € R? | f3¥ (2;2) = 0}.

DIT decodes a latent z into signed distances through a
warping function, W (z; z), that “warps” any 3D point, x,
to a canonical space defined by a learned SDF template,
T. This models the inter-category shape variance w.r.t. the
template, and defines dense correspondences to it. Note that
training DIT comes with a useful byproduct, that is, it yields
a collection of latent codes, Z, for all training shapes z. We
use these later to initialize the shape hypothesis (Sec. 3.3).

Rendering: Rendering an mSDF is not straightforward,
so we extract a 3D mesh as a proxy that we exploit for dif-
ferentiable rendering. In each iteration we take three steps:
(1) we predict SDF values via fgdf on a 3D grid, (2) we ex-
tract a mesh using FlexiCubes [59], and (3) we pose it by
applying a 6-DoF rigid transformation (R, t) € SE(3).
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Figure 3. Our SDFit framework. We represent 3D shape via a learned morphable signed-distance function (mSDF) model [77] (Sec. 3.1).
We first recover a likely initial shape from a database [8] via a SotA retrieval method [39] conditioned on the input image (Sec. 3.3). Next,
we extract features from both the target image and the initial shape via foundational models [49, 76] to establish image-to-mSDF 2D-to-3D
correspondences and initialize pose (Sec. 3.4). Last, we iteratively refine both shape and pose via render-and-compare (Sec. 3.2).

Loss Ey (Eq. 6)
@ World Space

Template § @ Canonical Space

Figure 4. Loss Er (Eq. (6)). Initial and hypothesis shapes, Sin+
and S;, are warped to a canonical space via DIT’s warper W (-).
For each warped vertex of \S; we find the closest warped vertex of
Sinit in canonical space, and compute MSE in world space.

3.2. Fitting Pose & Shape

To recover OPS from an image, SDFit optimizes over object
shape, z € R?%%, scale, s € R?, and pose, (R,t) € SE(3),
by minimizing via render-and-compare the energy function:

E=FEm+MWEN+ApEp +AprEpr + ArER, (1)

where M is the mask, N the normal map, D the depth map,
DT denotes a 2D distance transform, R denotes regulariza-
tion, and A are steering weights.
The individual energy terms are:

Eag = MSE(MY, M) + Arour - ToU(ME, M), (2)

Ep = SSI-MAE(D, D), 3)
Ey = MSE(N*, N), 4)
Por = X, o miple - #lh ®

where non-hat symbols are “ground-truth” observations, hat
denotes maps rendered from the running mSDF hypothe-
sis, ¢ is the running iteration, C the mask contour, MSE the
mean squared error, IoU the intersection-over-union, while
SSI-MAE is a scale- and shift-invariant depth loss [56].

To regularize fitting under self-occlusions, a regulariza-
tion loss, E'r, encourages the running shape hypothesis, 5;,
to be consistent with the initial estimate, S;,,;; (Sec. 3.3). A
simple way for this is to penalize deviation of the running
z code from the code z;,;; of S;,;, but, empirically, this
causes local minima when S;,,;; has a wrong topology (e.g.,
a chair that erroneously misses armrests).
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Instead, SDFit geometrically regularizes to S;,;+ so it
can still refine the topology (e.g., chairs growing missing
armrests). To this end, it uses the correspondences of .S and
Sinit to the template, T, to map each vertex x € S; to the
closest vertex u € S;p;. Specifically, as shown in Fig. 4,
(1) it warps \S; vertices on the template in canonical space,
(2) it warps S;n;; vertices on the same template as well, and
(3) for each warped vertex of S; it finds the closest warped
vertex of S;,;:, and eventually (4) computes the MSE for
corresponding vertices in world space. In technical terms:

Sinit = {v | argsmin W (v; Zinit) — W (x5 20) |2, (7)
VESinit

where x € S; are vertices of S;, W (x; z;) are these ver-
tices mapped into the canonical space via the warper W (+),
v € Sinit are vertices of S;pir, W(v; zinit) are these ver-
tices mapped into the canonical space, and S; = f; a (x; 2;)
is the ¢-th iteration shape hypothesis (in canonical space).

During optimization, in each iteration, SDFit evaluates
the energy function E of Eq. (1), backpropagates gradients,
and updates the hypothesis parameters z;, R;, and ¢;.

3.3. Shape Initialization

SDFit initializes the shape code, z, by exploiting the
retrieval-based OpenShape [39] model, denoted as f7.
This encodes multiple modalities (images, 3D point clouds)
into a joint latent space, and facilitates searching for the
3D object, S;,it, that best resembles an input image, Z, by:
(1) embedding the shapes S of mSDF training data via f;
(2) embedding image 7 into the same latent space via f9;
(3) retrieving the shape whose embedding most closely lies
to the image embedding. More formally, the initial-shape
latent code, z;,;:, is the code z whose 3D shape embed-
ding, f4°(S,) lies closest to the image embedding, f°(Z),
via the cosine-similarity metric:

o @) - (S
it TR Ol 1S

where S is O-level set of fgdf (z; %), z is the shape latent
code, and Z is a database of auto-decoded latent codes, each
corresponding to a shape instance in the mSDF training set.

®)



3.4. Pose Initialization

To initialize 3D pose from a single view, SDFit: (1) estab-
lishes correspondences between 2D pixels and 3D points,
(2) estimates camera intrinsics, (3) filters out noisy corre-
spondences with RANSAC, and (4) applies the PnP method.

To find correspondences, SDFit computes image features
from the input image and rendered mSDF images. To this
end, inspired from image-to-image matching, it leverages
features from foundational models such as StableDiffusion
(SD) [58] (or ControlNet [76]) and DINOv2 [49]. Specif-
ically, it computes hybrid features that combine SD v1.5
(ControlNet) and DINOv2 ones, as these encode geome-
try and semantic cues [18, 45, 74] that are crucial for 3D
understanding. In detail, it establishes 2D-3D pixel-vertex
correspondences as described in the following paragraphs.

Image Features: SDFit uses the pretrained ControlNet
[76] and DINOV2 [49] models. It conditions ControlNet on
the prompt ‘A <category>, photorealistic,
real-world’’, as well as on normal and depth maps
estimated from an image for inpainting [18], i.e., hallu-
cinating the original image from condition signals. Cru-
cially, this pushes ControlNet to semantically differentiate
between nearby pixels [18], so features extracted from its
layers capture semantic cues. Then, it applies DINOv2 [49]
on an image to extract features capturing geometric cues [4].
Last, it forms hybrid features by concatenating per pixel the
complementary ControlNet and DINOv2 features.

In technical terms, for an input image Z, estimated [33]
normal and depth maps, A/ and D, and a text prompt, SDFit
uses a pretrained ControlNet to generate (inpaint) a “tex-
tured” image, Tt To get ControlNet features, at the
last diffusion step SDFit extracts features ]-'g T and ]-'f i
from its UNet-decoder layers 2 and 4, respectively, upsam-
ples these to the resolution of Z, and concatenates these to
obtain the feature F%/f = {]-"Qdiff | |.7-"fiff}. Note that here
features from early layers emphasize semantic and geomet-
ric cues over texture ones [4, 18], which is beneficial as our
mSDF models geometry but is textureless. To get FPINOv2
features, it applies the DINOv2 model on the textured image
' (applicable also for the mSDF, see next paragraph), to
extract per-pixel geometric cues. To form the final features,
it concatenates [74] per pixel the normalized F%f/ features
with FPINOV2 gnes, as F = {aF /T (1 —a)FPINO2Y
where « is a steering weight. A detection mask, M, steers
focus only on object pixels. Below, the flattened features,
F (1), are denoted as F7 for notational brevity.

Shape (mSDF) Features: Recently, Diff3F [18] deco-
rates 3D meshes with features extracted via ControlNet [76]
and DINOV2 [49]. SDFit follows this to obtain features for
the textureless mSDF and establish 2D-3D correspondences
with image features in a zero-shot fashion. This is a novel
use of Diff3F for a long-standing problem. Note that this
does not require a known object-part connectivity [6, 66].

9620

Decorated Decorated
Template T Initial
Shape
w() Sec. 3.3 Sinit
‘ Query Query
features features if‘
L
eT @ Sinit

Figure 5. Features for mSDF. Rather than decorating each mSDF
from scratch, we can query precomputed features via DIT’s corre-
spondences and warper, W (-). We either pre-decorate the category
template (feat @7") or the initial shape per image (feat @5,,,).

Note also that the DIT [77] mSDF model establishes dense
correspondences across all morphed shapes within a class.

SDFit can perform the above in two different ways:
(1) “SDFit feat@T” (Fig. 5-left): It decorates a mesh ex-
tracted from the mSDF template, 7', only once per cate-
gory, offline. Then, for every morphed mSDF shape, it
queries decoration features from the already decorated 7'
(2) “SDFit feat@S;,,;1”” (Fig. 5-right): It decorates a mesh
extracted from the initial mSDF shape, S;,;: (Sec. 3.3). It
does so once per image, as S;,;; differs across images. The
above options trade efficiency for accuracy; the former is
computationally cheaper, but the latter is more accurate.

In any case, for decoration, SDFit first extracts a mesh
[59] from either T" or from .S;,,;+. Then, it samples J views
on a unit sphere aroundA it, and for each vievAv j € J,it
renders normal maps, A7, and depth maps, DJ. Then, it
extracts per-pixel feature maps, F%, in the same way as for
image features, discussed above. Since the P’/ camera pa-
rameters are known, each view-specific feature map, ]-'fg,
gets unprojected onto 3D mesh vertices. Last, for each ver-
tex, the unprojected features across views are aggregated to
form the final feature, Fg € RISI%2368 where |S| is the
number of vertices and 2368 is the feature dimension.

Object-to-Image Alignment: Using the extracted im-
age features, F7, and shape feature maps, Fs, SDFit estab-
lishes 2D-3D pixel-vertex correspondences, C, by finding in
feature space the most similar vertex for each pixel:

C ={{i,s} = argmax A, ,, forall pixelsi}. (9)
SESinit
Fi o F&
Ajy =7—5 (10)
1Pzl 1 F5l

where A is a cosine-similarity matrix, and F% and F§ are
i-th pixel and s-th vertex features. By exploiting the cor-
respondences, C, SDFit implicitly finds the visible mSDF
points, as only these can be matched to pixels (see Sec. S.1).

Moreover, SDFit estimates intrinsic camera parameters,
K, via the off-the-shelf PerspectiveFields [30] model ap-
plied on image Z. Last, it uses the estimated correspon-
dences, C, and intrinsics, K, to apply the RANSAC [21]
and PnP [9] algorithms for estimating the object pose,
Rinit, tinit- This pose, along with the initial object shape,
Zinit (Sec. 3.3), initializes our fitting framework (Sec. 3.2).



4. Experiments

4.1. Implementation Details

mSDF: We use the DIT [77] model trained on ShapeNet
[8]. But our approach is agnostic to the chosen mSDF, that
is, as richer mSDFs get developed, SDFit also gets better.

Pose Initialization (Sec. 3.4): We establish image-to-
shape 2D-3D correspondences by matching deep features.
However, these might be imperfect as this is still an open
problem. Therefore, we compute pose as follows. First, we
apply RANSAC+PnP on the established correspondences,
and generate two hypotheses by mirroring pose around the
vertical axis. Then, we refine each hypothesis over 200 it-
erations and select the one with the lower Ep from Eq. (2).

Normal, Depth & Mask Maps: For the objective func-
tion of Eq. (1) we need an observed “ground truth” segmen-
tation mask, M, normal map, N, and depth map, D, and
respective maps rendered from the mSDF, M , D, and NV.

For M\, ﬁ, J\7 , we extract a mesh via FlexiCubes [59]
with a grid size of N = 32 and render with Nvdiffrast [35].

We estimate A/ and D by applying the OmniData [33]
model on the input image. The masks M can be provided
by datasets (e.g., in Pix3D [61]), while in the opposite case
(e.g., for Pascal3D+ [69]) we segment objects by applying
the rembg [57] method (as in ZeroShape [28]).

Fitting (Sec. 3.2): We optimize with Adam [34]. For the
first 300 iterations, we refine the initial pose, (Rinit, tinit)s
and scale, s;,;, keeping shape S, fixed. For the next
1000 iterations, we jointly optimize shape, scale and pose.

4.2. Metrics

We use four complementary numeric metrics as follows.

Chamfer Distance (CD): CD quantifies the similarity of
two 3D point clouds X and Y as the average (bidirectional)
distance from each point in a cloud to the nearest point in
the other one. Then, with |.| denoting cardinality:

1 1
CD=— Y minllz — — > min|lz — 2. (11
x] 2 mipllz —ylle + 57 2 miglle =yl A1)

zeX yey

F-Score: Given a rejection threshold, d, the F-Score at
distance d (F@d) is the harmonic mean of precision@d and
recall@d, reflecting the proportion of the surface accurately
reconstructed within the correctness threshold, d.

Intersection-over-Union (IoU): IoU encodes the align-
ment of an estimated 3D shape with image pixels, by quan-
tifying the alignment between a target mask (detected in im-
age) and estimated mask (projected 3D shape onto 2D) as:

IoU = (TP) |/ (TP+ FP+ FN) x 100, where: (12)

TP is true positives, FP false positives, FN false negatives.
CLIP Similarity: To assess how plausible 3D shapes
look like for a given class (e.g., a “chair”), we first compute
the CLIP embedding of the class name and of a rendered
3D-shape image, and then their CLIP Similarity [25].
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Figure 6. Shape recovery for SDFit (feat @S;,i:) and ZeroShape
[28]. SDFit jointly fits pose and shape to the image, helping pixel
alignment. It also excels at recovering occluded parts via the
mSDEF’s learned shape prior. Overlays show the mSDF’s normals.

4.3. Evaluation

We evaluate on shape reconstruction, capturing only geom-
etry, and image alignment, capturing both shape and pose.

Shape Reconstruction: We evaluate on the standard
Pix3D dataset [61], which pairs real-world images with
ground-truth CAD models, using ZeroShape’s [28] test
set.  Specifically, we compare our fitting-based SDFit
method against the regression-based ZeroShape [28] and
TripoSR [62], and the diffusion-based SDFusion [12]
model. For a more direct comparison, we also train a class-
specific ZeroShape [28], denoted as ZeroShape-CLS.

The results, presented in Tab. 3, show that SDFit per-
forms on par with ZeroShape and TripoSR in terms of the
CD metric. However, we notice that ZeroShape often de-
faults to “blobby” shapes (see Fig. 6). We hypothesize that
this might be because it is “only” feed-forward, so it can-
not correct potential mistakes. Moreover, its search space
might be insufficiently constrained, so it often struggles to
produce shapes resembling the depicted object class.

However, the CD metric cannot fully capture such arti-
facts, as it measures only geometric proximity to ground-
truth shapes, and ignores semantics. To capture semantics,
we assess how well a recovered 3D shape aligns with the
target class via CLIP similarity [25, 79]. To this end, we first
compute the CLIP embedding for the class name. Then, we
render synthetic images of the fitted mSDF from five canon-
ical viewpoints, and compute their CLIP embedding. Last,
we compute the cosine-similarity score between the class
embedding and the five mSDF embeddings, taking the max
score to account for poor views. As shown in Tab. 3, SDFit
yields shapes that better reflect the target class.



Metric: CD | Pix3D COMIC
Method Inpaint Chair Sofa Mean Box Bottle Camera Knife Mug Spray Mean # Views Diff. steps Runtime (sec) ‘ CD |
ZeroShape [28] X 7.08 571 640 932 5.37 9.25 324 731 467 6.53 100 100 600 3.53
ZeroShape-CLS [28] X 5.94 514 554 714 4.90 6.40 1.98 444 490 4.96 16 10 27 3.67
TripoSR [62] X 6.73 745 7.09 107 6.48 9.66 328 623 4381 6.86 3 30 30 3.69
ZeroShape [28] v 5.64 481 523 791 4.38 8.42 277 652 383 5.64 8 10 10 3:58
ZeroShape-CLS [28] v 5.71 483 527 696 4.38 6.05 .55 392 654 4.90
TripoSR [62 4 6.03 695 649 639 4.25 7.06 219 491 4.60 4.90 . .

tipoSR (621 Table 2. Runtime analysis for shape dec-
SDFit-feat @Sini X 4.08 340 374 121 4.04 6.52 L11 294  3.66 3.25

oration. We assess the impact of the num-

Table 1. Shape reconstruction evaluation under occlusion on Pix3D [61] (synthetic-patch ber of views, diffusion steps, and runtime
occlusions) and COMIC [37] (hand-object grasp occlusions). For Pix3D we occlude 40% of for Chair and Sofa in Pix3D [61].
the object bounding box (see Sec. S.2 in Sup. Mat.). We report the Chamfer Distance (CD).

Type CD] F@l{ F@21 CLIP-10>1
SDFusion [12] Diff. 395  0.16 0.38 29.87
ZeroShape [28] Reg. 344 0.23 0.47 29.33
ZeroShape-CLS [28] Reg.  4.55  0.21 0.46 29.40
TripoSR [62] Reg. 341 0.3 0.32 29.87
SDFit-feat@S;,;;  Opt. 353  0.25 0.46 30.53

Table 3. Shape reconstruction evaluation on Pix3D [61]. We
report the mean Chamfer Distance (CD), F-Score at two thresholds
(F@1 and F@2), and CLIP similarity across the Chair and Sofa
categories; each value is the average over these classes.

Shape Reconstruction under Occlusion: We quanti-
tatively evaluate robustness to occlusion by (1) rendering
synthetic occluding patches on Pix3D images covering 40%
of the object’s bounding box (Fig. 7), and (2) using the
COMIC [37] dataset of hand-object grasps.

Results are shown in Tab. 1, and a sensitivity analysis in
Fig. 8, and Sec. S.2. We see that SDFit clearly outperforms
ZeroShape. Note that SDFit has stable performance for
increasingly stronger occlusions, while ZeroShape heavily
degrades. We think that this is because SDFit relies on ge-
ometric cues only from unoccluded regions, which remain
intact, while ZeroShape relies on “global” appearance cues
that are strongly influenced by occlusions. Moreover, SDFit
uses an explicit shape prior (mSDF) and a feedback loop,
while ZeroShape uses an implicit shape prior (baked into
network weights) and does only feed-forward inference.

To help baselines handle occlusions, we give them the
privilege of inpainting [73]. That is, we remove occluders,
infill the missing object pixels [73], and apply the baseline
on the new unoccluded image. The privileged baselines
have an improved performance, but SDFit clearly outper-
forms these. This is because SDFit relies only on features
from unoccluded regions, and leverages the mSDF shape
manifold of valid shapes to recover the occluded parts.

We compare the best performers of Tab. 3, i.e., SDFit and
ZeroShape [28], in Fig. 6. ZeroShape struggles recovering
self-occluded parts. Instead, SDFit recovers these via the
regularizer E'rp in Eq. (7). This aligns with the previous
paragraph, i.e., SDFit is more robust to self-occlusions or
occlusions by third parties. This is because SDFit exploits
correspondences (see Fig. 5) between S;,,;; and the running
mSDF hypothesis for supervising self-occluded regions.
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Figure 7. Examples of synthetic occluders of varying size. The
labels denote the percentage of object (bounding-box) occlusion.

faad e ZeroShape

—=— SDFit
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5.53

Chamfer Distance [cm]

3.65

30% 40%
Occlusion Percentage

Figure 8. Occlusion sensitivity analysis. We evaluate shape recon-
struction (Y-axis) on the Pix3D [61] test set with a varying degree
of occlusion (X-axis). SDFit outperforms ZeroShape in both mean
and standard deviation (lower is better) and remains stable under
increasing occlusion, while ZeroShape heavily degrades.

50% 60%

» ad
Figure 9. Reconstructions of SDFit-feat@S;,;+ on images of
three datasets: (a) Pix3D [61] with synthetic occluding patches,

used in Fig. 8 and Tab. 1, (b) COMIC [37], and (c, d) COCO [38].

Image Alignment: We evaluate joint shape-and-pose
estimation for inferring pixel-aligned 3D objects. We use
the Pascal3D+ [69] dataset and specifically the test split of
Pavllo et al. [53] for the car and airplane classes.

Since SotA methods [12, 28] focus mostly on shape re-
covery, ignoring pose, we establish our own baselines, by
extending these methods with our pose initialization and
RnC fitting as follows: We first infer shape through SotA
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Figure 10. Qualitative results for SDFit (feat @S;ni:) on images of the Pix3D [61] and Pascal3D+ [69] datasets. We show the estimated
3D shape (left to right) in camera- (as normal map), front- and side-view. Q Zoom in to see details.

regression [28] or diffusion [12] methods. We then keep
the estimated shape fixed, and optimize over pose and scale
with our render-and-compare module (RnC) (Sec. 3.2). For
fairness, we initialize the object pose and camera intrinsics
of all baselines using SDFit’s pose initialization (Sec. 3.4).
For ZeroShape, we initialize only the translation since it as-
sumes that the world and camera frames are aligned.

Table 4 reports the 2D Intersection-over-Union (%).
“SDFit-feat@S;,;” " outperforms all baselines, while
“SDFit-feat@T™ is on par with “ZeroShape+RnC”
but outperforms others. This shows that SDFit (whose RnC
module is used to extend baselines) and ZeroShape can be
complementary. Note that baselines refine only the pose
through RnC. Instead, SDFit uniquely refines both pose and
shape by morphing the mSDF - this is a key advantage.

Note that SDFit-feat@T trades speed for accuracy;
it is faster but less accurate than SDFit-feat@S;,;;, as
the topology of .S;,,;; matches the image better than 7". For
further ablations of our modules, see Sec. S.3 in Sup. Mat.

Qualitative Results: We show extensive results of
our SDFit—-feat@S;,;; for in-the-wild Pascal3D+ [69]
and Pix3D [61] images in Fig. 10. Despite the diverse
shapes, appearances, and challenging imaging conditions
(e.g., poor lighting, uncommon poses) in real-world images,
SDFit recovers plausible, pixel-aligned 3D shapes, showing
promising generalization. Unlike purely data-driven meth-
ods, SDFit does not need retraining for unseen images.

Moreover, in Fig. 9 we show reconstructions of SDFit
under occlusion on Pix3D [61] and COMIC [37], as well as
on COCO [38] images that are taken in the wild. SDFit’s
reconstructions look robust to strong occlusions, reflecting
the findings of Tab. | and Fig. 8, and Sup. Mat. Sec. S.2.
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Metric: 2D IoU (%) 1 Pascal3D+ Pix3D Mean

Plane Car Chair Sofa IoU
SDFusion [12] + RnC N/A N/A 59.5 N/A N/A
OpenShape [39] + RnC 48.5 79.5 54.3 85.2 66.8
ZeroShape [28] + RnC 76.4 89.1 61.3 859  78.1
SDFit feat@T 77.6 86.9 61.1 89.7 78.8
SDFit feat @Sy 81.5 91.6 75.9 92.7 854

Table 4. Image-alignment performance on the Pascal3D+ [69] and
Pix3D [61] datasets. The shape predictions of competing methods
are aligned to the image in a render-and-compare (RnC) fashion
similarly to our SDFit. We report the per-category IoU metric, as
well as the Mean IoU across all categories.

Runtime: Our SDFit method fully converges in ~3 min,
often obtaining a satisfactory result within the first 45-60
sec, using an Nvidia 4080 GPU, with an additional 20 sec
for image feature extraction [49, 76], and 10 sec for shape
decoration. For the latter, see Tab. 2, where the top-most
row corresponds to Diff3F [18]; heavily reducing the num-
ber of views and diffusion steps does not harm accuracy,
while reducing runtime 60x w.r.t. Diff3F. We hypothesize
that Diff3F’s many views introduce redundant information
that causes noise accumulation during feature aggregation.

5. Conclusion

We develop SDFit, a novel method for fitting an explicit
morphable 3D shape prior to single images. This uniquely
refines both shape and pose using an explicit feedback loop.
This achieves much better pixel alignment than SotA meth-
ods, and is exceptionally robust to occlusions. We believe
that this is interesting for the broader 3D community and
will inspire work that combines the best of our work and
learning-based models. To this end, our code is available.
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