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Abstract of the Thesis

Diffusion Feature Fusion for Novel Object
Pose Estimation

by

Vijayabharathi Murugan

Master of Science

in

Computer Science

Stony Brook University

2026

Novel object pose estimation requires estimating the full 6DoF pose
of unseen objects using only a CAD model, without object-specific
training. Discriminative features such as DINOv2 are effective but
lack spatial smoothness and struggle on textureless objects. Diffu-
sion models produce complementary spatially smooth representa-
tions, but their utility in the synthetic-to-real setting has not been
studied. We propose a training-free pipeline that fuses diffusion
and DINOv2 features into 3D point descriptors, and recovers pose
via Kabsch+RANSAC. Evaluated on all seven core BOP datasets,
the fused pipeline outperforms DINOv2 alone with a mean gain
of +6.6 Average Recall (AR) across all datasets, with gains of
up to +8.5 AR on TUD-L and YCB-V and +6.0 AR on LM-O.
It also outperforms DZOP (an RGB-only method using diffusion
features) on LM-O and YCB-V. Ablations show that low-noise fea-
tures (t ≤ 50) and all four decoder layers {ℓ2, ℓ5, ℓ8, ℓ11} are prefer-
able for object-level matching. This is a preliminary study; further
work is needed to close the gap to state-of-the-art RGB-D methods.
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Chapter 1

Introduction

Estimating the 6DoF pose of objects — their full 3D rotation and translation
relative to a camera — is a core problem in computer vision with applica-
tions in robotic manipulation, augmented reality, and industrial inspection.
Recent work has shifted focus toward the zero-shot setting, where pose must
be estimated for objects not seen during training, using only a CAD model
as reference. This setting is practically important: deploying a system that
requires object-specific training data is expensive and does not scale to the
long tail of objects encountered in the real world.

The dominant approach in zero-shot pose estimation is template match-
ing: features are extracted from the query image and matched against fea-
tures extracted from multi-view CAD renders. A standard novel object pose
estimation pipeline consists of three stages: object detection and segmenta-
tion, coarse pose estimation, and pose refinement. This work focuses on the
coarse pose estimation stage, which establishes an initial pose hypothesis from
appearance-based feature matching. The central challenge is the synthetic-to-
real domain gap — features computed from clean CAD renders must match
features from real images with sensor noise, varied illumination, and occlusion.
Vision foundation models such as DINOv2 [1] have proven effective in this role,
providing view-invariant patch descriptors that transfer well across the domain
gap. However, purely discriminative features lack spatial smoothness, which
can limit correspondence density in textureless or uniformly coloured regions.

Generative diffusion models have recently been shown to produce internal
representations — diffusion features — that encode rich spatial and semantic
information suitable for visual correspondence [2]. Zhang et al. [3] showed that
diffusion and DINOv2 features are complementary in the real-to-real setting:
their normalized concatenation outperforms either feature alone by substantial
margins on semantic correspondence benchmarks. Whether this complemen-
tarity extends to the synthetic-to-real setting of zero-shot pose estimation,
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where the domain gap introduces an additional source of feature degradation,
has not been studied.

In this work, we investigate the use of diffusion features for zero-shot 6DoF
object pose estimation. We propose a pipeline that extracts diffusion and DI-
NOv2 features from multi-view CAD renders, aggregates them into 3D point
descriptors via a lifting procedure, and fuses the two feature types via nor-
malized concatenation at inference. Pose is recovered from 3D-3D correspon-
dences using Kabsch+RANSAC. We evaluate on the seven core BOP bench-
mark datasets and conduct ablations on fusion weight, diffusion timestep, and
decoder layer selection.

Contributions.

• We present a training-free pipeline for zero-shot 6DoF object pose esti-
mation that fuses diffusion and DINOv2 features at the level of 3D point
descriptors, providing a preliminary investigation into whether the com-
plementarity finding of Zhang et al. [3] extends to the synthetic-to-real
setting.

• We show that the fused pipeline consistently outperforms DINOv2 alone
across evaluated BOP datasets and outperforms the closest diffusion-
feature baseline DZOP [4] on LM-O and YCB-V, though a gap to state-
of-the-art RGB-D methods remains.

• Through ablations on timestep and decoder layer selection, we find that
low-noise diffusion features (t ≤ 50) and multi-layer concatenation are
preferable for object-level synthetic-to-real matching.
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Chapter 2

Related Work

2.1 Novel Object Pose Estimation

Novel object pose estimation requires estimating the full 3D rotation and trans-
lation of objects not encountered during training, typically using a CAD model
as the sole reference. A common pipeline first detects and segments object
instances in the query image, then establishes correspondences between the
query and rendered CAD templates to recover the pose.

On the detection side, Nguyen et al. [5] propose CNOS, a strong base-
line for CAD-based novel object segmentation that combines Segment Any-
thing [6] for mask proposal generation with DINOv2 [1] CLS-token similarity
for scoring proposals against multi-view CAD renders. CNOS won the Best
Method Award for unseen object 2D detection at ICCV 2023 R6D workshop
and serves as the detection front-end in most subsequent zero-shot pose esti-
mation pipelines, including ours.

For pose estimation, methods diverge primarily in how correspondences are
established and whether task-specific training is used. Labbé et al. [7] (Mega-
Pose) demonstrated that training a coarse pose estimator and a learned refiner
on two million synthetic renders of 20,000 objects enables strong generaliza-
tion to novel objects at test time. Nguyen et al. [8] (GigaPose) accelerated
this paradigm with a hybrid template-patch approach in which dense ViT
features determine the best-matching template and a single 2D-2D correspon-
dence from a lightweight patch network yields the full 6DoF pose, achieving
38× faster coarse pose estimation than MegaPose. Moon et al. [9] (GenFlow)
approached the problem through iterative pose refinement, predicting dense
optical flow between a rendered image at the current pose estimate and the
observed image, constrained by the target object’s 3D shape; GenFlow ranked
first on the unseen object 6D localization task at BOP Challenge 2023 for both
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RGB and RGB-D inputs.
Among training-free approaches, Sundermeyer et al. [10] (ZS6D) estab-

lished the template matching paradigm using DINOv1 features for zero-shot
pose estimation. Query patch descriptors are matched against rendered tem-
plate features with nearest-neighbour search, followed by RANSAC-PnP for
pose recovery. Lin et al. [11] (SAM-6D) extended this paradigm by using SAM
for instance segmentation and treating pose estimation as a partial-to-partial
3D point matching problem. It constructs dense 3D-3D correspondences with
background tokens to handle clutter, and outperforms prior methods on all
seven core BOP datasets. Ornek et al. [12] (FoundPose) further strengthened
DINOv2-based template matching with bag-of-words retrieval to shortlist tem-
plates. It then applies featuremetric alignment and achieves state-of-the-art
performance among RGB-only, training-free methods on BOP benchmarks.

Caraffa et al. [13] (FreeZe) combines DINOv2 visual features with GeDi [14]
geometric descriptors. GeDi processes local point neighborhoods transformed
into canonical representations via a Local Reference Frame (LRF), achieving
rotation and translation invariance that purely visual features lack. FreeZe
and its successor FreeZeV2.1 achieved top results on the BOP 2024 model-
based unseen object localization track [15], highlighting the complementary
roles of visual and geometric features for zero-shot CAD-to-real matching.

2.2 Diffusion Features for Visual Correspon-

dence

The internal representations of generative diffusion models have recently been
shown to encode rich semantic and spatial information suitable for visual corre-
spondence without any task-specific training. Tang et al. [2] first demonstrated
this by proposing DIffusion FeaTures (DIFT): an input image is corrupted via
the forward diffusion process at a chosen timestep t, and intermediate U-Net
decoder activations are used directly as feature descriptors. Without any fine-
tuning, DIFT outperforms DINOv1 and OpenCLIP by 19 and 14 PCK points
respectively on the challenging SPair-71k benchmark [16]. A key insight is that
the optimal timestep is task-dependent: higher t injects more noise and yields
coarser, more semantic features, while lower t preserves finer local appearance
detail.

Zhang et al. [3] conducted a systematic analysis of the complementary prop-
erties of Stable Diffusion and DINOv2 features for semantic correspondence,
observing that SD features produce spatially smooth and dense correspon-
dences while DINOv2 yields sparse but semantically precise matches. They
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show that simple normalized concatenation of the two feature types, weighted
by a scalar α, achieves gains of +13%, +15%, and +5% on SPair-71k, PF-
Pascal, and TSS respectively over either feature alone, with equal weighting
α=0.5 found optimal in the real-to-real correspondence setting. A case analy-
sis reveals that in 20–30% of test cases one feature succeeds precisely where the
other fails, quantifying the non-redundancy of the two representations. This
finding of complementarity in the real-to-real setting is the primary motivation
for our investigation of whether the same holds in the synthetic-to-real setting
for 6DoF pose estimation.

Dutt et al. [17] (Diff3F) extended diffusion features to 3D shape correspon-
dence by rendering untextured input shapes from multiple viewpoints using
depth and normal maps as ControlNet [18] conditioning. Diff3F fuses the
resulting diffusion features with DINOv2 features per rendered view in 2D—
following the fusion strategy of [3]—before lifting and aggregating the com-
bined descriptors onto the 3D surface, demonstrating that multi-view aggre-
gation suppresses view-inconsistency of individual diffusion features to yield
stable semantic 3D point descriptors. Their setting is entirely synthetic-to-
synthetic, however; neither domain gap nor real sensor noise is encountered,
which distinguishes it from the zero-shot pose estimation setting we address.

Wang et al. [19] (FreeReg) applied depth-conditioned ControlNet diffusion
features to the problem of image-to-point-cloud registration, observing that
the early U-Net decoder layers (indices 0, 4, and 6 in their notation) exhibit
strong cross-modal consistency between RGB images and depth maps, whereas
later layers (indices 5 and 8) encode texture-specific information that breaks
this consistency.

Von Gimborn et al. [4] (DZOP) is the most directly related prior work.
DZOP replaces DINOv1 features in the ZS6D pipeline with Stable Diffusion
hyperfeatures, formed by concatenating activations from decoder layers 2, 5, 8,
and 11. It also introduces feature co-projection, a joint PCA fitted on the union
of query and matched single-view template patch features for each image pair.
This aligns the two feature spaces before 2D-2D patch-level correspondence es-
timation. Co-projection improves AR from 0.149 to 0.427 on LM-O, a 3× gain
demonstrating that feature-space misalignment is the dominant bottleneck for
diffusion features in zero-shot pose estimation. Our work departs from DZOP
in employing 3D point lifting with multi-view feature aggregation rather than
single-view 2D patch matching. We show that this architectural choice, while
beneficial for geometric stability, prevents co-projection from being effective:
aggregation collapses the template feature distribution, eliminating the per-
pair variance that co-projection relies upon to align the two feature spaces.
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Chapter 3

Background

This chapter introduces two technical foundations used throughout this work:
the Kabsch algorithm for optimal rigid body alignment, and the BOP bench-
mark evaluation protocol that defines the Average Recall metric.

3.1 Kabsch Algorithm

The Kabsch algorithm [20] finds the rotation matrix R ∈ SO(3) and trans-
lation vector t ∈ R3 that minimize the weighted sum of squared distances
between two sets of corresponding 3D points {pi} and {qi}:

L(R, t) =
N∑
i=1

wi

∥∥Rpi + t− qi

∥∥2
, (3.1)

where wi ≥ 0 are per-point weights with
∑

i wi = 1. The optimal translation
aligns the weighted centroids, t∗ = q̄ − R∗p̄, and the optimal rotation is
obtained via singular value decomposition of the cross-covariance matrix of
the centred point sets, H =

∑
i wi p̃i q̃

⊤
i = USV⊤, yielding

R∗ = VDU⊤, (3.2)

where D = diag(1, 1, det(VU⊤)) corrects for improper rotations that arise
when the SVD solution is a reflection rather than a proper rotation.

Kabsch estimation is embedded within a RANSAC loop [21] to handle
outlier correspondences. Minimal samples of three point pairs are drawn it-
eratively to generate pose hypotheses, each scored by counting inliers within
a fixed residual threshold. The hypothesis with the most inliers is refined by
re-running Kabsch on the full inlier set.
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3.2 BOP Benchmark and Average Recall

The BOP benchmark [22, 23] is the standard evaluation framework for 6DoF
object pose estimation, providing standardized datasets, ground truth anno-
tations, and pose error functions. Three complementary error functions are
defined, each assessing a different aspect of pose quality.

Visible Surface Discrepancy (VSD) measures the per-pixel depth discrep-
ancy between renderings of the object at the estimated and ground truth poses,
restricted to the object’s visible surface. VSD is invariant to object symmetries
since only the visible portion of the surface is evaluated.

Maximum Symmetry-Aware Surface Distance (MSSD) measures the max-
imum surface-point distance between the model at the estimated and ground
truth poses, minimized over the set of indistinguishable views induced by the
object’s symmetries.

Maximum Symmetry-Aware Projection Distance (MSPD) is the 2D ana-
logue of MSSD, measuring the maximum distance in the image plane between
projections of corresponding model points at the estimated and ground truth
poses.

For each error function e ∈ {VSD, MSSD, MSPD}, a pose estimate is
declared correct if its error falls below a threshold θ. The Average Recall
(AR) for a given error function is the mean recall across a range of thresholds
Θ:

ARe =
1

|Θ|
∑
θ∈Θ

|{(o, i) : e(P̂o,i,P
∗
o,i) < θ}|

|{(o, i)}|
, (3.3)

where (o, i) indexes object instance o in image i. The final BOP score reported
throughout this thesis is the mean of the three per-error AR values:

AR = 1
3

(
ARVSD +ARMSSD +ARMSPD

)
. (3.4)
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Chapter 4

Methodology

This chapter describes our pipeline for zero-shot 6DoF object pose estimation
using fused diffusion and discriminative visual features. The method operates
in two stages: an offline onboarding stage that precomputes 3D point descrip-
tors for each target object from its CAD model, and an online inference stage
that extracts query features, finds 3D-3D correspondences, and recovers the
object pose. Figure 4.1 provides an overview of the full pipeline.

Object detection and segmentation use CNOS [5] as a fixed front-end.
CNOS generates mask proposals via the Segment Anything Model [6] and
scores each proposal by comparing its DINOv2 CLS-token feature against
multi-view CAD renders of the target object. The highest-scoring mask defines
the query crop used for feature extraction.

4.1 Feature Extraction

We extract two feature representations from each image: diffusion features
from a pretrained Stable Diffusion U-Net, and discriminative features from
a pretrained DINOv2 model. The two feature types are complementary for
visual correspondence [3], which motivates their fusion.

Diffusion features. Following Tang et al. [2], we extract diffusion features
from each input image I ∈ RH×W×3. The image is first encoded into the Stable
Diffusion VAE latent space [24]:

z0 = E(I), (4.1)

where E denotes the VAE encoder and z0 ∈ Rh×w×4 is the clean latent with
h = H/8, w = W/8. Noise is added at a chosen timestep t via the forward

8



Figure 4.1: Overview of our zero-shot 6DoF pose estimation pipeline. Dur-
ing onboarding, diffusion and DINOv2 features are extracted from multi-view
CAD renders and aggregated into 3D point descriptors per object. At infer-
ence, query features are extracted from the detected object crop, fused with
the corresponding modality weights, and matched against the precomputed
object point descriptors via cosine nearest-neighbour search. The resulting
3D-3D correspondences are passed to Kabsch+RANSAC to recover the final
6DoF pose (R, t).

diffusion process:

zt =
√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I), (4.2)

where ᾱt is the cumulative noise schedule coefficient at timestep t. The noisy
latent zt is then passed through the denoising U-Net U conditioned on a null
text embedding c∅, and intermediate activations from selected decoder up-
blocks are extracted as feature maps:

Fℓ = ϕℓ

(
U(zt, t, c∅)

)
, ℓ ∈ L, (4.3)

where ϕℓ denotes the hook extracting activations from the last ResNet block
of decoder layer ℓ and L ⊆ {ℓ2, ℓ5, ℓ8, ℓ11} is the set of selected decoder layers.
Each feature map Fℓ ∈ Rhℓ×wℓ×Cℓ is bilinearly interpolated to a common
spatial resolution Hf × Wf and the resulting maps are concatenated along
the channel dimension to form the final diffusion feature map:

FDIFT =
[
↑Fℓ

]
ℓ∈L ∈ RHf×Wf×DDIFT , (4.4)

whereDDIFT =
∑

ℓ∈L Cℓ and [·] denotes channel-wise concatenation. To reduce
variance from the stochastic noise sampling, the process is repeated for K
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independent noise realizations and the resulting feature maps are averaged:

F̄DIFT =
1

K

K∑
k=1

F (k)
DIFT. (4.5)

DINOv2 features. DINOv2 features are extracted by passing the input
image through the pretrained DINOv2 ViT encoder [1]. The image is divided
into a regular grid of non-overlapping patches of size P × P pixels, yielding
Np = (H/P ) × (W/P ) patch tokens. The last-layer patch token embeddings
are used as the feature representation:

FDINO ∈ R(H/P )×(W/P )×DDINO , (4.6)

where DDINO is the hidden dimension of the ViT encoder.

4.2 Dimensionality Reduction via PCA

The raw diffusion and DINOv2 feature maps are high-dimensional. We apply
Principal Component Analysis (PCA) independently to each feature type to
reduce the dimensionality to a common size d. For each model, PCA is fitted
on the set of masked template patch features across all objects and views:

V∗ = PCA
(
{fi,j,p : maski,j,p = 1}

)
, (4.7)

where fi,j,p is the feature vector at patch p of view j of object i, and maski,j,p
indicates whether the patch lies within the object foreground. The projec-
tion matrix V∗ ∈ RD×d comprises the d eigenvectors corresponding to the
largest eigenvalues of the feature covariance matrix. At inference, features are
projected as:

f̂ = (f − µ)V∗, (4.8)

where µ is the mean computed during fitting. This projection is applied
identically to both template and query features.

4.3 3D Point Lifting

Template features are aggregated into 3D point descriptors on the object sur-
face, formulating pose estimation as a 3D-3D correspondence problem.

For each target object with CAD modelM, we render T views from camera
poses distributed uniformly on the viewing sphere using an icosphere tessel-

10



lation. Each view j ∈ {1, . . . , T} yields a rendered RGB image ISj , together
with the model-to-camera transformationTj ∈ SE(3) and the camera intrinsic
matrix KS.

A set of M surface points {xm}Mm=1 is sampled uniformly from the mesh
surface of M. For each template view j, we determine the subset of points
visible from that viewpoint by casting rays from the camera origin and checking
for self-occlusion via mesh intersection. Let Vj ⊆ {1, . . . ,M} denote the set
of visible point indices in view j.

For each visible point m ∈ Vj, its 3D position xm is projected into the
image plane of view j:

um,j = π
(
KS, Tj, xm

)
, (4.9)

where π denotes perspective projection. The feature vector at the (non-integer)
pixel location um,j is obtained by bilinear interpolation of the PCA-reduced
feature map:

fm,j = Interp
(
F̂j, um,j

)
∈ Rd, (4.10)

where F̂j is the PCA-projected feature map of template view j. The final 3D
point descriptor for point m is the mean of its per-view features, accumulated
over all views in which it is visible:

em =
1

|V(m)|
∑

j :m∈Vj

fm,j, (4.11)

where V(m) = {j : m ∈ Vj} is the set of views in which point m is visible.

4.4 Feature Fusion

Following Zhang et al. [3], we fuse diffusion and DINOv2 features at the level
of 3D point descriptors. Let eDIFT

m ∈ Rd and eDINO
m ∈ Rd denote the PCA-

reduced and aggregated point descriptors from the diffusion and DINOv2 mod-
els respectively. The fused descriptor is formed by normalizing each modality
independently and concatenating with a scalar weighting parameter α ∈ [0, 1]:

efusedm =

(
α

eDIFT
m

∥eDIFT
m ∥2

, (1−α)
eDINO
m

∥eDINO
m ∥2

)
∈ R2d. (4.12)

The same fusion is applied to query point descriptors at inference. The weight
α controls the relative contribution of each feature type and is treated as a
hyperparameter.
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4.5 Query Processing and Pose Estimation

At inference time, for each detected object instance the query image crop is
processed by both feature extractors to yield feature maps F̂DIFT

query and F̂DINO
query .

A set of query surface points is obtained by sampling N pixel locations from
within the object mask and back-projecting them into 3D using the depth
image and the known camera intrinsics:

yn = K−1

un

vn
1

 dn, (4.13)

where (un, vn) is the sampled pixel and dn its depth value in millimetres.
Feature vectors at each sampled location are obtained by bilinear interpolation
of each PCA-reduced feature map, fused following Equation 4.12 to yield query
point descriptors {qfused

n }Nn=1.
Correspondences between query points and object model points are estab-

lished by nearest-neighbour search in the fused descriptor space:

m̂(n) = argmin
m∈{1,...,M}

(
1− ⟨qfused

n , efusedm ⟩
)
, (4.14)

where ⟨·, ·⟩ denotes cosine similarity. The resulting 3D-3D correspondences
are passed to the Kabsch+RANSAC estimator from Section 3.1 to recover the
final object pose (R, t).
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Chapter 5

Results and Discussion

5.1 Experimental Setup

5.1.1 Datasets and Evaluation Protocol

We evaluate on all seven core datasets of the BOP benchmark [22, 23]: LM-
O [25], T-LESS [26], TUD-L [27], IC-BIN [28], ITODD [29], HB [30], and
YCB-V [31]. Each dataset provides RGB-D test images and 3D object models,
enabling zero-shot evaluation without any object-specific training.

The datasets vary across several axes relevant to appearance-based match-
ing. In terms of object type, T-LESS and ITODD contain industrial objects
(electrical and mechanical parts) with planar sides, sharp edges, and no sur-
face texture. LM-O, TUD-L, and HB contain household objects with mostly
uniform colours. IC-BIN and YCB-V contain objects with rich surface texture.
In terms of scene difficulty, LM-O scenes are highly cluttered with significant
inter-object occlusion. TUD-L contains a single object per scene but under
challenging illumination. IC-BIN contains multiple instances of the same ob-
ject per scene, introducing localization ambiguity. The remaining datasets
contain mildly occluded objects. This variation across texture and occlusion
conditions allows a broad assessment of where appearance-based features are
effective and where they are not.

All evaluations use the standard BOP test splits with object detections
provided by CNOS [5], following the established zero-shot evaluation proto-
col [23]. Performance is reported using the BOP Average Recall (AR) metric
described in Section 3.2. Due to computational constraints, ablation studies
are conducted on LM-O, YCB-V, and T-LESS, which together cover the key
axes of texture variation and occlusion level present in the full benchmark.
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5.1.2 Implementation Details

The pipeline follows Chapter 4. Diffusion features use Stable Diffusion v1.5 [24]
with all four decoder layers, timestep t = 50, ensemble size K = 4, and
512 × 512 inputs. DINOv2 uses the ViT-L/14 model with registers [1, 32] at
224×224 resolution. Both feature types are reduced to d = 256 by PCA fitted
on masked foreground template patches. CAD templates are rendered from
T = 162 viewpoints, and M = 5,000 surface points are sampled per object.
At inference, N = 1,000 query points are sampled from the CNOS mask and
back-projected using the depth image. Features are fused with α = 0.5 and
pose is recovered by Kabsch+RANSAC with 1,000 iterations and an inlier
threshold of 10% of the mean object diameter.

5.2 Main Results

Table 5.1 compares our method against state-of-the-art zero-shot pose estima-
tion methods on the seven core BOP datasets. We report BOP Average Recall
(AR) for each dataset for which results are available.

Table 5.1: Comparison with state-of-the-art zero-shot 6DoF pose estimation
methods on the seven core BOP datasets. AR (%) is reported per dataset.
✓ denotes training-free methods. Results for rows 1–7 are taken from the re-
spective published papers. Our method uses CNOS detections for all datasets.

Method
Train-
free

Input LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean AR

1 MegaPose [7] RGB 22.9 17.7 25.8 15.2 10.8 25.1 28.1 20.8
2 ZS6D [10] ✓ RGB 29.8 21.0 – – – – 32.4 -
3 GigaPose [8] RGB 29.9 27.3 30.2 23.1 18.8 34.8 29.0 27.6
4 FoundPose [12] ✓ RGB 39.7 33.8 46.9 23.9 20.4 50.8 45.2 37.3
5 SAM-6D [11] RGBD 57.0 38.2 69.8 41.5 41.4 66.9 73.2 55.4
6 FreeZe [13] ✓ RGBD 64.7 49.3 86.1 44.3 49.2 75.7 78.7 64.0
7 DZOP [4] ✓ RGB 32.8 26.7 – – – – 36.5 -

8 DINOv2 only ✓ RGBD 36.3 20.7 46.4 24.9 23.5 49.1 54.2 36.4
9 DIFT only ✓ RGBD 27.4 11.9 32.1 19.6 19.4 39.2 48.2 28.3
10 Fusion (ours) ✓ RGBD 42.3 23.1 54.9 31.1 27.6 61.3 62.7 43.2

The fusion method outperforms the DINOv2 baseline across all evaluated
datasets. Gains are largest on TUD-L and YCB-V (+8.5 AR), where ob-
jects are predominantly textured and occlusion is mild, and somewhat smaller
on LM-O (+6.0 AR), which includes textureless objects under heavy occlu-
sion. This is consistent with the finding of Zhang et al. [3] that diffusion
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Table 5.2: Effect of fusion weight α on Average Recall (%). α=0 is DINOv2
only; α=1 is DIFT only. Results with L = {ℓ2, ℓ5, ℓ8, ℓ11} and t=50.

α LM-O YCB-V T-LESS

0.0 (DINOv2 only) 36.3 54.2 20.7
0.1 37.2 56.1 21.3
0.2 37.5 57.9 23.6
0.3 39.6 59.3 24.2
0.4 42.1 62.6 22.8
0.5 42.3 62.7 23.1
0.6 38.6 59.7 19.7
0.7 34.4 55.2 16.5
0.8 30.8 51.5 13.6
0.9 27.7 49.3 13.2
1.0 (DIFT only) 27.4 48.2 11.9

and discriminative features are complementary, and suggests this holds in the
synthetic-to-real setting as well.

Among training-free methods, fusion outperforms FoundPose [12] on LM-
O (42.3 vs 39.7) and ZS6D [10] on both LM-O and YCB-V. Fusion also out-
performs DZOP [4] on LM-O and YCB-V, the most direct diffusion-feature
baseline, which uses diffusion features alone with 2D co-projection rather than
3D point lifting; however on T-LESS specifically, the fused pipeline also falls
below (23.1 vs. 26.7 AR). The method remains below FreeZe [13], which uses
specialized geometric descriptors with canonical alignment in addition to ap-
pearance features.

5.3 Ablation Study

We conduct ablations on three key hyperparameters of our pipeline: the fusion
weight α, the diffusion timestep t, and the set of U-Net decoder layers used for
feature extraction. All ablations are reported on LM-O, YCB-V, and T-LESS
with the default configuration (α=0.5, t=50, L = {ℓ2, ℓ5, ℓ8, ℓ11}) unless the
parameter under study is varied.

5.3.1 Fusion Weight

Table 5.2 reports AR as a function of the fusion weight α, where α=0 corre-
sponds to DINOv2 alone and α=1 to DIFT alone.
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Table 5.3: Effect of diffusion timestep t on Average Recall (%). Results with
α=0.5 and L = {ℓ2, ℓ5, ℓ8, ℓ11}.

t LM-O YCB-V T-LESS

0 43.7 61.3 20.4
50 42.3 62.7 23.1
100 40.7 62.6 22.3
150 39.5 62.7 22.3
200 39.7 62.5 22.1
250 39.3 61.9 21.7

Fusion outperforms both individual feature types across all datasets. The
optimal weight is α=0.5 on two out of three datasets, giving equal contribution
from both features. This matches the finding of Zhang et al. [3] in the real-to-
real setting. Gains over DINOv2 alone are +6.0 AR on LM-O, +8.5 AR on
YCB-V, and +2.4 AR on T-LESS. Performance decreases as α moves away
from 0.5 in either direction, which indicates that both feature types contribute
independently.

5.3.2 Diffusion Timestep

Table 5.3 reports AR as a function of the diffusion timestep t used for feature
extraction, with α=0.5 and all four layers fixed.

Lower timesteps give better performance. At t=0, no noise is added and
the U-Net operates on the clean image latent, giving the best result on LM-
O (43.7 AR) but slightly lower performance than t=50 on YCB-V and T-
LESS. We use t=50 as the default since it performs best overall. This differs
from Tang et al. [2], who find t=261 optimal for semantic correspondence.
For object-level synthetic-to-real matching, lower-noise features that retain
fine-grained local detail appear more useful than the coarser representations
produced at higher timesteps.

5.3.3 Layer Selection

Table 5.4 ablates the set of U-Net decoder up-blocks used for DIFT feature
extraction, with α=0.5 and t=50 fixed.

Using all four decoder layers gives the best performance across all three
datasets. Among individual layers, ℓ11 (finest spatial resolution at 64×64)
gives the highest single-layer result, consistent with the finding of Von Gim-
born et al. [4] that finer decoder layers are more useful for object-level pose
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Table 5.4: Effect of decoder layer selection on Average Recall (%). Results
with α=0.5 and t=50.

Layers LM-O YCB-V T-LESS

ℓ2 only 39.7 58.4 17.8
ℓ5 only 39.9 60.4 18.2
ℓ8 only 39.8 60.2 18.3
ℓ11 only 40.6 61.7 19.9

ℓ2, ℓ5 39.7 59.4 19.5
ℓ5, ℓ8 40.8 60.4 20.9
ℓ8, ℓ11 41.9 62.8 22.0

ℓ2, ℓ5, ℓ8 40.3 60.8 20.8
ℓ5, ℓ8, ℓ11 42.2 61.9 22.3
ℓ2, ℓ5, ℓ8, ℓ11 42.3 62.7 23.1

estimation. Among two-layer combinations, ℓ8 and ℓ11 perform best on YCB-V
and T-LESS.

5.4 Qualitative Feature Visualization

Figure 5.1 provides a qualitative comparison of the three feature types on five
YCB-V objects. For each object, we show: (col. 1) the RGB render; (col. 2)
PCA-projected DIFT features; (col. 3) PCA-projected DINOv2 features; and
(col. 4) PCA-projected fused features. Colours encode the top-3 PCA compo-
nents and are computed independently per object.

DIFT features (col. 2) produce spatially smooth colour fields that vary
gradually across broad surface regions. On the sugar box, the top, side, and
base are clearly separated; on the soup can, a smooth gradient runs from lid
to body. DINOv2 features (col. 3) show finer spatial variation: individual
limbs of the cat receive distinct colours, and the head, torso, and legs of the
minion figure are more clearly differentiated than in the DIFT map. The fused
features (col. 4) tend to resemble DINOv2 in local detail while preserving some
of the broader regional structure visible in the DIFT maps. On the rabbit
figure, the fused map shows richer colour variation across the limbs and body
compared to DIFT alone. This is broadly consistent with the quantitative
gains in Table 5.1, where fusion improves over both individual feature types.
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Figure 5.1: PCA visualization of RGB, DIFT, DINOv2, and fused per-point
embeddings respectively for representative YCB-V objects.
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Chapter 6

Conclusion

We investigated whether the complementarity between Stable Diffusion and
DINOv2 features established for real-to-real correspondence [3] extends to the
synthetic-to-real setting of zero-shot pose estimation. We built a training-free
pipeline that aggregates both feature types into 3D point descriptors from
multi-view CAD renders and fuses them via normalized concatenation. The
fused pipeline outperforms DINOv2 alone with gains of up to +8.5 AR on
YCB-V and TUD-L and +6.0 AR on LM-O, and outperforms DZOP [4] on LM-
O and YCB-V. The optimal fusion weight α=0.5 matches the equal weighting
found in the real-to-real setting. Ablations show that low timesteps (t≤50) and
all four decoder layers {ℓ2, ℓ5, ℓ8, ℓ11} are preferable for object-level matching.
This work is a preliminary study into the use of diffusion features for synthetic-
to-real pose estimation. The method uses RGB-D input but remains below
state-of-the-art RGB-D methods; further investigation is needed to close this
gap.

6.1 Limitations

The method relies entirely on appearance features. Textureless and rotation-
ally symmetric objects are not reliably handled, and the gap to FreeZe [13]
on T-LESS reflects this directly. The pipeline also does not include a pose
refinement stage, which limits absolute performance relative to full systems.

6.2 Future Work

Two directions are particularly promising. First, adding geometric descriptors
with canonical alignment such as GeDi [14] as a third feature stream would
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directly address the textureless object limitation without modifying the visual
feature pipeline.

Second, diffusion models define a natural probability distribution over poses
via the denoising process, and this structure has not yet been exploited for
pose refinement. One direction is to operate the denoising process directly in
SO(3) space: given a coarse pose estimate, a diffusion model conditioned on
the observed image could iteratively denoise a noisy pose sample toward the
true pose, analogous to how image diffusion models refine noisy latents. This
would give a principled, generative approach to pose refinement that does not
require task-specific discriminative training.
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