Learning 3D Scene Analogies with Neural Contextual Scene Maps

Supplementary Material

A. Method Details
A.1. Contextual Descriptor Fields

Network Architecture Contextual descriptor fields de-
scribed in Section 3.2 gather semantic and geometric in-
formation near query locations to summarize scene context
information. The contextual descriptor field consists of 6
transformer encoder layers [12, 44], and each encoder layer
contains multi-head attention models with 8 heads. For the
semantic embedding, we use a learnable embedding of size
32, and for the distance embedding, we use a multi-layer
perceptron (MLP) with a single hidden layer to produce an
embedding of size 32. In addition, the descriptor fields op-
erate on a lightweight scene presentation, where we sample
50 points per object in the scene point cloud using farthest
point sampling [14].

Training To train descriptor fields, we build a dataset
consisting of scene triplets for contrastive learning. For ob-
taining positive pairs, we replace each object in the source
scene with a randomly sampled object from another scene
sharing the same semantic labels. For negative pairs, we
add translation noise sampled from the uniform distribu-
tion U(—0.5,0.5) and z-axis rotation noise with rotation
angles sampled from U/(—90°,90°). In addition, we uni-
formly sample 20 grid points from each object bounding
box and an equal number of points sampled near the object
surface as query points for training. For each object pair,
we associate each grid point via nearest neighbor matching
and surface point via Hungarian matching [24]. Then, dur-
ing training, we minimize the contrastive learning objective
(Equation 2) using the Adam [22] optimizer with a learning
rate 10~* and query point batch size 4 for 10* epochs.

A.2. Affine Map Estimation

As explained in Section 3.3, we estimate large, global trans-
formations using affine maps. First, we combinatorially as-
sociate object pairs in scenes Sy and St to extract ini-
tial sets of affine maps. Namely, the set of affine maps is
created by associating Nomo uniformly sampled transforms
in SO(2) with translations between object pairs (g, Oref)
with centroids (C, Cref). This can be formally expressed
as follows, {(Aimh 1n1t)} = {( orthos — orthoctgt + Cref)}
where Tonno € SO(2). Here, we set Nouno by combinatori-
ally associating Ny = 4 uniformly sampled rotations with
Ny = 2 reflections along the x and y axes. From the ini-
tial set, we select K oarse affine maps with the smallest cost
specified in Equation 5.

Outlier Object Rejection Prior to gradient descent opti-
mization, we perform a simple filtering procedure to remove
outlier objects in the region of interest, i.e., objects that can-
not be matched to the reference scene. For each selected
affine map, we identify object instance matches between the
region of interest and the reference scene. To elaborate, we
create a distance matrix D € RMraXNeer where Npor and
Nger are number of object instances in the region of interest
and reference scene respectively. The (i, 7)™ entry of the
distance matrix is initially set as the point cloud centroid
distance between the i object in the region of interest after
affine map warping and the j" object in the reference scene.
We then assign infinity values to matrix entries where the
object semantic labels disagree. Finally, we perform Hun-
garian matching on D to find object instance matches, and
identify objects in the region of interest as outliers if the dis-
tance matrix value to the matched object is over a threshold
(which is set to 2.0 in all our experiments). After outlier
removal, we keep affine maps with the largest number of
inlier objects and optimize each affine map with gradient
descent.

A.3. Local Displacement Map Estimation

Given the estimated set of affine maps, our method finds lo-
cal displacement maps for fine-grained scene context align-
ments. To obtain local displacement maps, we first min-
imize Equation 6 with gradient descent, treating each lo-
cal displacement 6 € R? as an independent vector. Then,
we find the radial basis function weights w;, from Equa-
tion 4 to fit the optimized local displacements d,,. Here,
the basis functions are fit by minimizing the following equa-
tion [7, 45],

minz || du (%; Prot) — Gop|? (A1)
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where d, (x; Prot) = Y, wrd(||x — px||) is the local dis-
placement map. To ensure smooth maps are resilient to
noise from outliers, we incorporate a regularization term
(Equation A.2) with a weighting parameter \ set to 0.5.

dx iz, (A.2)

B. Additional Experimental Results

B.1. Comparison with Additional Baselines

We compare our method with additional baselines using vi-
sion foundation models. Recall in Section 4.1 we design



Metric | Bijectivity PCP | Chamfer Acc. 3D Point

. Ours
Threshold | 025 050 | 015 020 Feature Field
Multi-view Semantic Corresp. (DeiT Il [43]) 0.05  0.09 | 0.24  0.45 Chamfer Acc| 0.55 0.66
Multi-view Semantic Corresp. (MAE [18]) | 0.04 0.08 0.23 0.45
Visual Feature Field (DeiT |1l [43]) 031 034 | 058 067 o ; At
Visual Feature Field (VAE [15]) 00 o0%6 | 070 0.0 Table B.3. Quantltatlve_evaluatlon of 3D scene analogy estimation
ours 070 073 ] 071 076 in manually collected Sim2Real scene pairs from 3D-FRONT [16]

and ARKitScenes [6] We report the Chamfer Accuracy at thresh-
Table B.1. 3D scene analogy comparison in manually collected old 0.15.

scene pairs in 3D-FRONT [16]. We test baselines with additional

vision foundation model features (DeiT Il [43], MAE [18]).

Metric | Bijectivity PCP | Chamfer Acc.

Threshold ‘ 0.25 0.50 ‘ 0.15 0.20
Ours w/o Semantic Emb.  0.50 0.55 0.68 0.81
Ours w/o Distance Emb.  0.67 0.70 0.69 0.76
Ours 0.70 0.73 0.71 0.76

Table B.2. Ablation study of the semantic and distance embed-
dings on manually collected scene pairs from 3D-FRONT [16].
We report the metric values at varying thresholds.

the multi-view semantic correspondence [13, 29] and vi-

sual feature eld [49] baselines that exploit DINOv2 [29]

features for nding scene analogies. Here, we consider ad-

ditional baselines using different vision foundation models, _ o )

namely MAE [18] and DeiT IIl [43]. Table B.1 shows the Figure B.1. anlltatlve resunlts of scene anglog_n_es found from our
. . L method on object groups with varying cardinalities. We show re-

accuracies of predicted scene analogies in the manually coI-S ults bath for near-surface and open-space points.

lected scene pairs in 3D-FRONT [16]. Our method con-

stantly outperforms the newly added baselines, suggesting

the effectiveness of the learned descriptor eld features for

scene context reasoning. Chamfer Acc| 0.76  0.66 0.71

Cardinality \Identical Different Original

B.2. Ablation on Semantic and Distance Embed- Table B.4. Quantitative evaluation of 3D scene analogy estima-
dings tion in object groups with identical or different cardinalities. We

B ) . ] report the Chamfer Accuracy at threshold 0.15 for manually col-
We conduct an additional ablation on using semantic andjected scene pairs in 3D-FRONT [16]. Compared to the original

distance embeddings for scene analogy estimation. Re-metric reported in Table 1, our method shows consistent perfor-
call in Section 3.2 our context descriptor elds aggregate mance amidst object group cardinality variations.

semantics and distance information of keypoints near the

query point and produces semantic and distance embed-

dings' Table B.2 shows the scene map accuracy measureBOint Feature Field baseline in Chamfer accuracy at thresh-
from manually collected scenes in 3D-FRONT [16], where 0ld 0.15.

optimal performance is achieved when both are used as in- . .
pEt. Ompitting semantic embeddings results in a large per-B'4' Runtime Characteristics

formance drop, highlighting the importance of encoding We report the runtime for nding 3D scene analogies us-
nearby semantic information for effective scene analogy es-ing neural contextual scene maps. As our method operates
timation. using sparse keypoints, af ne and local displacement map

o ] ] estimation can quickly run on average 0.67s and 0.57s, re-
B.3. Quantitative Evaluation of Sim2Real Map Es-  gpectively.

timation
B.5. Robustness Evaluation on Object Groups with

We conduct a quantitative evaluation of Sim2Real map esti- . o
q P Different Cardinalities

mation using 102 manually collected Sim2Real scene pairs

from 3D-FRONT [16] and ARKitScenes [6]. We compare Due to the outlier rejection explained in Section A.2 and
our method against the 3D Point Feature Field baseline,Section 3.3, our method can robustly estimate scene analo-
which is the strongest performing baseline in Tables 1, 2. gies in scenarios where object group cardinalities differ. As
As shown in Table B.3, our method outperforms the 3D shown in Figure B.1, our method can estimate scene analo-



Metric PCK PCK PCK  PCK based methods (visual feature eld, 3D point feature eld),

(Points Sampled per Object) (50)  (100)  (200)  (400) while we skip the interpolation process as the output is al-
Scene Graph Matching 0.23 0.25 0.26 0.26 ready a continuous map.

Multi-view Semantic Corresp. 0.09 0.09 0.10 0.10 . .

Visual Feature Field 0.44 048 0.49 0.50 As shown in Flggres B.2 and B.3, our me_thoq can accu-
3D Point Feature Field 0.50 0.54 0.55 0.56 rately place waypoints to the coherent location in the refer-
Ours 0.68 0.73 0.75 0.76 ence scene, resulting in long trajectory transfers respecting

scene context. For example, our method can preserve the
Table B.5. Quantitative comparison of scene analogies in the pro-|oop structure inScene 4 or the ribbon-like structure in
cedurally generated scene pairs from 3D-FRONT [16]. We mea- gcane 5 while placing all the waypoints at contextually
sure percentage of correct points (PCP) at threshold 0.25 usingginyjjar |ocations. On the other hand, the baselines often
‘éary'ng number of points samples from the region of iNteResl  ¢;1 1 harform appropriate waypoint transfer, resulting in
ompared to the PCK metric measured with 400 points sampled . . .
per object (which is mainly used for the experiments), our method penetrations or mlsplacements of the .tran\.%ferred trajectory.
performs stably amidst varying number of point samples. Based on the descriptor eld that distinguishes contextual
information from geometry and semantics, our method can
effectively handle waypoint transfers in various scenes.
gies for cases when (i) the Rol includes objects not present ] ] ) ]
in the reference scene (Figure B.1 top) and (ii) the referenceB-8. Trajectory Transfer Using Multiple Regions of

scene includes objects not present in the target scene (Fig- Interest

ure B.1 bottom). We furthgr report the accuracy of t.he ?Sti' In this section we demonstrate the possibility of using our
mated maps for scene pairs with object groups having iden-method for transferring trajectories by using multiple re-
tical / different cardln_ahtles in Table B.4, where our method gions of interest. For long trajectories where a single scene
performs constantly in both cases. analogy may be dif cult to nd, our method can instead
transfer a sparse set of waypoints and use classical path
planning [17] for interpolation. Given a target scene seg-
mented into multiple Rols as shown in Figure B.4, we set
As speci ed in Section C.4, we sample 400 points per each waypoints as sampled points in the input trajectory within
object in the Rol for estimating and evaluating scene analo-each Rol. Note such coarse segmentations can be performed
gies. In this section we evaluate map estimation perfor- using scene graph clustering [21, 23] or vision language
mance with respect to the number of Rol points. As shown models [1, 10, 25].

in Table B.5, our method constantly outperforms the base-  We then nd scene analogies fotultipleRols and holis-
lines under Rol point variations. By holistically aligning tically align them. To account for symmetry ambiguities
descriptor elds using smooth maps, our method can attain (e.g., table + 4 chair Rol in Figure B.4), for each Rol we
robustness against individual point locations or point sam- have our method to output the top-5 maps with the smallest
pline rates and exhibit consistent performance. cost (Equation 6), which results tombinationsof scene
maps. Note we still apply the validity thresholgq ex-
plained in Section 3.3 to lter invalid mappings, which re-
In Figure B.2 and Figure B.3 we compare our method sults in a relatively small number of mappings per Rol.
against the baselines in long trajectory transfer explainedGiven a scene witiNro number of Rols, this procedure
in Section 4.2. Recall to prevent collisions from directly results in at moss" = possiblecombinationsf mappings.
applying scene maps on long trajectories, we proposed se- Next, we choose the optimal combination via a sim-
lectively mapping waypoints and interpolating the trans- ple criterion based on isometry preservation [4, 30]. Here
ferred waypoints via classical path planning (in our case thewe take inspiration from prior works in 3D surface map-
A* algorithm [17]). Note the scene maps are obtained by ping [4, 30] that often impose isometry constraints such that
setting the objects near the waypoints as the region of in-the local geometric structure is preserved under non-rigid
terest. For baselines that only output object surface pointdeformations. To elaborate, [Btyng 2 RN= 3 be a set of
matches (scene graph matching, multi-view semantic cor-randomly sampled points from the multiple regions of in-
respondence), we interpolate object surface matches fromterest, and the distance matfixang 2 RN Nrand whose

the baselines to open space using thin plate spline interpo<i;j )" entry contains the euclidean distance betweem‘the
lation [7, 45] and nd waypoint transfers. For cases where andj " points. Similarly, for an arbitrary map combina-
the A* algorithm fails to nd a path due to inaccurate way- tion, letPyansiormbe the transformation result 85,4 under
point transfer, we directly use the interpolated map to trans-the map combination afdanstormthe distance matrix. The
fer short trajectory fragments formed from the failed set of isometry cost is then de ned as the Frobenius norm between
waypoints. A similar approach is taken for eld alignment- the distance matrices, namd ;ang D transfornkr - We aim

B.6. Performance Analysis with Respect to the
Number of Rol Points

B.7. Long Trajectory Transfer Comparison



Figure B.2. Long trajectory transfer comparison against the scene graph matching and multi-view semantic correspondence baselines in
3D-FRONT [16].

to nd the combination with a small isometry cost, where quite simple, we nd this method to work well for scenes
we employ a simple greedy approach. Given a randomly with a moderate number of Rol segmenti( < 5).

initifilized c_ombination, we sequentially update the map as- Finally, we transfer each waypoint using the mapping
sociated with each Rol to the one that produces a smallefiqnq for the associated Rol, and interpolate between the
isometry cost among the top-5 (or lower due to Itering) es- yransferred waypoints using classical path planning [17]. As
timated maps. This process is repeated for a xed numberghown in Figure B.4, the proposed method can align multi-
of iterations, and we use the nal map combination to pro- pje scene analogies and produce a coherent long trajectory
duce long trajectory transfers. While the search process isyansfer spanning over the entire 3D scene. Nevertheless,






	Method Details
	Contextual Descriptor Fields
	Affine Map Estimation
	Local Displacement Map Estimation

	Additional Experimental Results
	Comparison with Additional Baselines
	Ablation on Semantic and Distance Embeddings
	Quantitative Evaluation of Sim2Real Map Estimation
	Runtime Characteristics
	Robustness Evaluation on Object Groups with Different Cardinalities
	Performance Analysis with Respect to the Number of RoI Points
	Long Trajectory Transfer Comparison
	Trajectory Transfer Using Multiple Regions of Interest

	Experimental Setup Details
	Baselines
	Foundation Model Features for Ablation Study
	Scene Pair Preparation for Evaluation
	Evaluation Metric Details

	Limitations and Future Work
	Additional Qualitative Results

