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modifying its node embeddings. Specifically, we:

¢ Increase the PointNet-based downsampling from 512 to
1024 points per object.

* Replace standard graph attention network (GAT) node
embeddings with sentence encodings of object descrip-
tions using SBERT.

¢ Introduce Hypergraph Attention Network (HGN) embed-
dings, where each hyperedge embedding is computed as
the mean of its associated node embeddings.

We perform node alignment on the root nodes only, due to

the large number of nodes. An example of object match-

ing between two scenes can be seen in the supplementary
material. While we focus on alignment in this work, the
same object-level embeddings can support a broader range
of downstream tasks, including visual and text-based local-
ization (e.g. SceneGraphLoc [13] or "Where Am 1?7 [5]).

Generating Sub-Scenes for Alignment. Note that while
our method for scene graph generation is entirely training-
free, SGAligner requires supervised training on pairs of
scenes with spatial overlap. We synthetically create sub-
scenes from the large LaMAR scenes (i.e. our generated
scene graphs) to generate training data. We sample a point
uniformly at random from a sphere in the center of the scene
and construct a plane going through that point of origin. The
orientation of the plane is also randomly sampled, whilst
ensuring, keeping the vertical anlge of the plane within a
threshold. All objects on one side of the plane are dis-
carded. If an object is intersected by the plane, only the
portion on one side is retained. Edges between objects are
preserved only if both objects remain in the sub-scene, and
hyperedges are retained if at least one of their objects is in-
cluded. The process is repeated twice to generate a pair of
sub-scenes with certain overlap, where overlap percentage
refers to the ratio of shared points between two sub-scene
point clouds relative to the total number of points in their
union. A histogram on overlap can be seen in Fig. 7.

To evaluate generalization, we train on one scene (e.g.,
LIN) and test node alignment on the other two (HGE and
CAB). Each dataset split consists of 1000 training pairs, 200
validation pairs, and 250 test pairs per scene. We also ana-
lyze the impact of different modalities during training.

Following the evaluation protocol of SGAligner, we
measure object retrieval recall to assess whether objects can
be correctly matched to their corresponding pairs among
all objects in the environment. We report recall at K €
{1,2,3,4,5}, where, for example, K = 5 measures how
often the correct object appears among the top five predic-
tions of the SGAligner model trained on our scenes.

Evaluation Results. Table 1a presents the retrieval recall
when training on scene LIN and testing on CAB and HGE.
The first column specifies the modalities used during train-
ing: point cloud (P), structure (S), hyperedge (7{), and at-
tributes (A). Across all modality combinations, the recall

Mean

Modalities RR 1 Hits @71
K=1 K=2 K=3 K=4 K=5
P 0.963 | 0.955 0.961 0.967 0.969 0.972

P+S 0.939 | 0.931 0936 0942 0945 0.948
P+H 0.967 | 0959 0966 0971 0.973 0.975
P+S+H | 0943 | 0932 0941 0949 0.952 0.956
H+ A 0.996 | 0.994 0.997 0.998 0.998 0.998

(a) Trained on LIN.
.. Mean .
Modalities RR 1 Hits @71
K=1 K=2 K=3 K=4 K=5
P 0.944 | 0931 0.941 095 0.954 0.959

P+S 0.865 | 0.845 0.862 0.873 0.88 0.885
P+H 0938 | 092 094 0951 0.957 0.962
P+S+7H | 0855|0832 0.849 0.863 0.873 0.882
H+ A 0.941 | 0929 0.939 0947 0951 0.954

(b) Trained on CAB.
.. Mean .
Modalities RR 1 Hits @71
K=1 K=2 K=3 K=4 K=5
P 0.942 | 0.93 094 0948 0953 0.958

P+S 0.892 | 0.879 0.887 0.896 09  0.904
P+H 0944 | 0933 0942 095 0955 0.959
P+S+7H | 089 | 0884 0.892 0.9 0904 0.908
H+ A 0971 | 0963 097 0976 0979 0.982

(c) Trained on HGE.

Table 1. Evaluation of Node Matching Across Different Train-
ing Scenes. Each subtable shows the performance when trained
on a specific scene and evaluated on the two remaining ones. The
reported scores represent the average retrieval performance across
both testing scenes.

rate approaches 100%, demonstrating the informativeness
of the constructed 3D scene graphs. In all cases, the mean
retrieval recall (RR) exceeds 93%, highlighting the robust-
ness of our method.

Similar trends are observed in Tables 1b and Ic, con-
firming the consistency of the generated scene graphs across
different environments. These results demonstrate the suit-
ability of our hierarchical scene graph representation for ac-
curate object retrieval and scene alignment.

We also present a summary of the mean reciprocal ranks
over all model types when the model is trained on one

Train \ Test | CAB HGE LIN
CAB — 0.933 0.884
HGE 0.951 — 0.907
LIN 0.961 0.962 —

Table 2. Mean Reciprocal Rank. Comparison of matching per-
formance across different training and testing scene combinations,
averaged over all models.



LIN CAB HGE
Method RRE] RTE]  Time(s) | RRE] RTE]  Time(s) | RREJ RTE]  Time (5)
Baseline 32.049 20727  41.995 31.283 14453 14.794 30.037 14.14 2.644
SGAligner + FPFH 0.279 2.241 8.283 1.552 9.384 0.879 2516 5.981
SGAligner + GeoTr.* || 7.448¢-05 5.864e-05 85.245 || 5.196e-05 2.712e-05 57.989 | 9.414e-05 4.636e-05  30.683

Table 3. Results of point cloud registration. Mean relative rotation error (RRE; in degrees), mean relative translation error (RTE; in
meters), and average runtime (in seconds) for the baseline method (FPFH features [20] on the entire scene) and SGAligner [21] (using
FPFH and GeoTransformer [17] matches) trained on the proposed outdoor 3D scene graphs of the three test scenes. * Out of the 1500

scenes, the official code of GeoTransformer crashed on 53.

dataset and tested on another in Table 2. While minor varia-
tions exist, all training and testing combinations yield stable
results, demonstrating the robustness of our method across
a diverse range of scenes.

4.3. Point Cloud Matching for Scene Alignment

We perform 3D point cloud matching using a baseline
method as well as our prefiltering strategy, which leverages
object-to-object matching to refine alignment. We evaluate
the following three approaches:

e Direct point cloud matching and registration using
Open3D’s fast global registration algorithm [30], based
on FPFH features [20].

* Independent point cloud registration applied to retrieved
object-to-object matches using the same FPFH-based
method [20]. The final transformation is estimated from
all these object point correspondences by RANSAC.

* Independent point cloud registration on the retrieved
object-to-object matches using GeoTransformer [17].
The final transformation is estimated from all these ob-
ject point correspondences by RANSAC.

For the direct point cloud method we downsample each sub-

scene to 30,000 points using a voxel size of 0.6 meters to

ensure computational efficiency, given the large scene sizes.

We do not apply GeoTransformer to match the entire scene

directly, as done in SGAligner, since it fails entirely on these

large outdoor environments due to scalability issues.

Metrics. We evaluate alignment accuracy using the mean
relative rotation error (RRE, in degrees) and mean relative
translation error (RTE, in meters). Additionally, we report
the average runtime in seconds for each method.

Results. Table 3 presents the results of point cloud registra-
tion for each method and each scene. We train the model on
each scene and test on the two others. For each test scene,
we average the results we achieved when training on the
other two scenes and report it in the table. The baseline
method, which applies FPFH features to the entire scene,
performs significantly worse than the other approaches, re-
sulting in orders-of-magnitude higher RRE and RTE.

In contrast, integrating SGAligner with the proposed
scene graphs leads to substantial improvements, even when
using standard FPFH features on object-to-object matches.

When leveraging object matches estimated by SGAligner
with GeoTransformer, we achieve near-perfect alignment,
with both translation and rotation errors in the 10~° range.
These results highlight the effectiveness of scene graphs
for improving outdoor scene alignment. Across all cases,
the baseline method struggles to achieve accurate align-
ment, whereas SGAligner, when combined with the pro-
posed scene graphs, consistently improves performance us-
ing both FPFH and GeoTransformer correspondences.
Additionally, Fig. 7 shows that SGAligner with FPFH
achieves low RTE at minimal overlap, with error dropping
quickly, unlike the slower decline seen in traditional FPFH.

Figure 7. Sub-Scene Overlap Analysis. Distribution of sub-scene
overlap percentage and according test scores for LIN.

5. Conclusion

We presented a method for generating hierarchical 3D scene
graphs from large-scale outdoor environments using posed
images and 3D reconstructions. Our approach systemati-
cally extracts and organizes objects into structured hierar-
chies, capturing relationships from entire buildings to their
subcomponents, such as facades and windows. By lever-
aging geometric and semantic relationships, we ensure spa-
tial consistency and meaningful scene representation. Ex-
perimental results on the LaMAR dataset demonstrate the
robustness and informativeness of our scene graphs in the
downstream application of cross-modal 3D scene align-
ment. Our method provides a scalable framework for struc-
tured outdoor 3D scene understanding, with applications in
robotic navigation, AR localization, and large-scale map-
ping. The code and scene graphs are available at GitHub.
Acknowledgement. The work has been supported by the ETH Zurich
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