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Abstract

Modern 3D semantic scene graph estimation methods
utilize ground truth 3D annotations to accurately predict
target objects, predicates, and relationships. In the absence
of given 3D ground truth representations, we explore lever-
aging only multi-view RGB images to tackle this task. To at-
tain robust features for accurate scene graph estimation, we
must overcome the noisy reconstructed pseudo point-based
geometry from predicted depth maps and reduce the amount
of background noise present in multi-view image features.
The key is to enrich node and edge features with accu-
rate semantic and spatial information and through neigh-
boring relations. We obtain semantic masks to guide fea-
ture aggregation to filter background features and design
a novel method to incorporate neighboring node informa-
tion to aid robustness of our scene graph estimates. Fur-
thermore, we leverage on explicit statistical priors calcu-
lated from the training summary statistics to refine node
and edge predictions based on their one-hop neighborhood.
Our experiments show that our method outperforms current
methods purely using multi-view images as the initial in-
put. Our project page is available at https://qixun1.
github.io/projects/SCRSSG.

1. Introduction

The semantic scene graph (SSG) is a crucial intermediate
representation that enhances higher-level scene understand-
ing. It plays a key role in tasks such as image captioning
[17, 34, 37], image retrieval [13, 22, 23, 38], image editing
[3, 5, 43], and medical applications [7, 12, 15, 20, 39] by
capturing both semantic and, more importantly, relational
information between objects and their surroundings. Ini-
tially developed for 2D images, SSG has since expanded to
the 3D domain [6, 9, 19]. 3D scene graphs provide a high-
level representation of an entire 3D scene using inputs such
as multi-view RGB images or LiDAR point clouds. Un-
like their 2D counterparts, they incorporate spatial relation-
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Figure 1. Existing multi-view RGB methods aggregate features
using bounding boxes, introducing background noise that hinders
accuracy. We use pretrained segmentation masks reduce this inter-
ference and thus improving prediction accuracy.

ships that extend beyond the visible image plane, allowing
a holistic understanding of complex environments.

Many approaches [1, 28, 29] rely on ground-truth 3D
LiDAR point clouds as input. However, LiDAR sensors
are resource-intensive and lack inherent semantic richness.
Recent works [31, 32] have shifted toward using semanti-
cally rich multi-view RGB images, which offer a balance
between computational efficiency and improved semantic
fidelity. Although point cloud-based methods remain valu-
able for capturing geometric information, our approach fo-
cuses on leveraging multi-view RGB images. By incor-
porating pretrained depth estimators, we generate pseudo
point-based geometry to estimate the 3D semantic scene
graph, reducing reliance on LiDAR while preserving spa-
tial and structural details.

A key challenge in using only multi-view RGB images
is ensuring that node features remain free from distractors.
As shown in Fig. 1, prior approaches that rely on entity
detectors to extract 2D bounding box proposals or regions
of interest often fail to guarantee robustness since distrac-
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tors within the bounding box are often mistakenly aggre-
gated. Ensuring robust initial multi-view features is cru-
cial without ground truth point-based geometry for error
correction. No explicit mechanism exists to correct incor-
rectly bounded objects or misclassified rare classes that are
not well trained on the model. To alleviate this problem,
a mechanism should exist to refine estimates using prior
knowledge instead of depending solely on implicit interac-
tions between nodes and edges to achieve confident and ac-
curate predictions.

In this paper, we propose a framework to enhance the
robustness of the model. First, we introduce a masked
feature initialization (MFI), which leverages segmentation
masks to aggregate image features instead of relying on the
bounding box proposals. This reduces background noise,
which results in cleaner multi-view image features. Next,
we design a robust residual spatial neighbor graph neu-
ral network (RSN-GNN) to encode spatial information into
node features. This network filters highly activated regions
from neighboring nodes, refining target node features for
improved predicate estimation. Finally, we propose a con-
fidence rescoring (CR) module, which refines object and
predicate estimates using an inverse softmax-weighted con-
tribution of neighboring node-to-node and node-to-edge co-
occurrence counts. By integrating this explicit inductive
bias, our approach improves the accuracy of the prediction,
particularly in low-confidence scenarios. Extensive experi-
mental results on the benchmark 3RScan dataset show the
competitiveness of our proposed approach compared to ex-
isting 2D and 3D approaches.
Our main contributions can be summarized as follows:

• We introduce a masked feature initialization to enhance
the robustness of node features by reducing background
distractors, yielding cleaner multi-view image features.

• We design a novel GCN architecture that integrates
highly activated neighboring features into the target
node to increase the robustness of the edge features.

• We propose a new refinement module to explicitly refine
predictions based on statistical prior knowledge.

• Experiments show that we outperform previous state-of-
the-art approaches on the 3RScan dataset, particularly
on metrics that deal with low-tail imbalanced classes.

2. Related Work
2D Semantic Scene Graph. 2D semantic scene graph pre-
diction is typically categorized into two-step and one-step
approaches. The two-step approach first detects objects and
then classifies their relationships [2, 4, 35, 40]. In contrast,
the one-step approach jointly infers object and relationship
classes [33]. Xu et al. [33] pioneers the problem of scene
graph generation and they tried to solve this problem via
iterative message passing. Baier et al. [2] first showed

how semantic models can be improved by incorporating
triplet frequencies. Zellers et al. [40] analyzes the use-
fulness of statistical co-occurrences for the Visual Genome
dataset and concluded that such statistical priors serves as
strong regularization for the task. Chen et al. [4] formal-
izes the first approach (KERN) to incorporate the statisti-
cal prior directly into graph neural networks. Sharifzadeh
et. al. proposes Schemata to assimilate image-based rela-
tional prior knowledge into the representations within the
neural network [24]. Compared to previous methods, our
method combines predictions from the prediction head with
statistical co-occurrence of the current node and neighbors
to determine the final class using a confidence score. Unlike
Sonogashira et. al. [25] which uses hard thresholding , our
approach uses adaptive relationship and node refinements.

3D Semantic Scene Graph. Methods for generating a 3D
semantic scene graph can be categorized into two types
based on input data. The first relies on 3D inputs such
as ground-truth 3D geometry to learn contextual informa-
tion [28, 30, 41]. The second relies on multi-view RGB
images with some methods incorporating depth informa-
tion [31] while others do not [32]. Our approach follows
the latter, leveraging the estimated depth from off-the-shelf
depth estimators [36] to enhance the information provided
by multi-view RGB images. Wald et al. [28] first proposed
3RScan: a richly annotated 3D scene graph dataset and a
method that focuses on pairwise relationships to predict the
3D scene graphs. Wu et al. [31] uses SLAM to obtain
dense point representations and a novel graph convolutional
network (GCN) based aggregation function to enhance 3D
scene graph prediction. Zhang et al. [41] proposes an edge-
oriented GCN to incorporate multi-dimensional edge fea-
tures for explicit inter-node relationship modeling. Zhang
et al. [42] integrates prior commonsense knowledge by
learning meta-embeddings only from the class labels with
their graphical structures to avoid perceptual errors. Wang
et al. [30] incorporated additional information by distilling
knowledge learned by the multi-modal oracle model to the
3D model. Wu et al. [32] introduces a novel entity associa-
tion method to obtain the 3D entities from the predicted 2D
entities and a geometric gate to incorporate geometric infor-
mation to multi-view image features. Feng et al. [8] uses
ConceptNet external knowledge base to accumulate both
contextualized visual content and textual facts to form a 3D
spatial multimodal knowledge graph. Our method leverages
on the explicit statistical priors similar to 2D scene graph
method KERN and Schemata while guiding low confidence
predictions made by the initial node and edge predictors us-
ing both visual and geometric cues.
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Figure 2. The architecture of our proposed framework consists of three main components: 1) A masked feature initialization step leverages
backprojected semantic masks to aggregate multi-view image, geometric, and spatial features. 2) A message passing step utilizes our
residual spatial neighbor GNN module to refine node and edge features through feature interaction. 3) A confidence rescoring step adjusts
logits based on summary statistics of object and predicate co-occurrence from the training dataset.

3. Our Methodology
Problem Definition. Given either a set of 3D point clouds
P or multi-view RGB images I of a 3D scene as input, the
goal is to estimate the 3D scene graph denoted as:

G = (O,R), (1)

where
• N : Number of multi-view input images;
• O = {om}Mm=1: All objects in the scene;
• R = {rk→m}M,M

m,k=1: Relationships between all objects;
• M = |O|: Number of objects in the scene.

Furthermore, we refer to om as the object class for node in-
stancem, rk→m as the predicate class for the edge connect-
ing nodes k and m. Alternatively, the 3D scene graph can
be defined as a set of triplets given by: {ok, rk→m, om} :=
{node,predicate,node}.

Overview. Fig. 2 shows an illustration of the architecture of
our proposed framework. The input to our framework is a
set of N multi-view RGB images {Ii}Ni=1 of the 3D scene.
Since the focus of our work is not on multi-view 3D recon-
struction, we recover the 3D point cloud of the scene by run-
ning an off-the-shelf RGB-D SLAM system [26] with the
metric depth maps of the input images {D̂i}Ni=1 obtained
from the pretrained Depth Anything [36] model.

From the predicted 3D point cloud, we initialize multi-
view image features using segmentation masks, extract ge-
ometric features with a point-based feature extractor, and
derive spatial features via a linear layer. These multi-view
image features serve as the initial input to our RSN-GNN
module. At the GCN initialization, we enhance node fea-
tures by integrating geometric and spatial features through
geometric and spatial gates. We additionally enhance edge
features by integrating max pooled neighboring nodes fea-
tures. These enhanced node and edge features undergo mes-
sage passing, with the integration process repeating at each

layer. After k iterations, the final node and edge features are
processed by predictors to generate initial estimates, which
are then refined using precomputed co-occurrence statistics
via our CR module, producing the final scene graph output.

We elaborate on the feature initialization step in Sec. 3.1,
the message passing step in Sec. 3.2, and the confidence
rescoring step in Sec. 3.3.

3.1. Masked Feature Initialization (MFI)
We initialize the node features of the scene graph by com-
bining multi-view image representations from a pretrained
image encoder with PointNet features derived from the pre-
dicted points in the RGB-D SLAM reconstruction step that
utilizes predicted depth. To eliminate background clutter,
we employ the Segment Anything Model (SAM) [14] to
produce precise 2D semantic masks for each object. For
each node, we backproject the associated points onto the
2D instance mask to identify its corresponding region. We
then generate object proposals from these instance masks,
resize them to 224 × 224, and extract their multi-view im-
age features using the pretrained encoder. Finally, we apply
these semantic masks to the multi-view image features be-
fore aggregating them into our node representations.

Our method to get the object proposals, i.e. the nodes
of the scene graph offers two key advantages over rely-
ing solely on the entity detector from SceneGraphFusion
and JointSSG [31, 32]. First, the entity detector often cap-
tures only part of an object. Although SceneGraphFusion
propagates the label for this segment, the feature extractor
can operate only on the detected portion. In contrast, our
method employs more complete object masks, enabling the
feature extractor to derive features from the entire object.
Second, we exclude extraneous background features by ap-
plying these masks before feature aggregation. In Scene-
GraphFusion and JointSSG, the bounding boxes of the pre-
trained entity detector frequently include background re-
gions, which can dilute the quality of the features and hinder
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the performance. Our method is closer to the open vocab-
ulary method ConceptGraphs [10] which uses SAM masks
but with the aggregation method provided by JointSSG.

Formally, we compute a corresponding multi-view im-
age feature vi,img , a geometric feature vi,geo, and a spa-
tial feature vi,spat for each node vi. We aggregate features
only for nodes that are visible in the covisibility graph1

Gv denoted by 1(vi ∈ Ik) and have corresponding pixels
within the semantic mask provided by SAM. The aggre-
gated multi-view image feature vi,img is given by:

v0
i =

∑N
k=1 1(vi ∈ Ik)f(ηk ⊙ xi,k)

|k ∈ Gv|
, (2)

which also serves as the initial node feature. f(·) is the im-
age feature encoder and ηk refers to the 2D semantic mask.
xi,k refers to the cropped image patch containing the node i
from the k-th image. ⊙ refers to the element-wise multipli-
cation operator. The aggregation is the arithmetic mean of
the node features for each image in the covisibility graph.

The geometric feature vi,geo is extracted using a vanilla
PointNet [21], with inputs derived from the 3D instance
masks generated during the RGB-D SLAM step. For the
spatial features, we employ a simple linear layer to trans-
form the attributes of each 3D bounding box: dimensions
bi, volume si, length li, and the ratio of its x- and y-axes ri
into the spatial feature as:

vi,spat = gs([bi, si, li, ri]), (3)

where gs refers to a set of learnable weights for spatial fea-
tures. [·] refers to the concatenation of the inputs within the
operator.

3.2. Residual Spatial Neighbor GNN Module
Following a similar design to the learnable geometric gate
in JointSSG [32], we integrate both geometric and spatial
features into the initial node feature, which originally con-
sists only of multi-view image features. The spatial features
serve as additional information for individual nodes, analo-
gous to the embeddings used for token encoding in Trans-
former architectures [27]. We define the geometric gate as:

v̂l
i = vl

i + σ(wT
g [v

l
i,vi,geo]) · σ(vi,geo), (4)

where wg refers to a set of learnable weights, σ refers to
the sigmoid operator and l refers to the layer of the node
feature. Furthermore, we define the spatial gate as:

v̈l
i = v̂l

i + σ(wT
s [v̂

l
i,vi,spat]) · σ(vi,spat), (5)

where ws is a set of learnable weights for spatial features.
1The covisibility graph is obtained as intermediate output after running

the RGB-D SLAM system. It refers to a bipartite graph where each image
Ikis connected with the specific node instance vi.

Inspired by the residual connections in ResNet [11],
we introduce a mechanism to integrate highly activated
neighboring features into the target node feature using max
pooling during the message-passing process for edge fea-
tures. This approach implicitly encodes neighboring infor-
mation, improving edge prediction for scene graph estima-
tion. Specifically, we augment the edge messages in the
GCN by integrating max-pooled neighboring features be-
fore message passing as follows:

ṽl
i = v̈l

i +max([v̈l
j ]j∈n(i)), (6)

where max(·) refers to the max pooling operator and n(i)
refers to the neighboring nodes of node i. Max pooling al-
lows highly activated regions in the different neighboring
node features to be fused into the target node feature via the
residual connection.

We apply max-pooled neighboring features to the calcu-
lation of edge messages without using them in node mes-
sage updates. Since node features are highly susceptible
to noise and spurious correlations from other nodes [16],
incorporating max-pooled neighboring features into node
message computations can introduce confusion instead of
improving performance. The edge message mi→j is thus
defined as:

mi→j = ge([ṽ
l
i, e

l
ij , ṽ

l
j ]), (7)

where ge(·) is an MLP and elij is the edge descriptor used
in [32] containing relative node properties such as centroid
displacement, relative bounding box size difference, and a
relative pose descriptor.

3.3. Confidence Rescoring (CR) Module
As discussed in Sec. 1, modern scene graph methods de-
pend heavily on the entity detector and image feature ex-
tractor to produce an accurate initial object prediction.
However, there is no mechanism to correct a target bound-
ing box prediction that is initially wrong. To address
this limitation, we leverage relationships with neighboring
nodes, allowing us to mitigate the impact of incorrect initial
predictions by upweighting contributions from neighboring
node statistics to refine target object classification. Fig. 3
illustrates the logits of the final prediction after applying
our confidence rescoring module. This module incorporates
prior knowledge to improve prediction confidence beyond
that of the original node and edge multi-layer perceptron
(MLP) predictor.

The probability of predicting node i given its neighbor-
ing nodes n(i) is approximated by the output of our node
predictor hv(·) as:

P (oi | {oj : j ∈ n(i)}) = 1

Zi
ψi(oi)

∏
j∈n(i)

ψij(oi, oj)

≈ τ(hv(v
L)),

(8)
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where ψi(oi) refers to the potential associated with node
i and ψij(oi, oj) refers to the potential associated with the
edge between node i and its neighbor node j. The poten-
tials are implicitly learned through the GCN unlike classi-
cal methods, which explicitly learn these potentials. hv(·)
is a small MLP that predicts the class of each node and τ
refers to the softmax operator. L refers to the last layer of
the GCN message passing output. The partition function
given by:

Zi =
∑
oi

ψi(oi)
∏

j∈n(i)

ψij(oi, oj) (9)

ensures the probabilities sum to 1. A similar equation can
be obtained for the probability of predicting edge ij given
its neighboring nodes i and j, i.e.:

P (ri→j | oi, oj) =
1

Zij
ψij(oi, oj , ri→j)

≈ τ(he(e
L)),

(10)

where he(·) is a small MLP which predicts the class of each
edge, and the partition function to normalize the probabili-
ties is given by:

Zij =
∑
ri→j

ψij(oi, oj , ri→j). (11)

We begin by computing summary statistics from the train-
ing dataset to node-to-node co-occurrences denoted as
cij(oi, oj), and node-to-edge co-occurrences denoted as
dij(oi, ej). Subsequently, we determine the prediction con-
fidence of the model, where αv represents node confidence
and αe represents edge confidence. Next, we obtain the
node αv and edge αe confidences as:

αv = max
v

τ(hv(v
L)), αe = max

e
τ(he(e

L)). (12)

We first estimate the marginal probability of a specific in-
stantiation of node i, conditioned on node j using node-
to-node co-occurrences, and on edge ij using node-to-edge
co-occurrences defined as:

c(oi|oj) = [c(oi = ck|oj = cl)]
C,C
k=0,l=0, where

c(oi = ck|oj = cl) =
c(oi = ck, oj = cl)∑C
k=0 c(oi = ck, oj = cl)

.
(13)

Here, C refers to the number of object classes and ck refers
to the k-th class in the set of object classes. We then inte-
grate the summary statistics via an inverse softmax opera-
tion denoted as γ(·) into the node probability in Eq. 14 to
get:

P (oi | {oj : j ∈ n(i)}) = τ(αv · hv(vi)

+ (1− αv) ·
∑

j∈n(i)

αj · γ(c(oi|oj))). (14)

This formulation is chosen because directly adding the esti-
mated marginal probability to the predictions of the model
after softmax would disregard the required normalization,
resulting in incompatible terms.

Similarly, we compute the estimated marginal probabil-
ity of an edge ij instantiation conditioned on nodes i and
j using node-to-edge co-occurrence statistics for predicate
estimation:

d(ri→j | oj) = [d(ri→j = ek|oj = cl)]
P,C
k=0,l=0, where

d(ri→j=k | oj=l) =
d(ri→j = ek, oj = cl)∑P
k=0 d(ri→j = ek, oj = cl)

.

(15)

Here, P refers to the total number of predicate classes and
ek refers to the k-th class in the set of predicate class. The
refined logits for predicate estimation are then given by:

P (ri→j | oi, oj) = τ(αij · he(eij)
+ (1− αij) · (αi · γ(d(ri→j |oi)))
· (αj · γ(d(ri→j |oj)))).

(16)

Remarks. As shown in Fig. 3, the original node probability
for the correct class is already relatively high. However, our
CR module further enhances the predicted probability as ev-
idenced by the upward shift in the box plot from “Original”
to “After CR” in the red boxes, with a notable increase in
the lower quartile. Moreover, a larger proportion of low
node probability instances are flagged as outliers as shown
by the greater number of red circles at “After CR” compared
to “Original”. Most notable gains occur when original log-
its are low since CR increases the probability of the correct
class by down-weighting misclassified classes c′ via lower
conditional probabilities P (c′|c) given conditioned class c.
This targeted adjustment raises suppressed logits for rare
classes, thus improving prediction performance for under-
represented categories.

4. Experiments
4.1. Experimental Setup
Datasets. We evaluate on the 3RScan dataset following
the same training and test split from [28]. The image qual-
ity of the dataset is rather poor as each scene constitutes a
variable number of short videos spliced together with dif-
ferent motion trajectories. As the images are obtained from
consumer-level cameras, the images possess a low frame
rate of 10 Hz, image blur, and image jitter from sudden
camera motion which makes this dataset challenging.

Implementation Details. We utilize the codebase provided
from the 3DSSG GitHub repository2 to reproduce the prior

2https://github.com/ShunChengWu/3DSSG
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Method bath. bed bkshf cab. chair cntr. curt. desk door floor ofurn pic. refri. show. sink sofa table toil. wall wind. Mean.
IMP 0.000 1.000 0.000 0.341 0.467 0.000 0.606 0.200 0.528 0.900 0.125 0.143 0.000 0.000 0.333 0.450 0.525 0.800 0.622 0.125 0.358

VGfM 0.500 0.000 0.000 0.415 0.543 0.083 0.545 0.000 0.389 0.920 0.232 0.086 0.000 0.000 0.381 0.450 0.574 0.800 0.644 0.167 0.336
3DSSG 0.000 0.667 0.000 0.207 0.348 0.167 0.576 0.200 0.361 0.780 0.125 0.057 0.000 0.000 0.333 0.500 0.279 0.000 0.467 0.125 0.260
SGFN 0.500 0.333 0.000 0.293 0.685 0.250 0.515 0.200 0.444 0.880 0.232 0.171 0.000 0.000 0.429 0.500 0.508 0.400 0.707 0.125 0.359

JointSSG 1.000 1.000 0.000 0.476 0.674 0.250 0.576 0.200 0.500 0.900 0.107 0.143 0.000 0.000 0.429 0.550 0.541 0.800 0.680 0.250 0.454
Ours 1.000 1.000 0.333 0.622 0.630 0.333 0.545 0.600 0.528 0.880 0.304 0.171 0.667 0.667 0.333 0.600 0.623 0.800 0.693 0.375 0.605

Table 1. Comparison with state-of-the-art methods on the 3RScan dataset for each object class. The Best results are highlighted.

Figure 3. Box plot for predicted node probability for correct class
after our CR module. The lower quartile visibly moves upwards
due to an increase in predicted node probability for correct class.

methods. For JointSSG‡ [32], we replace their image fea-
ture extractor from a pretrained ResNet18 to a pretrained
DINOv2 with a ViT-L backbone to ensure fair comparison.

Following [32], we use PointNet [21] as the point en-
coder and employ two message-passing layers. For RGB-
D SLAM reconstruction, we utilize the method from [26]
and our predicted depth to generate predicted points. Multi-
view feature extraction is performed using a pretrained DI-
NOv2 [18] with a ViT-L backbone. To obtain object seg-
mentation masks, we use a pretrained SAM predictor with
a text prompt containing the class set of 20 NYU object
classes following the subset defined in [28]. Node-to-node
and node-to-edge co-occurrences are precomputed on the
training set. We train the model on a single RTX 3090 GPU
for two days with early stopping.

Evaluation Metrics. Following [29] and JointSSG[32], we
report the overall top-1 recall (Recall) for the object class
estimation (Obj.), the predicate estimation (Pred.), and the
relationship triplet estimation (Rel.). We also report the
mean recall (mRecall) for the object class estimation (Obj.),
the predicate estimation (Pred.) only. We map all predic-
tions on the estimated segments to the ground truth seg-
ments for a fair comparison between the different methods.

4.2. Quantitative Results
We present the per-class recall for 20 object classes in the
3RScan dataset in Tab. 1, demonstrating that our method
significantly outperforms others across most object cate-

gories. Notably, we are the only approach that achieves
a recall above 0% for all object classes, indicating that
we robustly learn all classes instead of just a subset.
Our method tends to underperform slightly compared to
the other methods on majority classes such as floor and
wall classes in return, although not by a significant margin.
The main experimental results for the top-1 recall and the
mean recall are shown in Tab. 2. Importantly, our approach
significantly outperforms others in mean recall (mRecall)
for both objects and predicates, suggesting that it handles
class imbalance issues [29] more effectively than competing
methods. Additionally, our method surpasses all baselines
in relationship and object estimation metrics while achiev-
ing comparable performance in predicate estimation. More
impressively, our method with the weaker ResNet18 multi-
view image features already surpasses all baselines in re-
lationship and object estimation metrics except for predi-
cate estimation. Our method with ResNet18 image features
even manages to surpass the performance of JointSSG with
DINOv2 multi-view image features by non-trivial margins.
This shows that our improved performance is not purely due
to the more powerful DINOv2 features. Refer to our sup-
plementary material for more quantitative results.

4.3. Qualitative Results
We show qualitative results comparing our method with
other competitive methods in Fig. 4. Since the scene con-
tains a large number of objects, we display only a subset
with fewer objects and predicates for better readability. The
correct prediction of the None predicate class is omitted in
the visualization due to its prevalence in the dataset. As
seen in Fig. 4, our method can distinguish the relatively
more ambiguous wall which the other methods fail to dis-
tinguish. The shower curtain is tricky to classify since it is
a subset of a curtain that is another class of objects present
in the dataset. Understandably, all methods fail to correctly
classify this object. Both our method and JointSSG attain
good performance on the predicate class compared to SGFN
as both methods only misclassify the predicate between the
curtain object and the wall.

We additionally evaluate on the entire scene for scan
43b8cae1 without comparison to other methods . Our
method can recognize rare classes present in the scene,
which are more challenging to learn. As seen in Fig. 5, our
approach successfully classifies the rare class bookshelf in-
stance denoted by bkshf which no other method managed
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Figure 4. The qualitative results on 3RScan dataset of previous works and our proposed framework on scan 4d3d82b0. SGFN also fails
to classify majority of non-background object classes except the sink and cabinet. It also fails to classify all predicate classes. JointSSG
performs better but misclassifies the shower curtain as a curtain and the ambiguous blue wall as a cabinet. Our method correctly classifies
the wall but misidentifies the shower curtain as a curtain.
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Figure 5. The qualitative results on 3RScan dataset of our proposed framework on the entire scene of scan 43b8cae1. Our method can
correctly classify most objects in the scene except for the light blue dress table at the top right of the scan. Our method can also correctly
classify most predicates.
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Method Recall% mRecall%
Rel Obj. Pred. Obj. Pred

IMP [32] 25.8 51.8 90.4 30.0 23.0
VGfM [32] 28.3 53.3 90.7 31.6 24.4
3DSSG [32] 17.5 41.4 88.2 31.9 26.6
SGFN [32] 31.4 56.7 89.6 38.3 30.5

JointSSG [32] 34.1 58.1 89.9 43.0 33.3
IMP 25.4 47.7 89.9 35.8 19.9

VGfM 27.4 50.1 90.6 33.6 22.3
3DSSG 13.0 35.6 86.8 26.0 24.3
SGFN 29.9 52.2 89.5 35.9 27.1

JointSSG 32.9 54.5 88.7 45.4 35.2
JointSSG‡ 34.3 56.6 86.5 52.9 36.2

Ours† 38.6 59.3 89.1 57.4 36.8
Ours 40.5 61.8 90.4 60.5 39.2

Table 2. Comparison with state-of-the-art methods on the 3RScan
dataset with 20 object classes and 8 predicate classes. The top
group of results are reported in JointSSG [32]. The middle
group of results are reproduced via 3DSSG GitHub repository.
JointSSG‡ refers to JointSSG but with DINOv2 multi-view image
features. Ours† uses ResNet18 multi-view image features; Ours
uses the DINOv2 multi-view image features instead. The Best
and Second Best results are highlighted, respectively.

to predict based on the results shown in Tab. 1. Our method
also predicts multiple reasonable predicates of standing on
between various objects and floor. Additional qualitative
results can be found in the supplementary material.

4.4. Ablation Studies
We analyze the effects of our feature initialization, robust
neighbor residuals, and confidence rescoring module in
Tab. 3. Our confidence rescoring (CR) module significantly
improves performance across all metrics, indicating that it
effectively leverages statistical priors to address class im-
balance issues as noted in [32]. Apart from predicate mRe-
call, incorporating our masked feature initialization further
improves performance across all metrics. This outcome is
expected since masking primarily aims to refine multi-view
image features, which do not directly contribute to edge fea-
ture improvements. The combination of the masked feature
initialization and the CR module act as a force multiplier
since the CR module benefits from cleaner and more ac-
curate neighboring node features. Additionally, our robust
neighbor residual gate maintains comparable performance
across most metrics except for predicate mRecall, which
benefits from additional neighbor information to better han-
dle class imbalance in predicate estimation.

We additionally study the effects of using our CR module
during inference in Tab. 4. The addition of the CR module
with the prior knowledge of the dataset is akin to calculat-
ing statistics during transductive setting of inference instead

Method Conf. Feat. Neigh. Recall% mRecall%
Rel. Obj. Pred. Obj. Pred.

JointSSG × × × 32.9 54.5 88.2 45.4 35.2
+ Conf. ✓ × × 37.9 57.2 89.6 54.1 36.3
+ Feat. ✓ ✓ × 41.1 61.3 90.8 61.3 35.8
Ours ✓ ✓ ✓ 40.5 61.8 90.4 60.5 39.2

Table 3. Ablation study on the 3RScan dataset. Conf. refers to the
usage of summary statistic priors for confidence rescoring via the
CR module. Feat. refers to the usage of DINOv2 image features
with refinement from SAM semantic masks via MFI. Neigh. refers
to the usage of RSN-GNN. The Best results are shown in bold.

Method CR. Recall% mRecall%
Rel. Obj. Pred. Obj. Pred.

Ours × 41.1 61.1 90.6 60.2 35.7
Ours ✓ 40.5 61.8 90.4 60.5 39.2

Table 4. Ablation study on the 3RScan dataset. CR. refers to the
usage of summary statistic priors for confidence rescoring via the
CR module during inference. The Best results are shown in bold.

of a true overfitting to the dataset. Interestingly, the removal
of the CR module during inference does not significantly re-
duce performance. It even leads to a slight increase in predi-
cate Recall and overall relationship triplet Recall. The slight
increase in predicate Recall, coupled with a drastic decrease
in predicate mRecall, suggests that removing the CR mod-
ule benefits the predicate classes that appear frequently in
the dataset, including the None class, with the trade off of
decreasing performance on the tail classes. Nonetheless,
the use of the CR module during evaluation benefits object
Recall, object mRecall, and predicate mRecall.

Limitations. The effectiveness of initial feature aggrega-
tion relies on the quality of the segmentation mask. Al-
though the CR module performs well when there is no sig-
nificant domain shift, the statistical prior can negatively im-
pact performance when applied to datasets with a drastically
different training data distribution. Similarly, the prior be-
comes less useful on datasets with very limited data.

5. Conclusion

We introduce a straightforward yet effective approach for
enhancing 3D semantic scene graph estimation through
our MFI, RSN-GNN, and CR modules. Specifically, our
masked feature initialization (MFI) enhances node features
by filtering out background distractors and leveraging more
than just part-based image features. The RSN-GNN mod-
ule strengthens edge features by integrating highly activated
neighboring features into the target node feature, improving
robustness. Finally, we introduce a refinement module that
explicitly refines predictions using statistical prior knowl-
edge, further enhancing performance.
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