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Abstract

Recent work in 3D scene understanding is moving beyond
purely spatial analysis toward functional understanding,
such as discovering which knob controls which burner or
which switch toggles which light. Existing methods, how-
ever, reason over each functional relation independently,
missing the scene-wide interdependencies that humans use
to resolve ambiguity: if one knob controls a burner, the oth-
ers become less likely candidates to control the same burner.
We introduce FunFact, a framework for constructing prob-
abilistic open-vocabulary functional 3D scene graphs from
posed RGB-D images. FunFact first builds an object- and
part-centric 3D map and uses foundation models to pro-
pose plausible functional-relation templates. Candidate
functional edges are then instantiated from these templates
and encoded as binary variables in a dual factor graph,
where inter-edge dependencies are inferred from visual-
geometric evidence and enforced through higher-order fac-
tors. To benchmark FunFact, we introduce FunThor, a syn-
thetic dataset with exhaustive functional annotations across
12 AI2-THOR scenes. Experiments on existing real-world
datasets and FunThor demonstrate that FunFact signifi-
cantly improves functional-relation recall and reduces cali-
bration error for ambiguous relations, highlighting the ben-
efits of holistic probabilistic modeling for functional scene
understanding.

1. Introduction

Functional scene understanding—capturing how entities in-
teract rather than merely what and where they are—is in-
creasingly recognized as a key frontier in computer vi-
sion [2, 10, 12]. Such information is crucial for embodied
agents that must reason about acting in everyday environ-
ments [5, 6].

Many functional relations are not fully observable from
static vision alone: a light switch and its lamp may be far
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Figure 1. FunFact for functional scene understanding. Given
posed RGB-D inputs, FunFact reconstructs an object- and part-
centric 3D map and builds a functional scene graph (top). Can-
didate relations are encoded as binary variables in a dual factor
graph (bottom), where cardinality and proximity factors jointly re-
solve ambiguities via belief propagation, yielding calibrated per-
edge confidence scores.

apart or occluded, and multiple stove knobs may be spa-
tially indistinguishable. This calls for models that reason
jointly over all candidate relations and produce confidence
scores that reflect scene-wide context, rather than indepen-
dent pairwise decisions.
Related work. Open-vocabulary 3D scene graph meth-
ods [3, 11] capture semantic and spatial structure but leave
functional interactions unaddressed. Early functional scene
understanding benchmarks such as SceneFun3D [2] focus
on part-level affordances with limited inter-object interac-
tion annotations. OpenFunGraph [12] and FunGraph [10]



propose open-vocabulary functional 3D scene graphs using
LLMs and 2D VLMs, but treat each edge independently.
FunFact fills this gap by introducing a probabilistic, factor-
graph-based formulation that jointly reasons over all func-
tional edges in the scene.
This work. We propose FunFact, which builds open-
vocabulary functional 3D scene graphs from posed RGB-D
images and refines all candidate functional edges jointly via
dual factor graph inference. Candidate relations become bi-
nary variables; LLM-derived structural priors and geomet-
ric proximity cues are encoded as factors. Belief propa-
gation then yields per-edge confidence scores that reflect
scene-wide context. Our main contributions are:
• A robust pipeline for reconstructing open-vocabulary

functional 3D scene graphs from posed RGB-D inputs.
• A factor-graph formulation that jointly infers all func-

tional relations and produces better-calibrated per-edge
confidence estimates.

• A new synthetic benchmark (FunThor) with exhaustive
functional annotations enabling precision, recall, and cal-
ibration evaluation.

2. Method
FunFact consists of two stages: (i) object- and part-centric
scene reconstruction, and (ii) functional scene graph cre-
ation via a dual factor graph, as illustrated in Fig. 2.

2.1. Scene Reconstruction
Given posed RGB-D observations, we query a VLM
(GPT-4.1) per frame to propose functional objects, their
parts, and coarse bounding boxes. GroundingDINO [9]
grounds these proposals, cross-validated against the VLM
bounding boxes to suppress hallucinations. A second
GroundingDINO pass within each object crop localizes
fine-grained functional parts, which are filtered by geomet-
ric consistency. All detections are back-projected into 3D
and fused across views following BBQ [8], yielding an
object- and part-centric 3D map that serves as the backbone
for downstream factor graph inference.

2.2. Functional Scene-Graph Creation
Given the 3D map, FunFact constructs candidate functional
relations and encodes them as binary variables in a dual fac-
tor graph (Fig. 3). The “dual” nature stems from inverting
the scene graph structure: scene graph nodes become con-
straint factors, and scene graph edges (candidate relations)
become the variables to be inferred.
LLM-based functional relation priors. For every ob-
ject with functional parts, we query an LLM with the ob-
ject’s label, description, and part labels, asking it to propose
plausible semantic functional relation templates (e.g., knob
controls burner). For each relation type, the LLM also pre-
dicts whether it is typically one-to-one or follows a more

flexible cardinality pattern. We represent proposed relation
templates for the k-th object as Tk = {rk,j}Mk

j=1, where each
rk,j specifies the semantic types of the two endpoints and
the relation predicate; Mk is the number of proposed tem-
plates for the k-th object.
Dual factor graph construction. For each relation tem-
plate rk,j , we enumerate all part–object and part–part com-
binations matching the template’s semantic types and con-
nect them as candidate edges Ek,j = {ek,ji }Ek,j

i=1 (e.g., a
complete bipartite graph between all knobs and burners on
a stove), where Ek,j is the total number of edges resulting
from this exhaustive match. From these edges, we construct
a local factor graph with variables Xk,j = {xk,j

i }Ek,j

i=1 . Each
binary variable xk,j

i ∈ {0, 1} is the dual of edge ek,ji , indi-
cating whether that functional edge is present.
Cardinality-based constraint factors. To encode structural
priors such as one-to-one mappings, we introduce cardinal-
ity factors ϕcard(·) that penalize configurations where a sin-
gle part connects to multiple counterparts or to none. Con-
cretely, for a part node n involved in one-to-one relations
(e.g., a specific knob), let Xn denote the variables whose
dual edges are incident to n, and let dn =

∑
x∈Xn

x be
the number of active connections. We define the cardinality
factor as:

ϕcard(Xn) =

{
bdn−1 if dn ≥ 1,

b2 if dn = 0,

where b ∈ (0, 1) controls penalty strength, favoring struc-
turally plausible one-to-one assignments.
Proximity-based prior factors. Each variable xk,j

i receives a
unary proximity prior based on the 3D distance of its dual
edge:

ϕprox(x
k,j
i ) = e−d(ek,j

i )/λk,j , (1)

where d(ek,ji ) is the 3D distance of the edge ek,ji and λk,j

is a scaling parameter defined as the median length of all
edges in the local candidate edge set Ek,j . This biases the
model toward closer connections while still allowing cardi-
nality factors to override proximity when necessary (e.g., a
switch is less likely connected to a lamp with active con-
nections to other switches, even if the switch is closer to the
lamp).
Object–Object functional proposal. Analogously, the
LLM proposes inter-object functional relations (e.g.,
sponge cleans countertop) with cardinality patterns. How-
ever, for object–object relations, we do not assume the prox-
imity prior by default, but instead instruct the LLM to sug-
gest which relations require proximity (e.g., curtains cover
windows). For relations marked as one-to-one or proximity-
sensitive, or both, we instantiate local factor graphs with the
same cardinality and proximity factors, jointly optimized
with part-centric edges in a global dual factor graph.
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Figure 2. Overview of FunFact. Given posed RGB-D images, FunFact builds a functional 3D scene graph in two stages. (i) Scene
Reconstruction: a VLM proposes functional objects, their part labels, and coarse 2D bounding boxes; GroundingDINO and SAM ground
these into instance masks, which are cross-validated against the VLM bounding boxes to suppress hallucinations. Multi-view fusion lifts
the detections into 3D and aggregates them across frames, yielding a part-aware 3D map. (ii) Functional Scene Graph Creation: an LLM
proposes object-object and object-part relation templates; candidate relations are instantiated and encoded as binary variables in a dual
factor graph; cardinality and proximity factors are resolved via belief propagation to yield per-edge confidence scores.
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Figure 3. Functional scene graph and its dual factor graph.
Left: Candidate functional scene graph with edges e1, . . . , e4 rep-
resenting knob–burner relations. Right: The dual factor graph,
where each binary variable xi is the dual of edge ei. pi:
unary proximity prior; Ki: cardinality factor per knob; Bi:
cardinality factor per burner.

Probabilistic inference. We implement the dual func-
tional factor graph using pgmpy [1] and perform belief
propagation to infer the joint distribution over all candi-
date functional edges. To accelerate inference, we iden-
tify disjoint connected components, denoted as Cm(m =
1, 2, ...,M), which are isolated subgraphs that do not share
prior or constraint factors (e.g., knowing a knob con-
trols a burner does not help disambiguate connections be-

tween remote controls and TVs), and run inference on
each component separately. For a given component Cm
with variable set Xm, the joint distribution is P (Xm) =
1

Zm

∏
x∈Xm

ϕprox(x)
∏

f∈Fm
ϕcard(∂f), where Fm denotes

the cardinality factors in Cm, ∂f ⊆ Xm the variables con-
nected to factor f , and Zm a normalization constant. After
convergence, we marginalize this distribution to obtain per-
edge confidence scores, which are thresholded to produce
the final functional scene graph.

3. Results
We evaluate FunFact on FunGraph3D [12] and our newly
introduced FunThor benchmark, assessing mapping quality,
functional relation recall, and confidence calibration.

3.1. Functional AI2-THOR (FunThor)
Existing datasets for functional scene understanding are
limited in annotation density: SceneFun3D focuses on
part-level affordances, while FunGraph3D extends to inter-
object relations but has sparse, partially heuristic annota-
tions. We introduce Functional AI2-THOR (FunThor), a
synthetic benchmark built on AI2-THOR [7] with 12 scenes
spanning 4 environment types (kitchen, living room, bed-
room, bathroom), 26 types of functional relations, and 720



Table 1. Mapping and triplet evaluation on FunGraph3D. Re-
call@K for objects and interactive elements (Inter. Elem.), and
overall triplet recall. Higher is better; bold: best per column.

Objects (↑) Inter. Elem. (↑) Triplets (↑)
Methods R@3 R@10 R@3 R@10 R@5 R@10

OpenFunGraph 70.7 79.1 44.4 57.6 29.8 45.0

FunFact (Ours) 91.1 96.6 68.3 78.7 48.7 63.9

Table 2. Functional edge evaluation on FunThor. We report
Precision, Recall, and F1 (higher is better) for all predicted func-
tional edges, and ECE (lower is better) on the subset for which
OpenFunGraph provides confidence scores.

Methods Prec. [%] (↑) Recall [%] (↑) F1 [%] (↑) ECE (↓)

OpenFunGraph 23.4 12.2 16.0 0.25

FunFact (Ours) 31.9 49.3 38.7 0.11

posed RGB-D frames. All annotations are automatically
generated from the simulator’s native object properties and
affordances, ensuring comprehensive coverage.

3.2. Mapping and Triplet Evaluation

We follow the evaluation protocol of OpenFunGraph [12],
measuring Recall@K for reconstructed functional nodes
(objects and parts) and predicted subject–predicate–object
triplets. As shown in Tab. 1, FunFact substantially out-
performs OpenFunGraph on FunGraph3D across both map-
ping and triplet metrics. The largest mapping gains are on
interactive elements (+23.9pp R@3), where our hierarchical
object-part pipeline reliably detects fine-grained functional
parts missed by the flat object-centric approach of Open-
FunGraph. For triplet prediction, FunFact improves overall
recall by 18.9pp at both R@5 and R@10, highlighting the
effectiveness of its two-stage prediction pipeline for func-
tional relation discovery.

3.3. Comprehensive Evaluation on FunThor

FunThor’s dense annotations enable a comprehensive eval-
uation of precision, recall, F1, and expected calibration er-
ror (ECE) [4]. ECE measures the alignment between pre-
dicted confidence and empirical accuracy (lower is better).
Since OpenFunGraph only provides confidence scores for
edges connected to switches, outlets, and remote controls,
we restrict the ECE comparison to this subset for a fair com-
parison. As shown in Tab. 2, FunFact outperforms Open-
FunGraph across all metrics, with ECE dropping from 0.25
to 0.11. This improvement reflects the factor graph’s ability
to leverage scene-wide context and suppress overconfident
predictions on ambiguous relations that pairwise methods
cannot resolve.
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Figure 4. Incorporating new evidence. Our dual factor graph up-
dates functional predictions as new evidence becomes available.
Thicker and darker blue edges indicate higher confidence, while
thinner and lighter edges represent lower-confidence associations.
Initially, each knob-burner edge is scored using proximity and car-
dinality priors alone. After observing that the left knob controls
the left burner, the model propagates this evidence to update the
remaining three knob-burner associations.

4. Future Extensions
The dual factor graph is not restricted to the proximity and
cardinality priors used here. Any inter-object or inter-edge
structural information, such as object co-occurrence statis-
tics and semantic compatibility scores, can be incorporated
as additional unary or higher-order factors without modify-
ing the inference procedure. This extensibility is especially
compelling for evidence integration: once observations are
injected into the factor graph, belief propagation globally
updates all structurally related edges (Fig. 4).

5. Conclusion
We presented FunFact, a two-stage framework that recon-
structs open-vocabulary functional 3D scene graphs from
posed RGB-D images and jointly refines all candidate func-
tional edges via dual factor graph inference. By encod-
ing proximity and cardinality priors as higher-order fac-
tors, FunFact resolves scene-wide ambiguities that pair-
wise methods cannot address, yielding better-calibrated per-
edge confidence scores. To enable detailed evaluation of
precision and confidence, we introduce FunThor, a syn-
thetic benchmark built on AI2-THOR [7] with more sys-
tematic and comprehensive functional annotations than ex-
isting datasets. Across FunGraph3D [12] and FunThor,
FunFact consistently outperforms state-of-the-art baselines,
validating the benefits of holistic probabilistic modeling for
functional scene understanding.
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