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Abstract. Functional 3D scene graphs offer a versatile and flexible rep-
resentation for 3D scene understanding and robotic manipulation, de-
fined by object nodes, interactive elements, and functional relationship
edges. However, their potential remains underexplored due to the limited
coverage of existing benchmarks and the overly straightforward design
of previous pipelines, which primarily focus on large-scale furniture but
lack of hierarchical structures. Therefore, in this work, we extend the
benchmark coverage by introducing dense tabletop objects and explicit
multi-level functional relationships. This expansion introduces critical
challenges involving small-scale, dense, and similar instances, with lack of
visual anchoring in relational reasoning, instance confusion during cross-
frame fusion, and attribution uncertainty under dynamic viewpoints. To
address these issues, we propose an open-vocabulary pipeline based on 2D
visual grounding and 3D graph optimization. Specifically, we anchor fine-
grained functional edges from 2D visual evidence, and associate nodes
across frames in 3D using multiple cues. Furthermore, edge association
is formulated as temporal graph optimization, integrating evidence ac-
cumulation, entropy regularization, and temporal smoothing to robustly
determine the functional connections of each node. Finally, global hierar-
chy shaping is performed to recover the hierarchical graph structure. Ex-
tensive experiments demonstrate that the proposed method can reliably
infer functional 3D scene graphs in challenging real-world scenes, thereby
further unlocking their potential for practical applications. Code is avail-
able at https://github.com/Hbelief1998/HHOpenFunGraph-ECCV26.
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1 Introduction

As virtual reality, robotics, and embodied intelligence continue to advance, it
becomes increasingly vital to develop a versatile and accurate 3D scene repre-
sentation that bridges the gap between high-level 3D understanding and down-
stream tasks such as manipulation and content generation. Traditionally, 3D
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Fig. 1: Hierarchical and holistic functional 3D scene graphs. In contrast to prior ap-
proaches , we model tabletop manipulable objects and explicit hierarchical ob-
ject—part structures in functional 3D scene graphs.

scene graphs |§|, have been proposed as discrete graph-

based representations of 3D environments, consisting of object nodes and their
spatial relationships. While such representations have proven effective for robotic
navigation and scene understanding, their coarse granularity limits their appli-
cability to fine-grained tasks such as manipulation.

Recently, OpenFunGraph introduced the concept of functional 3D scene
graphs by extending traditional scene graphs to include objects, interactive el-
ements, and functional relationships. Although this representation is theoreti-
cally flexible and capable of encoding rich semantic and relational properties, its
benchmark and pipeline remain limited. The existing setup cannot handle the
complexity commonly observed in real-world scenarios. Specifically, the anno-
tations in SceneFun3D and FunGraph3D consider only large furniture
items (e.g., cabinets, bathtubs, wardrobes) and lack the tabletop objects that are
more common in robotic manipulation tasks. In addition, the intrinsic parton-
omy and hierarchical structure of objects and parts are not modeled, restricting
the applicability of the representation to fine-grained reasoning. For example,
as Figure [1| shows, multiple knobs are ambiguously linked to the same cabi-
net without distinction between drawers, leading to confusion in manipulation
queries (e.g., open the second drawer of the cabinet).

To overcome these limitations, we extend the capabilities of the functional
3D scene graph benchmark by introducing: (1) diverse tabletop objects and their
associated functional attributes (e.g., bottle-cap, kettle-handle), covering small,
manipulable targets commonly found in real-world operations; (2) explicit hier-
archical relationships between objects and their constituent parts, treating in-
termediate structures as functional carriers (e.g., control panel, drawer, lid), and
end-effector components that can be directly manipulated as interactive units
(e.g., switch, handle, knob), thereby characterizing typical multi-level structures
such as oven-panel-switch, cabinet-drawer-handle, and pot-lid-knob.

In real-world scenarios, introducing tabletop objects and hierarchical struc-
tures is crucial for downstream applications. However, this benchmark expansion
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introduces perception and reasoning challenges that the existing paradigm of
OpenFunGraph [75] struggles to address: (1) Lack of Visual Anchoring in Rela-
tional Reasoning. The 3D geometry of tiny tabletop parts (e.g., bottle caps and
kettle handles) is highly susceptible to reconstruction noise, while hierarchical
structures introduce a massive number of fine-grained nodes of the same category
in close spatial proximity (e.g., drawers), resulting in severe 3D bounding box
aliasing. Despite such geometric degradation, OpenFunGraph still feeds these
distorted 3D bounding boxes in natural language format for an LLM to infer re-
lationships |75]. The compounding of unreliable 3D information with the inherent
deficiency of the LLM in reasoning over numerical spaces leads to severe error
accumulation, rendering it difficult to robustly establish accurate functional con-
nections in the absence of 2D visual evidence. (2) Instance Confusion in Cross-
Frame Fusion. In tabletop and hierarchical scenes, dense instances of the same
category are prone to boundary and feature overlap during cross-frame fusion
(e.g., compactly arranged spice bottles in a kitchen). OpenFunGraph primarily
relies on geometric proximity and performs average aggregation of CLIP simi-
larities |75], which easily leads to instance aliasing. (3) Attribution Uncertainty.
Tabletop scenes feature dense arrangements of similar instances with mutual
occlusions, while fine-grained nodes introduced by hierarchical structures often
lack sufficient distinctiveness from certain viewpoints (e.g., blurred boundaries
between cabinet drawers and doors). These issues cause the attribution of inter-
action units to be highly uncertain among similar neighbors, frequently flipping
with viewpoint changes. Relying solely on instantaneous scoring like OpenFun-
Graph makes edge association prone to jitter and erroneous connections.

To overcome the challenges introduced by the tabletop and hierarchical set-
tings in the expanded benchmark, we propose an open-vocabulary pipeline based
on direct visual grounding and graph optimization for constructing hierarchical
and holistic functional 3D scene graphs, as illustrated in Figure First, to
address the lack of visual anchoring in relational reasoning, guided by an inter-
actability map constructed via LLMs and open-vocabulary detection, we utilize
visual foundation models to generate candidates for multi-level nodes. By fus-
ing 2D geometry with visual-semantic consistency, we infer 2D functional edges
from object nodes to fine-grained nodes based on direct 2D visual evidence. Sec-
ond, to mitigate instance confusion during cross-frame fusion, we introduce a
multi-cue node association mechanism. This integrates appearance, semantics,
2D projection, and 3D geometric information to suppress erroneous associations
among dense instances of the same category, thereby forming stable cross-frame
node trajectories. Third, regarding attribution uncertainty under dynamic view-
points, we model edge association as time-evolving variables within a graph op-
timization framework. Incorporating historical evidence accumulation, entropy
regularization, and temporal smoothing, this optimization robustly determines
edge connections amidst candidate competition caused by viewpoint changes and
observation noise, effectively preventing association jitter and erroneous connec-
tions. Finally, a hierarchy completion step refines the structure by optimizing
semantic and geometric consistency, resulting in the final hierarchical graph.
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Experiments on our expanded benchmark demonstrate our method’s effec-
tiveness in complex scenes featuring tabletop objects and hierarchical structures,
outperforming the FunGraph [52] and modified OpenFunGraph |75] baselines by
up to 13.9% and 20.5% in node and edge triplet retrieval, respectively.

2 Related Works

3D Scene Understanding. 3D indoor scene understanding has long focused on
closed-set 3D semantic/instance segmentation [3(9L[14120,21}[24{261/30}34}36}145!
46,[53,57H59,(624(63L|72]. Subsequent work, driven by vision-language foundation
models, has extended to open-vocabulary 3D semantic segmentation [15,29}|31]
441147,/55,/56,/70,81,82] and 3D vision-language alignment [5{10L[22}[27}/431|49.(67
79]. Recent part-level open-vocabulary methods further recognize fine-grained
object parts from open textual descriptions [54,/64], highlighting the need to
move beyond whole-object perception. However, they mainly focus on part seg-
mentation or recognition, rather than temporally fused 3D functional entities
and graph-structured functional relationships. Unlike these perception-oriented
works, SceneFun3D [11] proposed a benchmark containing interactive elements.
Building on this, FunGraph3D [75| further provides object annotations and the
relationships between interactive elements and objects. However, this benchmark
does not yet consider tabletop manipulable objects or the hierarchical structure
between objects and parts. This paper extends this benchmark by introducing
more holistic tabletop objects and hierarchical annotations.

Affordance Understanding. Affordance understanding concerns how an en-
vironment can be operated upon. Existing methods predominantly predict af-
fordance heatmaps from images [13,73|, videos [17,40,[71], or 3D representa-
tions [4,[7,/8},/16,(68L169}76,[77], or learn interaction strategies from human-scene
interaction demonstrations [4}[7[8/12}16}68,69}|76,[77]. However, existing ap-
proaches typically attach affordances to the object holistically, merely addressing
“how a certain object can be used,” failing to specify the concrete operational
parts. In contrast, we explicitly bind affordances to specific interactive parts,
uniformly modeling hierarchical operational relationships via functional edges.
3D Scene Graphs. 3D scene graphs organize indoor entities and their spa-
tial/semantic relationships in a node-edge format [2,32,[50L/51},55,(60L/61} /65, (66!
74.|78|. Building on this, functional 3D scene graphs further incorporate inter-
active elements as nodes, modeling the functional connections between objects
and interactive elements. IFR-Explore [35] mines functional relationships in syn-
thetic scenes using reinforcement learning, but is limited by a closed-set setting
and ignores part-level elements; open-vocabulary 3D scene graph methods such
as Open3DSG [33| and ConceptGraph [19] primarily remain at the object-level,
addressing only object nodes and a few spatial relationships. Furthermore, Fun-
Graph [52| introduces functional part nodes and has-part edges into the 3D
scene graph through 2D functional part detection and VLM annotation, Open-
FunGraph [75] builds upon this by employing open-vocabulary object and in-
teractive element detection and sequentially inferring functional relationships.
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However, both have limited coverage of tabletop manipulable objects and do
not explicitly model the hierarchical object—part structure. To address the afore-
mentioned limitations, this paper constructs a functional 3D scene graph that
simultaneously possesses a multi-level structure and broader coverage of manip-
ulable objects, through 2D functional relationship anchoring, cross-frame node
association, functional graph optimization, and global graph refinement.

3 Problem Definition

This work aims to address the task of automatically constructing a hierarchical
functional 3D scene graph G for holistic items in general indoor scenes given a
sequence of posed RGB-D images.

The graph G = (V,€) is defined with: (1) The node set V = O UC UU,
where Objects O are the ultimate hosts of functionality and serve as interaction
targets (e.g., cabinet, pot, oven, etc.); functional carriers C are structures on
objects that undertake intermediate functions or operable mid-level units (e.g.,
drawer, lid, control panel, etc.); interactive units U are the end-effector elements
that can be directly manipulated by a user or robot to trigger functions (e.g.,
handle, knob, switch, etc.). (2) The directed edge set £ represents functional rela-
tionships, characterizing the compositional, subordinate, or control interactions
among nodes. These relationships constitute a functional hierarchy: depending
on the observability and modeling of the functional carrier layer C, two func-
tional relational structures emerge, namely O < C < U (e.g., oven < control
panel < knob) and O «+ U (e.g., bottle + cap). The objective of this work is
to jointly infer the 3D properties (e.g., position, dimension, and semantics) of
objects O, functional carriers C, and interaction trigger units U, alongside their
functional relationships &, to ultimately construct a complete scene graph G.

4 Method

To jointly infer the 3D attributes (position, size, semantics, etc.) of objects O,
functional carriers C, and interactive units U, as well as the relationships £ be-
tween them, thereby constructing the holistic hierarchical functional 3D scene
graph G, this study proposes a three-stage progressive reasoning framework,
shown in Figure 2} First, in the 2D relation anchoring stage, we construct a dy-
namic interactability map to guide the open-vocabulary instance detection and
segmentation of nodes YV = OUCUU, and generate 2D functional edges based on
visual evidence by integrating geometric and visual-semantic consistency evalu-
ations. Next, we associate nodes across frames by fusing appearance, semantics,
2D projection consistency, and 3D geometric information to obtain temporally
consistent global node trajectories. The corresponding candidate edges are mod-
eled as time-evolving graph variables, and the functional edges £ are robustly
determined using a graph optimization strategy that combines cross-frame ev-
idence accumulation with entropy regularization and temporal smoothing. Fi-
nally, in the global graph construction stage, we perform hierarchy shaping on
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Fig. 2: Overview of the hierarchical functional 3D scene graph construction pipeline.

the associated functional edges to explicitly model the functional hierarchy of
O + C < U, ultimately outputting the complete G.

4.1 Open-Vocabulary 2D Relationship Anchoring

The compounding of 3D geometric degradation and the inherent spatial reason-
ing deficiencies of LLMs leads to severe error accumulation. Specifically, tabletop
tiny parts suffer from unstable localization under reconstruction noise, and dense
hierarchical nodes (e.g., adjacent drawers) exhibit severe bounding box aliasing.
Consequently, 3D spatial proximity becomes non-discriminative. To circumvent
this issue, we abandon the paradigm of relying on distorted 3D coordinates for
inference and instead directly extract visual evidence from 2D frames. This stage
aims to generate reliable functional edge candidates and their associated visual
evidence scores, providing an unambiguous basis for subsequent 3D graph fusion.
Generation of Dynamic Interactability Map. To guide open-vocabulary
instance detection and relationship reasoning, we introduce a Dynamic Inter-
actability Map M, which specifies the manipulable objects O identified in the
current frame t and their associated functional component (C,U) types. The
construction of M, fuses the general knowledge of an LLM with the visual ev-
idence from the current frame. First, we utilize the LLM GPT-5 based on
task definitions to generate a prior list of globally manipulable objects (e.g.,
cabinet, oven, washing machine, kettle, etc.). However, this global prior can
hardly exhaust scene-specific fine-grained categories and does not reflect frame-
level visibility. Therefore, we subsequently identify instances at frame ¢ using
RAM-++ , filter for manipulability via an LLM, and integrate global pri-
ors to determine the set of manipulable objects O for the current frame. Finally,
we prompt the LLM, for the objects in O, to generate their associated functional
carrier C and interactive unit U types, thus updating M; dynamically.
Open-Vocabulary Node Candidate Generation. Guided by M;, we em-
ploy a two-stage pipeline to generate the set of detected nodes for the current
frame, denoted as M; = {ng}. LLMDet generates bounding boxes b, ,
categories ¢y, , and confidence scores s,, conditioning on M;. Subsequently, we
prompt SAM2 with b,,, to yield masks M, and extract appearance features
h,,, . Each node nj comprises attributes including (b, , ¢n, , Sny, Mn,, B, )-

2D Functional Edge Generation and Scoring. Based on the detected node
N; and the Dynamic Interactability Map M, this stage aims to construct and
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score functional edge (o + f) candidates, where o € O is an object node and
f € CUlU is a fine-grained node. Note that we do not directly construct the O +
C < U hierarchy in the 2D stage due to 1) increased combinatorial complexity
in candidate generation and 2) high ambiguity under single-frame observations.
Instead, it is deferred to the global hierarchy shaping stage (Section , which
utilizes global 3D information after the sequence processing is complete.

The generation of candidate pairs (o, f) should first follow the semantic con-
straints provided by M;. Subsequently, we employ a cascaded verification pro-
cess: candidate pairs must first pass a pre-filtering based on node confidence
(Sdet = min(sy,sf) > Taer) and geometric consistency (Geame > Tgeo). The
thresholds are set to Tget = 0.25 and Tgeo = 0.90 to cover as many detection
candidates as possible, while completing the filtering through strict geomet-
ric constraints, thus balancing comprehensiveness and accuracy. Here, Geame =

% ensures that the mask My is contained within the mask M, (pA
denotes a pixel-level morphological dilation on the object mask to tolerate con-
tour errors). Candidate pairs (o0 < f) that pass the pre-filtering are then sub-
jected to a final visual-semantic consistency assessment by the VLM LLAVA
v1.6 [37H39] to generate the 2D functional edge score s;%(o «— f) € (0,1]. sét[),
quantifies the support of the current frame for this (o0 < f) connection and will

serve as a key input for the 3D spatiotemporal evidence accumulation.

4.2 Functional Nodes and Edges Association

Although reliable single-frame 2D evidence is extracted in the previous stage,
lifting it to 3D introduces critical challenges arising from tabletop and hierar-
chical settings: cross-frame instance confusion and attribution uncertainty. The
small-scale, densely arranged nodes with prone-to-overlap boundaries (e.g., bot-
tles, drawers) inherent to tabletop and hierarchical structures often lead to er-
roneous cross-frame associations. Furthermore, single-frame functional edges are
unstable due to occlusions and viewpoint changes, causing fine-grained nodes
to exhibit attribution competition among multiple neighboring candidates (e.g.,
handle attribution at the junction of cabinet opening structures), making edge
states highly susceptible to noise-induced jitter. To address this, we first robustly
associate nodes via multi-cue fusion, and subsequently model functional edges
as time-evolving graph variables. By jointly constraining long-term evidence ac-
cumulation, entropy regularization, and temporal smoothing, we robustly deter-
mine functional connections within a graph optimization framework.
Node Association. In frame ¢, to associate the set of detected nodes with 2D
functional edges N; = {n;} with the set of node instances in the map V = {v;},
we define a bipartite graph edge weight S (ny — v;):

S® = inUIOU(bnk3Ht(P'Uj)) + wgcoK(”Xif = My, )

+ Wapp €0s(hy, , Hy, ) + Wsem T (Cny s o, )-

(1)

Here, P,; denotes the accumulated 3D point cloud of the map node v;, IT;(P,,)
denotes its projected 2D bounding box in frame ¢, and H,, denotes its ac-
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cumulated appearance histogram updated over time. We set wi,, = 0.5 and
Wgeo = Wapp = Wsem = 0.5/3. This configuration prioritizes 2D projection consis-
tency (wioy) to ensure stable tracking under viewpoint changes, while leveraging
geometric anchors, appearance discrimination, and semantic compatibility cues
in a balanced manner to address complex scenarios such as dense occlusion, class
confusion, and label noise. Specifically, IoU measures 2D projection consistency
by comparing the detection box b,,, with the map node’s projected box I1;(P,, ).
M, Tepresents the centroid of the accumulated point cloud for map node v;, serv-
ing as a stable anchor for geometric association. K denotes a Gaussian kernel
K(d) = exp(—d?/20?) applied to the Euclidean distance d = [|x32 — Ky, ||, map-
ping the distance to a similarity score within (0, 1]. The appearance similarity
cos(hy,, , H,;) compares the color histogram of the current frame with the node’s
accumulated histogram, enabling effective discrimination even when objects are
semantically identical and spatially proximate (e.g., tightly arranged bottles of
the same category) [23]/41]. Semantic compatibility J is defined as the cosine
similarity between CLIP features, facilitating the association of synonymous ex-
pressions in an open-vocabulary setting (e.g., “handle” vs. “drawer handle”).

To improve matching efficiency and prune false candidates, we only build
graph edges between candidate pairs (ny,v;) that satisfy the gating conditions:
x50 =t || < 7a AToU(by,, ITi(Py,;)) > 0 A S (ny — v;) > Tass. Here, 74 =
min(0.15m, 0.5 - d,, ), with d,,, being the diagonal length of the bounding box of
vj, to achieve a scale-adaptive geometric proximity constraint; 7,ss = 0.45 filters
low-quality matches. On this sparse bipartite graph, we solve the maximum-
weight one-to-one matching problem:

mAiLX ;Akﬂs(t)(”k — ’Uj) s.t. Ak]‘ S {O, 1}, ZAk] < 1, Zk:Akj < 1. (2)
©J J

This matching is non-exhaustive: due to the gating, some nodes may remain
unmatched. Successfully matched pairs (ny,v;) are used to update the state of
the map node instance v; (e.g., fusing the new observation point cloud into P,
recomputing the centroid p, and updating the appearance H via exponential
moving average); unmatched detections ny are initialized as new map nodes.

Edge Association. The frame-by-frame evidence provided by the 2D layer is
sparse, noisy, and lacks temporal consistency. Specifically, under the expanded
benchmark, manipulable objects in tabletop scenes exhibit minute scales, and
nodes of the same category coexist in close proximity alongside occlusions. In
hierarchical scenes, fine-grained nodes (e.g., adjacent drawer panels) not only
suffer from severe appearance homogenization, but their physical boundaries are
also difficult to clearly define across various viewpoints. These issues pose signifi-
cant challenges for determining functional edges within the map: 1) Single-frame
visual and geometric cues are highly sensitive to occlusion and viewpoint, ren-
dering hard assignments based on instantaneous scores susceptible to sporadic
noise; 2) Fine-grained nodes exhibit multi-candidate ambiguity when facing sim-
ilar objects (e.g., side-by-side drawers, bottles), and lacking uncertainty model-
ing, early noise can mislead and lock in erroneous associations; 3) Perturbations
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in instantaneous evidence can cause frequent association switching, destabiliz-
ing the functional topology. To address these issues, we model edge association
as a time-evolving graph optimization problem, robustly determining functional
edges under multi-candidate ambiguity and noisy observations through joint de-
sign of evidence accumulation, entropy regularization, and temporal smoothing.

Specifically, for an f € C UU, we first construct its object candidate set Oy
based on 2D functional edge candidates and valid 3D reconstruction conditions.
Let z denote the soft assignment probability of associating f with a candidate

obJect o € Oy at time ¢, and let zf) be the distribution over Oy, satisfying

z(t) Lp=1 and z( ) Lp 2 0. We optimize the soft assignment distributions for

all ﬁne—gralned nodes at each time ¢ by maximizing the objective function:

max { Z Zyo th (o f) —|—’H( )—D(cht),zgffl)) . (3)
0€0y

This objective function balances three aspects. The first term is the data fidelity
term, at the core of which is the historically accumulated evidence LY. To
address the issues of sparse and noisy evidence, we employ log-odds accumulation
to fuse observations across time:

L¥o« f)==Y_ logit(ssp(o + f)), (4)

TETH(0)

where logit(z) = log 17, and T/(0) is the set of frame indices up to ¢ where
the edge (o < f) was validly observed (i.e., o € Oy). This method leverages
long-term observations to offset instantaneous noise, widening the evidence gap
between strong and weak candidates over time.

The second term is the entropy regularization term ’H(zgf)), used to suppress
premature polarization:

H(z) == 3 2 g2l (5)
0€0y

This term encourages the distribution to maintain uncertainty when evidence
is still insufficient, avoiding locking onto a single association when evidence is
ambiguous.

The third term is the temporal smoothing term D(-,-), used to suppress
association jitter:

—1 1 —1
Dl 2y ) = 5 2 (ol y =20y ©)
0€0y

This term penalizes drastic changes in the soft assignment distribution between
adjacent frames, ensuring the association updates only when new evidence is
sufficiently strong.
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This objective defines a graph optimization problem over the candidate object
set Oy for the fine-grained node f. As the final determination of a functional
edge is essentially a discrete choice from a finite set of candidate objects, we
construct an integrated decision score:

AD (0« f) = L' (0  f) +log 2" (7)

o[

and for each f, we take the following over the Oy:

of) = arg max AW (0« f), (8)

i.e., we adopt a Top-1 strategy to select the object with the highest score, in-

corporating (5?) < f) into & as the functional edge at time t.

4.3 Global Hierarchy Shaping

As described in Section directly parsing the multi-level structure at the 2D
layer leads to candidate combinatorial complexity and single-frame view am-
biguity. Whereas in the 3D layer, nodes and functional edges have completed
cross-frame fusion via graph optimization, 2D noise is significantly suppressed,
and reliable evidence can be provided using precise 3D geometry. Therefore,
multi-hierarchical relationships are better determined in 3D.

Given the result from the last step F, = {f € F | (o + f) € £} for each
object 0 € O, the goal of global hierarchy shaping is to rewrite suitable o < u
edges among them into hierarchical o <— ¢ < u connections. We leverage the
hierarchical role feasibility r?(o),riﬁ’(o) € {0,1} provided by M; to define the
candidate functional carrier set C, = {f € F, | r?(o) = 1} and the candidate
interactive unit set U, = {f € F, | r/f(0) = 1} within F,. A one-time pairing is
performed on C, x U, by defining binary pairing variables Y., ,, € {0,1} where
ZCECO Yeeuw <1 (Yu € U,), ensuring that each interactive unit u is assigned
to at most one functional carrier ¢. The pairing objective is to maximize a score
based on semantics and geometry:

{/nax Z Z Yceu (Cprior (C7 ’LL) + Gnear(c7 u)) . (9)

eeul u€U, c€C,

Here, Chprior(c, u) is the semantic compatibility defined by My; Grear(c, u) is the
3D geometric proximity score. Finally, we restructure the graph based on the
optimization result Y., ,: if Y., = 1, the o0 < u edge is removed and ¢  u is
added to construct the o < ¢ <= w hierarchy; if ) Y., = 0, the direct 0 < u
connection is retained.

5 Datasets and Benchmarks

OpenFunGraph [75] provides a coarse-grained benchmark on functional 3D scene
graphs on FunGraph3D and modified SceneFun3D, with most annotations fo-
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Fig. 3: Examples of the improved benchmark. We introduce tabletop manipulable
objects and hierarchical relationships.

cusing on large furniture (e.g. cabinet, refrigerators), linking all interactive el-
ements to the object without considering natural hierarchies (e.g. wardrobe-
drawer-knob). As shown in Figure |3] our improved benchmark makes it more
fine-grained and closer to realistic setting by introducing (1) various tabletop
objects which play a common role in manipulation tasks (e.g. kettle, bottle); (2)
hierarchical relations which indicate the specific functional carrier of each inter-
active element (e.g. pot-lid-knob, chest-drawer-knob). To enable it, we mimic the
annotation tool in OpenFunGraph and extend it with hierarchical annotation
features. Annotators can navigate the 3D scene and annotate the instances of
object - functional carrier - interactive unit triplets with a free-form label. To
enable the above extensions, we conducted a systematic hierarchical functional
annotation and statistical analysis on FunGraph3D and SceneFun3D .
FunGraph3D contains 722 nodes (O = 224, C = 94, U = 404), with 592 func-
tional edges in total; among them, 118 are hierarchical relations, and 140 belong
to the tabletop category. In contrast, we find that the scenes in SceneFun3D do
not include many tabletop items. Therefore, it is just used for evaluating hier-
archical performance. It contains 417 nodes (O = 106, C = 90, U = 221), with
438 functional edges; among them, 120 are hierarchical relations.

6 Experiments

6.1 Experimental Setup

Datasets and Metrics. We evaluate functional 3D scene graphs on the extended-
annotation SceneFun3D and FunGraph3D datasets. The evaluation protocol fol-
lows the retrieval-based setting of OpenFunGraph , but with two key mod-
ifications to accommodate the semantic granularity differences and dense local
label distribution introduced by free-text labels and our tabletop/multi-level
annotation extensions. First, in node/triplet evaluation, a hit is defined as Re-
call@3/Recall@5b, or a similarity score exceeding 0.75/0.70, to mitigate false neg-
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atives caused by subtle phrasing differences in synonymous labels. Second, the
Hungarian algorithm is used to perform optimal one-to-one matching between
ground-truth nodes and predicted nodes, preventing a single predicted node or
edge from being hit by multiple close ground-truths, which would inflate the
recall rate. Apart from these two points, the rest of the procedure remains con-
sistent with OpenFunGraph. Considering our introduction of tabletop objects
and hierarchical structures, node metrics are reported separately for three levels:
objects, functional carriers, and interactive units, with the performance on the
tabletop subset tallied separately. For triplet evaluation, in addition to overall
results, we also report performance on the hierarchical and tabletop subsets.
Baselines. We primarily compare our method against two representative ap-
proaches: FunGraph [52] and OpenFunGraph [75]. FunGraph proposed a functional-
aware 3D scene graph, establishing has-part connections for objects and func-
tional parts in a three-stage pipeline using 2D-trained functional part detection
and VLM contextual annotation. OpenFunGraph provides a baseline closer to
our task setting for inferring functional 3D scene graphs in an open-vocabulary
manner. To avoid performance discrepancies caused by the language model, the
GPT-4 [1] used in the original OpenFunGraph was replaced with GPT-5 |42], the
model used in this study. However, OpenFunGraph faces difficulties in complex
scenarios that involve tabletop objects and hierarchical relationships. Therefore,
while maintaining its simple recognize-then-connect paradigm, we incorporate
additional prompts into both its detection module and the LLM reasoning pro-
cess. By retaining tabletop categories in its detection’s semantic filter and pro-
viding the LLM with systematic examples of tabletop functions, we implemented
OpenFunGraph Tabletop. Building on this, we further incorporate relevant ex-
amples and instructions for constructing hierarchical relationships into the LLM
prompts, resulting in OpenFunGraph Hierarchy.

Data processing. Achieving fine-grained scene understanding inevitably leads
to a surge in information density. For instance, on the FunGraph3D dataset, the
number of nodes detected and recalled by our system is 2.1 and 1.8 times that
of OpenFunGraph, respectively. To control computational overhead, we apply
keyframe downsampling to all input sequences. This strategy compresses our
runtime to be comparable with the baseline. All subsequently reported metrics
for our method are based on these downsampled sequences. The ability to main-
tain an extremely high recall rate under such sparse observations is attributed to
the reliable anchoring of 2D functional edges based on concrete visual evidence,
alongside the robust multi-cue association and graph optimization mechanisms,
whose historical accumulation and temporal smoothing effectively bridge the
temporal gaps caused by downsampling.

6.2 Results

Quantitative Comparison. The quantitative results are shown in Table[I]and
Table [2| Since SceneFun3D does not contain tabletop objects at the node level,
we get a similar node retrieval ability with OpenFunGraph on easily detected
large furniture. However, we consistently outperform on functional carriers for
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Table 1: Node evaluation on the SceneFun3D and FunGraph3D datasets. “~” indicates
SceneFun3D does not contain Tabletop Nodes.

SceneFun3D |11 FunGraph3D 75|
Methods Objects Fun. Carriers Inter. Elements Overall Nodes  Objects Fun. Carriers Inter. Elements Tabletop Nodes Overall Nodes
FunGraph 47.2 32.2 55.2 48.2 28.6 26.6 20.3 25.7 23.7
OpenFunGraph 72.6 13.3 68.8 57.8 49.1 11.7 28.7 39.3 32.8
OpenFunGraph Tabletop - - - - 53.5 11.7 42.1 52.1 41.7
OpenFunGraph Hierarchy 72.6 47.8 68.8 65.2 53.5 41.5 43.3 55.7 46.3
Ours 75.5 66.7 70.1 70.7 56.3 8.7 58.2 1.4 60.2

Table 2: Triplet evaluation on the Scene- Table 3: Ablations on FunGraph3D |75|
Fun3D and FunGraph3D. “x” indicates dataset for nodes and triplets.
the method fails to recall the triplets.

Nodes Triplets
SceneFun3D |11 FunGraph3D [75] Methods Table-top Overall Hier. Table-top Overall
i\;{e:ﬂhod: - Hicrarchical 0;«:911 Hicrarchical m:;m,» o:;-,.l;.n Assoc. OpenFG 581 161 46.6 186 10.9
FunGraph [52 x 3.5 x .4 ¢ -
OpenFunGraph [73] x 30.8 x 136 218 No-GO-Count 67.1 551 50.8 57.9 47.1
OpenFunGraph Tabletop - - x 421 285 2D-Hierarchy 70.3 51.9 449 60.7 49.2
OpenFunGraph Hierarchy 125 37.6 16.1 42.9 35.1 Ours 71.4 60.2  61.9 61.4 55.6

Ours 52.5 50.9 61.9 61.4 55.6

our designated process on that hierarchy. On the FunGraph3D dataset, which
features numerous tabletop objects and hierarchical structures, we demonstrate
significant advantages across all node evaluation metrics. To be specific in each
baseline, FunGraph relies on 2D-trained part detection and contextual annota-
tion, lacking open-vocabulary capabilities, cross-frame fusion, and explicit hier-
archical modeling. It struggles to form stable grounding for dense small parts
and multi-level relationships, thus exhibiting overall lower node and triplet met-
rics on both datasets. OpenFunGraph relies solely on geometric proximity and
CLIP mean aggregation, making it difficult to distinguish small-scale, texture-
less tabletop nodes and densely arranged fine-grained hierarchical nodes (e.g.,
bottles, drawers) during 3D fusion. Overall, the improvement in our node recall
is attributed to: 1) the dynamic Interactability Map, which expands the func-
tional node candidate space; 2) more robust cross-frame node association; and
3) building upon 2D functional anchoring, the carrier role is explicitly preserved
via temporal association and 3D global hierarchy shaping.

At the triplet level, the significant discrepancy between the Tabletop and Hi-
erarchy subsets corroborates the challenges regarding the lack of visual anchoring
and attribution uncertainty. FunGraph [52] relies on detection box overlap and
incremental fusion; however, due to the lack of global temporal optimization,
it struggles to rectify single-view occlusions, false detections, and accumulated
errors. OpenFunGraph falters under noise and aliasing due to the lack of explicit
modeling for tabletop and hierarchical structures and its reliance on coarse 3D
spatial overlap to filter candidates. OpenFunGraph Hierarchy still adheres to the
geometric proximity paradigm, unable to resolve bounding box aliasing among
spatially adjacent nodes of the same category (e.g., dense drawers); meanwhile,
OpenFunGraph Tabletop is plagued by the geometric drift of tiny nodes and
attribution ambiguity of interactive units caused by a lack of temporal consis-
tency. In contrast, we leverage 2D visual anchoring and temporal optimization
to robustly determine functional relationships.
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Fig. 4: Qualitative results. Our constructed functional 3D scene graph features a hier-
archical structure and covers a more comprehensive range of manipulable objects.

Qualitative Comparison. Figure [] provides a more intuitive comparison of
different methods in real-world scenarios. OpenFunGraph and FunGraph often
only construct a few tabletop-level objects and can hardly recognize their inter-
active units, let alone reliable functional edges. Regarding multi-level relation-
ships, closely arranged similar carriers (e.g., rows of drawers, adjacent cabinet
doors) introduce strong ambiguity. OpenFunGraph and FunGraph often ignore
the functional carriers altogether, instead hard-linking the interactive units di-
rectly to the object body; even so, under occlusion and viewpoint changes, this
direct connection lacks geometric and topological grounding, and incorrect asso-
ciations occur frequently. In contrast, our method can accurately restore typical
hierarchical structures, and successfully construct most nodes and functional
edges in tabletop scenarios. See the supplement for more qualitative results.
Real-World Manipulation Tasks. Furthermore, to validate the utility of the
constructed hierarchical functional scene graph in real-world manipulation tasks,
we conduct multi-task natural language-guided manipulation demonstrations on
a physical robotic arm platform; experimental details and results are provided
in the supplementary material.

6.3 Ablation Studies

Ablation Settings. We define three ablations on the FunGraph3D dataset
to evaluate the contribution of each key component: 1) Assoc-OpenFG replaces
our multi-cued node association with OpenFunGraph’s 3D-IoU + CLIP cosine
similarity; 2) No-GO-Count removes graph optimization, selecting the edge via
Top-1 2D observation count. 3) 2D-Hierarchy directly parses the hierarchical
relationship at the 2D level without refinement at the 3D level;
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Results and Analysis. As shown in Table [3] Assoc-OpenFG is significantly
impaired: 3D-IoU has poor discriminability for adjacent similar instances (e.g.,
bottles, drawers) and CLIP is unstable for parts, while our multi-cued scoring
effectively suppresses such mismatches. No-GO-Count shows a decrease: simple
counting cannot resolve 2D ambiguities, indicating frequency alone is insufficient
to replace energy-based temporal graph optimization. 2D-Hierarchy declines pri-
marily in hierarchical triplets: parsing the O < C < U hierarchy in 2D intro-
duces candidate explosion and view ambiguity, while moving this determination
to 3D avoids these issues. See the supplement for more ablations.

7 Conclusion

This paper aims to address the deficiencies of existing functional 3D scene graphs
in handling tabletop objects and hierarchical structures for fine-grained manip-
ulation. We first extend the benchmark to cover tabletop manipulable objects
and hierarchical structures. To tackle the challenges introduced by this expan-
sion, which existing paradigms struggle to address, including the lack of visual
anchoring in relational reasoning, instance confusion during cross-frame fusion,
and attribution uncertainty under dynamic viewpoints, we propose an open-
vocabulary, visually grounded and graph-optimization-based pipeline. This ap-
proach anchors functional edges using 2D evidence, stabilizes instance identity
via multi-cue association in 3D, robustly determines edge attribution through
temporal graph optimization, and finally performs global hierarchy shaping to
recover the hierarchical structure. Experiments demonstrate that our method
significantly outperforms existing approaches on the expanded benchmark.
Limitations. 1) Ambiguities may persist under extreme occlusion or restricted
viewpoints; 2) Performance is bounded by the quality of detection/segmentation
and VLM discrimination. Future work will explore active viewpoint selection.
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