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Abstract

While recent work in scene reconstruction and understand-
ing has made strides in grounding natural language to phys-
ical 3D environments, it is still challenging to ground ab-
stract, high-level instructions to a 3D scene. High-level
instructions might not explicitly invoke semantic elements
in the scene, and even the process of breaking a high-level
task into a set of more concrete subtasks —a process called
hierarchical task analysis— is environment-dependent. In
this work, we propose ASHiTA, the first framework that
generates a task hierarchy grounded to a 3D scene graph
by breaking down high-level tasks into grounded subtasks.
ASHiTA alternates LLM-assisted hierarchical task analy-
sis —to generate the task breakdown— with task-driven 3D
scene graph construction to generate a suitable representa-
tion of the environment. Our experiments show that ASHiTA
performs significantly better than LLM baselines in break-
ing down high-level tasks into environment-dependent sub-
tasks and is additionally able to achieve grounding perfor-
mance comparable to state-of-the-art methods.

1. Introduction
Modern machine vision applications, ranging from robotics
to augmented reality, demand the development of vision
systems that are able to parse and support the execution
of high-level instructions, possibly provided by non-expert
users. For example, consider a robot that is given a high-
level task of preparing for dinner. To carry out this task,
the robot is required to decompose the task into granular
subtasks like fetching objects or visiting locations of inter-
est (e.g., go to the kitchen, preheat the oven). Moreover, it
must be able to ground these instructions into 3D objects
and locations observed in the environment.

Towards these goals, prior work has mostly focused
on developing more expressive map representations, which
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Prepare for dinner

Set the dining table.
Preheat the oven if you’re cooking.

Wash the plates and utensils thoroughly.

Refrigerate 
beverages and 
chilled food.

Plate
Dining Table

Oven
Sink

Stove

Refrigerator

Figure 1. Given the high-level task of "Prepare for dinner", ASHiTA au-
tomatically generates a hierarchy of subtasks (and items) while grounding
them to a 3D scene graph. For the scene graph in the figure, the blue node
corresponds to the high-level task, magenta nodes correspond to the sub-
tasks, and red nodes correspond to the items required by the subtasks.

combines both geometric and semantic information, to fa-
cilitate the grounding process. Related work investigates
sparse object-based metric-semantic maps [36, 38], dense
metric-semantic maps [31, 35], and 3D scene graphs [2,
15, 46]. Traditionally, these representations have relied
on closed-set semantic labels, where the semantic concepts
are restricted to the set of labels annotated in the training
dataset. However, using a pre-defined set of labels limits the
expressiveness of the map model (e.g., if our robot only has
a “chair” class, it might not be able to distinguish a folding
chair from a rocking chair), thus imposing constraints and
creating ambiguity when grounding language commands.

To overcome this constraint, recent work has utilized
new foundation models with open-set semantics for map-
ping [12, 17, 45]. However, as pointed out in [30], when
using open-set semantics, it becomes unclear how to group
objects (e.g., is the zipper of a bag an object, or only
the bag itself?) Therefore, the work [30] proposes an ap-
proach that clusters open-set concepts in the map in a task-
driven fashion, thus representing the objects and places in a
scene graph at the granularity required by specified natural-
language tasks. However, the resulting approach, Clio [30],
still cannot support high-level tasks and is limited to sup-
porting simple tasks that explicitly invoke relevant objects
and locations (e.g., preheat the oven, go to the kitchen).
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Other approaches to solving complex robotics tasks re-
quiring semantic reasoning try to sidestep this task-to-
visual grounding problem. Side stepping this problem in
tasks such as natural language navigation instruction fol-
lowing [13], semantic search problems [4, 49], and natural-
language-directed pick and place [1, 11] leads to effective
problem-specific solutions. More concretely, rather than
rolling out the next action sequentially from what is cur-
rently seen by the robot’s camera [1, 13], we use explicitly
stored observations from the entire scene for task decom-
position, which enables the reasoning of tasks without clear
termination conditions and over larger scenes.

Contribution. This paper presents the first framework
to automatically generate a task hierarchy —which breaks
down high-level tasks specified in natural language into
subtasks and items— while grounding the task hierarchy
into a 3D scene graph representation of the environment.

We start by considering the idealized case where the
robot is not only given high-level tasks but also the
grounded breakdown of the tasks into subtasks (what we
call a task hierarchy). Our first contribution is to gener-
alize the Information Bottleneck (IB) principle [42] used
in [30] to generate a hierarchy of compressed representa-
tions: these are the layers of the 3D scene graph, which
describe the scene at increasing levels of abstraction. We
show that, under certain Markov assumptions between the
random variables, we can derive an iterative algorithm for
this hierarchical generalization of the IB (H-IB). Given a
task hierarchy, the H-IB creates a scene graph where the
layers are arranged according to the task hierarchy.

A fundamental issue is that in practice the robot is given
the high-level task, but may not be given the task hierarchy
(i.e. might not be provided with the details of the subtasks to
execute). This is a common situation since the task hierar-
chy itself is environment-dependent. For instance, given the
task “clean the office”, the exact breakdown and subtasks
depend on the layout and items within the office in ques-
tion. Therefore, the key observation is that not only should
the map representation depend on the task, but the way we
break down the task depends on the information in our map
representation. Hence our second contribution is an itera-
tive approach that alternates between a top-down hierarchi-
cal task analysis to generate a task hierarchy, and a bottom-
up task-driven 3D scene graph construction to ground the
task hierarchy. The result is ASHiTA, an approach for au-
tomatic scene-grounded hierarchical task analysis (Fig. 1).

We evaluate ASHiTA on both the idealized case with
given task hierarchies and also the case where only high-
level tasks are specified. Our experiments show that (i)
given a task hierarchy, ASHiTA is able to generate a task-
driven 3D scene graph that is more accurate in grounding
task-relevant objects than state-of-the-art zero-shot visual-
grounding models [52, 53] and (ii) given high-level natural

language tasks, ASHiTA is able to automatically generate a
task hierarchy grounded to a 3D scene graph. To our knowl-
edge, ASHiTA is the first system capable of accomplishing
this, and our experiments demonstrate competitive advan-
tages over naive LLM and scene graph baselines.

2. Related Work
Scene Graphs. Scene graphs have been used in computer
graphics, vision, and robotics. 2D scene graphs such as [18]
have been used for image retrieval, generation, and under-
standing. 3D scene graphs model 3D scenes using a graph
where nodes are semantic concepts —grounded in 3D—
and edges represent relations [2, 21, 35]. In contrast to
voxel [28, 37] or neural feature field [20, 39] based rep-
resentations, 3D scene graphs provide structured, relational
information that directly supports high-level reasoning and
task planning by explicitly capturing object relationships
and attributes. SceneGraphFusion [46] estimates a scene
graph of objects and relations in real-time. Hydra [14] is the
first approach to build a hierarchical scene graph (includ-
ing multiple layers) in real-time from sensor data. These
algorithms and models focus on a closed set of semantic la-
bels, which fundamentally limits their ability to represent
novel and open-ended concepts encountered in complex,
real-world environments.

Open-Set Semantic Understanding. A number of re-
cent works have explored the use of vision-language foun-
dation models for open-set semantic understanding. Con-
ceptGraph [12] leverages vision-language models for 3D
multi-view association, as well as SAM [22] and CLIP [33]
to cluster a scene based on the objects’ semantic and geo-
metric similarity. HOV-SG [45] leverages open-vocabulary
vision foundation models to obtain segment-level maps
in 3D and ultimately construct a hierarchy of concepts,
though not in real time. CLIO [30] builds a task-driven
3D scene graph, where an information-theoretic framework
is used to select the subset of objects and scene structures
that are relevant to the task specified in natural language.
While these approaches have made impressive strides to-
wards semantically rich map representations, they still as-
sume manually defined layers within the 3D scene graph,
thus constraining the type of language instructions that can
be grounded [30, 45].

Hierarchical Task Analysis. The breakdown of a com-
plex long-horizon task into subtasks has been historically
studied within the task and motion planning (TAMP) frame-
work [10, 51]. Given a task in natural language, SayCan [3]
uses LLMs to generate a set of feasible planning steps, re-
scoring matched admissible actions with a learned value
function, but limited by the size of the action space and
the assumption of a 1 to 1 mapping between LLM output
and action. LLM+P [27] uses an LLM as a PDDL writer in
solving a planning problem described in natural language,
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prompted with a domain PDDL and example problem-
PDDL pairs as context. Similarly, ProgPrompt [41] lever-
ages a programmatic LLM prompt structure to generate an
entire executable plan program directly, functional across
situated environments, robot capabilities, and tasks. Au-
toTAMP [6] uses Signal Temporal Logic (STL), derived
from state observation and language instructions, as the in-
termediary representation and performs autoregressive re-
prompting to correct syntactic and semantic errors. To en-
able geometrically and kinematically feasible plans, recent
works have explored the use of intermediate goals instead
of actions [48] and the generation of discrete and continu-
ous language-parameterized constraints [24]. The ability of
LLMs to perform task planning remains under debate, with
both positive [40] and discouraging [43] results. Grounding
the output of LLMs within the spatial and semantic struc-
ture of a scene graph [34] could potentially address the
limitations of these approaches in their ability to integrate
context-specific spatial information and actionable scene el-
ements, which are essential for robust and contextually rel-
evant task execution.

3. Problem Formulation

The core insight of ASHiTA is that when only given the
visual observations of a 3D scene and high-level tasks, the
proper breakdown of the tasks into subtasks depends on the
available tools and objects in the scene representation, while
at the same time, a scene representation capable of support-
ing the task execution depends on the task hierarchy.

Hierarchical Task Analysis. Hierarchical Task Analy-
sis (HTA) is widely used in fields such as User Experience
Design and Human-Computer Interaction [8, 32]. It is used
to break down complex tasks into a task hierarchy com-
posed of atomic subtasks to aid the understanding of how
tasks are performed. In the context of this work, our goal
is to perform HTA of a task that is grounded in the physi-
cal scene in order to understand how high-level tasks can be
carried out with observed objects in a 3D environment.

Task-Driven Scene Graph. We construct a Task-Driven
Scene Graph as a scene representation to ground the task hi-
erarchy given by HTA. Each node in the scene graph corre-
sponds to a task, a subtask, or an item involved in carrying
out a subtask (Fig. 1). These nodes are organized hierar-
chically such that each task involves multiple subtasks, and
each subtask involves interactions with certain items.

4. ASHiTA

This section describes ASHiTA, our approach for coupled
HTA and task-driven 3D scene graph construction. The ar-
chitecture is summarized in Fig. 2. ASHiTA consists of
three main components: (i) construction of the primitives
layer from visual input (Sec. 4.1), (ii) scene hierarchy up-

date (Sec. 4.2), where we construct and update the scene
graph based on the task hierarchy for a given high-level
task, and (iii) task update (Sec. 4.3), where the task hier-
archy is updated based on the generated scene graph. Given
a set of high-level tasks, ASHiTA starts with an initial task
hierarchy and iteratively performs scene hierarchy update
and task update to refine the task hierarchy and the scene
graph in an alternating fashion.

4.1. Primitives Layer Construction
The primitives layer is the bottom layer of ASHiTA’s task-
driven scene graph. It consists of a set of 3D bounding
boxes with associated visual features. To construct the
primitives layer from RGB-D inputs, a frontend performs
primitive detection and association, and a backend jointly
optimizes the estimated camera poses and primitive posi-
tions, ensuring spatial and temporal consistency of the prim-
itives. The camera poses are queried from RTABMap [25].

The frontend relies on EfficientViT [29], a class-agnostic
segmentation model, to detect class-agnostic 2D segments
from the input RGB camera images and MobileCLIP [44],
a visual-language encoder, to generate feature embeddings
for each segment, thus forming a set of 2D primitives de-
tected in the input frame. Note that the resolution of each
primitive depends on the segmentation model, which means
that a primitive can contain any object or object part. Each
primitive is then projected to 3D and transformed to the
world frame using the depth image and the estimated cam-
era pose, forming the 3D primitives. To associate the latest
3D primitives with previously seen primitives, we first sam-
ple candidates from within a 1m radius, then formulate the
problem of associating the latest primitives I = {i0, ..., iN}
to the candidate primitives J = {j0, ..., jM} as an assign-
ment problem using an N ×M score matrix, where each
entry contains the score s(i, j) for matching primitive i with
j. The score is defined as the weighted sum of visual simi-
larity and semantic similarity between primitives i and j

s(i, j) = ωtextϕtext(i, j) + ωvisual

∑
bbox

kmatch(i, j) (1)

The visual similarity term is the sum of the match
scores [26] of matched keypoints kmatch [7] within the de-
tection bounding box of primitives i and j, and the semantic
similarity term is the cosine similarity ϕtext of the feature
embeddings of primitives i and j. We compute the opti-
mal solution to this assignment problem with the Hungarian
matching algorithm [23], by maximizing the total cumula-
tive sum of scores for matching primitive i with primitive j.
After association, we optimize the camera poses and primi-
tive positions using GTSAM [9].

4.2. Scene Hierarchy Update
To construct the scene hierarchy from the primitives layer,
we use and extend a well-known tool from information the-
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Primitives Layer Construction

Scene Hierarchy Update

Task Update

RGB-D 
Images

Pose 
Estimates

Segmenter Encoder

Association Optimization

Encoded 3D 
Detections

Primitives Layer

Scene Graph

HIB Bottom-up 
Construction

Top-Down 
Pruning

Task-associated Primitives

Word 
Generator

Hierarchy 
Refinement

1. Clean the office
a. Clear items on desk

i. Paper
ii. …

b. Arrange the shelves
i. …

c. …
2. …

Task Hierarchy
Spatial Update

Figure 2. ASHiTA first segments and encodes primitives in 2D, and then associates and optimizes them in 3D together with the camera poses. ASHiTA
then breaks down high-level tasks into a task hierarchy by alternating two steps: a Scene Hierarchy Update (Section 4.2) which creates a 3D scene graph
from the primitives layer using the task hierarchy, and a Task Update (Section 4.3) which uses an LLM and the 3D scene graph to refine the task hierarchy.

ory, the Information Bottleneck [42], which compresses a
representation in a task-driven fashion. In particular, we
propose a hierarchical extension, dubbed the Hierarchi-
cal Information Bottleneck algorithm (H-IB), which com-
presses the primitives multiple times, according to the lay-
ers in the task hierarchy. We use the output of H-IB to first
construct the scene graph in a bottom-up fashion, then per-
form a top-down pass to refine and prune the parts of the
scene graph that have low task relevance.

Hierarchical Information Bottleneck. The Informa-
tion Bottleneck algorithm (IB) [42] seeks to find a com-
pressed representation S of the input data S0 that retains
as much relevant information about the task T as possible
while minimizing the amount of information about S0 that
is not useful for T . Intuitively, IB creates a "bottleneck" in
the information flow between input S0 and task T , and the
compressed version of the input S preserves the maximum
amount of information about T while discarding irrelevant
details from S0. Formally, this can be written as

min
P(S|S0)

I(S0;S)− βI(T ;S) (2)

where I(X;Y ) is the mutual information between X and
Y , and the parameter β controls the amount of compression.

H-IB is a generalization of IB to account for multi-
resolution tasks T1 . . . Tn and multiple levels of compres-
sion S1 . . .Sn. Conceptually, this can be visualized as pass-
ing input information through a series of bottlenecks of
varying sizes —from large to small— each representing dif-
ferent levels of abstractions. Formally, we can write the new
minimization functional as

min
P(Sk|Sk−1), k=1...n

n∑
k=1

I(Sk−1;Sk)− β

n∑
k=1

I(Tk;Sk) (3)

We solve for the minimum by taking the partial deriva-
tive of the Lagrangian of (3) with respect to P (sk|sk−1).

Assuming the Markov chain conditions Tn . . . ← T1 ←
S0 ← . . . ← Sn, we can write the Lagrangian in terms of
known probabilities and P (sk|sk−1). Setting the derivative
to zero gives a set of multi-layer update steps

pτ (sk|sk−1) =
1
Z pτ (sk) exp(−βd)

pτ+1(sk) =
∑

sk−1
pτ (sk−1)pτ (sk|sk−1)

pτ+1(tk|sk) =
∑

sk−1
pτ (tk|sk−1)pτ (sk−1|sk)

(4)

where d is a weighted sum of the Kullback–Leibler Diver-
gence DKL across the multi-resolution tasks.

d =DKL(pτ (tk|sk)||pτ (tk|sk−1))

+

n∑
i=k+1

∑
si

pτ (si|sk)DKL(pτ (ti|si)||pτ (ti|sk−1))
(5)

Note that we recover the standard IB [42] when n = 1. The
full derivation is given in the supplementary material.

As mutual information is always non-negative and
I(Tk;Sk) is bounded by the entropy H(Sk), the functional
(3) is bounded from below, preventing it from decreasing
indefinitely. Let us call Cτ the objective function value at
iteration τ in (3). Each iteration step is independent and re-
duces the objective with respect to one of the distributions
p(sk|sk−1), p(sk), and p(tk|sk) while keeping the others
fixed, therefore Cτ+1 ≤ Cτ . Since Cτ is non-increasing and
bounded below, the sequence converges. We remark that
since the objective is not jointly convex in all distributions
simultaneously, the algorithm may converge to different lo-
cal minima depending on the initialization.

Bottom-Up Construction. Starting with an ungrounded
initial task hierarchy, we generate a rough version of the
scene graph using H-IB as sketched out in Fig. 3a. Starting
with the primitives layer, we compute the normalized cosine
similarities between the primitives (green boxes in Fig. 3a)
and the text embedding of the items in the task hierarchy
(red diamonds in Fig. 3a) and take all primitives that have
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similarity of greater than 0.8 to form the input S0 to H-IB.
The multi-level abstraction of the tasks corresponds to the
task hierarchy such that T1 corresponds to the items in sub-
tasks, T2 corresponds to the subtasks, and T3 corresponds
to the high-level tasks. To account for the irrelevant parts of
the scene, we augment our task hierarchy with a null task
that consists of a single null action step with items: "item"
and "thing" [19], shown as the gray diamonds in Fig. 3a.

H-IB takes as input the conditional probabilities
P (T1|S0), P (T2|S0), and P (T3|S0). We compute these
using the text embeddings of the items in the task hier-
archy and the embeddings of the nodes in the primitives
layer [30]. For T1, we compute the cosine-similarities
scores between each embedding ft, t ∈ T1 and embedding
fs, s ∈ S0 and use the softmax function to obtain P (T1|S0).
From this, we can compute the conditional probability of
the subtasks P (T2|S0) for t2 ∈ T2 and s ∈ S0.

p(t2|s) =
∑
t1∈T1

p(t2|t1)p(t1|s) (6)

and the conditional probability of the tasks P (T3|S0)

p(t3|s) =
∑
t2∈T2

p(t3|t2)p(t2|s) (7)

The conditional probabilities are computed bottom-up
and do not require the sentence embeddings for the subtask
or task descriptions. This is in-line with the Markov chain
assumption made when deriving for the H-IB iterations.

We solve H-IB with β = 10 and with a min iteration of
10 and a max iteration of 1000 or until convergence, defined
as Cτ − Cτ+1 < 10−8. The output H-IB are the probabili-
ties P (S1|S0), P (S2|S1), and P (S3|S2). Each conditional
probability encodes a soft mapping from layer i to layer i+1
(i.e., the probability that an element in layer i is a child of
an element in layer i+ 1). We take the argmax of the con-
ditional probabilities to obtain the inter-layer edges, corre-
sponding to the highest probability mapping, between the
primitives layer to the items, the items to the subtasks, and
the subtasks to the tasks, respectively. We also map scene
graph nodes to the highest probability task, subtask, or item
in the task hierarchy by taking the argmax of P (Tk|Sk).
Intuitively, this step takes a set of primitives and funnel
them through the task hierarchy to obtain a 3D scene graph
that is aligned with the task hierarchy (Fig. 3a).

Top-Down Pruning. In some cases, H-IB produces mul-
tiple nodes associated to the same task entity (i.e., task, sub-
task, or item). In this step, we first merge any overlapping
scene graph nodes associated to the same task entity and
then discard irrelevant nodes top-down, as shown in Fig. 3b.
To do this, we define confidence as the probability of a node
s given the task entity t: p(s|t). This can be easily computed
from p(t|s), obtained from H-IB, along with p(s) and p(t).

Task Hierarchy

Null 
Task

(a) Bottom-Up Construction

Task Hierarchy

Null 
Task

(b) Top-Down Pruning

Task Hierarchy

Null 
Task

(c) Task Spatial Update

Task Hierarchy

Null 
Task

LLM

(d) Task Hierarchy Refinement

Figure 3. ASHiTA’s Scene Hierarchy and Task Update steps. The task
hierarchy is on the left with diamond-shaped nodes representing the task
entities. The scene graph is on the right, with circles marking the task-
aligned scene graph nodes and green boxes marking the primitives layer.
(a) Bottom-Up Construction: Starting from an initial task hierarchy, we
perform H-IB and use the result to construct a 3D scene graph. (b) Top-
Down Pruning: We perform pruning using the probabilities obtained from
H-IB and also prune nodes related to the null tasks. (c) Spatial Update:
Using the scene graph, we can update the spatial locations of the tasks,
subtasks, and items. (d) Hierarchy Refinement: With the suggested items
given by H-IB, we query the LLM to refine the task hierarchy.

Starting from the top of the task hierarchy, for each task,
we compare all the associated nodes of the task and only
keep the node with the highest confidence, pruning away all
other nodes and their descendants (e.g. the deleted blue cir-
cles and its subtask and item nodes in Fig. 3b). We repeat
this for the subtasks, and then also the items. Additionally,
we prune all nodes and their descendants that are associated
with the null task (e.g. deleted gray circles in Fig. 3b), as
they are considered irrelevant to the given tasks. Lastly, we
prune the primitives such that for each scene graph node
on the items layer, we retain only the primitive with the
highest confidence along with the primitives that intersect
this highest confidence primitive. After pruning, we assign
a bounding box and centroid to the item-associated scene
graph node based on the union of the remaining primitives.

4.3. Task Update

The task hierarchy has to be both spatially localized (i.e.,
each subtask should be executed at a location in the map),
and environment-aware (i.e., the task should reference ele-
ments in the environment). Hence, our task update consists
of two steps: spatial update and hierarchy refinement.

Spatial Update. Initially, the task entities are not
grounded, hence do not have any spatial information. Once
a task entity in the task hierarchy is aligned with a scene
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graph node, the task entity is grounded, and we update the
spatial information of the task entity and its descendants ac-
cordingly, as sketched out in Fig. 3c. The position of a task
entity is the centroid of the aligned scene graph node. The
radius of a task entity is defined as the distance from the
node to its nearest neighbor for the tasks and subtasks, or
the Euclidean norm of its bounding box dimension for the
items. This spatial approximation is accounted for in the
input conditional probabilities for the next round for H-IB,
as we will discuss below.

Hierarchy Refinement. The purpose of this step is to
update the subtasks and items in the task hierarchy to ac-
count for primitives that are not fully aligned to the task
hierarchy during Scene Hierarchy Update (Sec. 4.2), shown
as the dark green boxes in Fig. 3d. This is done by track-
ing the subtasks and the primitives that are assigned to the
subtasks during bottom-up construction (Fig. 3a), but are
pruned during the top-down step (Fig. 3b). Recall that each
primitive includes a visual embedding (Sec. 4.1). The Word
Generator takes in these primitives and passes them through
a word bank —an LLM-generated list of household items—
and finds the items with the highest CLIP similarities. The
output is a list of items present in the environment that can
be used for each subtask. For each subtask, we query an
LLM (Chat-GPT-4o-mini) to come up with a score be-
tween 0 and 1 for each item on the suggested list.

"Give me the probability values of each item
in the list <suggestion> being required for
the action: <subtask>.

We add the items with a score higher than a defined
threshold rs to the subtask, otherwise the suggested item
is stored to query for new subtasks. Then, for each task,
we collect the remaining suggested items not incorporated
by its subtasks, and query an LLM for the likelihood scores
in a similar manner, but with respect to the task. We collect
the items with scores above a defined threshold rt and query
the LLM for additional subtasks as follows,

"Given the previous steps for <task>, add ad-
ditional steps that involves only the follow-
ing items: <suggested-items>. Make sure
that the same item does not appear in more
than one step."

The new subtasks are then added to the task hierarchy
and incorporated in the next scene hierarchy update. This
process is shown in Fig. 3d. In our experiments, we set
rs = rt = 0.8 as the relevance threshold.

Spatially-Informed Conditional Probability. After
task entities are grounded, they include spatial attributes,
which need to be accounted for when computing the condi-
tional probabilities for H-IB (Sec. 4.2). We define a spatial

Method s-acc (%) t-acc (%)

3D-VisTA [52] 25.3 10.3
PQ3D [53] 24.4 9.7
ASHiTA 28.71 12.13

ASHiTA + Txt Emb. 65.4 39.33
GPT w/ GT labels [50] 75.9 52.1

Table 1. Evaluation of sequential grounding using the SG3D HM3DSem
dataset with ground truth 3D instance segmentation. Trials with knowledge
of the ground truth object labels are highlighted.

conditional probability for primitive si and task entity t,

ps(si|t) = η

{
1 d < r

exp (−(d− r)2/r2) d ≥ r;
(8)

where η is a normalization constant, d is the distance of a
primitive to the item task entity, and r is the radius of the
spatial attribute. We can then compute

ps(tk|si) = ps(si|tk)p(tk)/p(si) (9)

and define the new distribution as

p(tk|si) = ps(tk|si)pe(tk|si)/
∑
k

(ps(tk|si)pe(tk|si))

(10)
where pe is the embeddings-based conditional probability
discussed in Sec. 4.2. These distributions are then used in
the next round of the H-IB.

5. Experiments

In this section, we first evaluate the more straightfor-
ward case where the high-level tasks are already broken
down into subtasks. We verify that ASHiTA is able to
ground these given tasks and subtasks to objects in the
scene (Sec. 5.1). Next, we evaluate the main contribu-
tion of this paper: the automatic generation of a task hi-
erarchy grounded in a 3D scene graph given a high-level
task (Sec. 5.2). To justify the design choices made in
ASHiTA, we also perform an ablation study on the vari-
ous components of ASHiTA (Sec. 5.3). Lastly, we qual-
itatively demonstrate the performance of ASHiTA in real-
world scenes given various high-level tasks (Sec. 5.4).

5.1. Grounding Evaluation
We evaluate ASHiTA’s ability to ground subtasks to ob-
jects in the scene using the HM3DSem [47] test scenes with
annotated task decomposition and grounding given by the
SG3D dataset [50], which contains 890 high-level tasks dis-
tributed across 35 HM3DSem scenes.

To adapt ASHiTA for this evaluation, we use the given
tasks and subtasks and generate an item for each subtask
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Method s-acc (%) t-acc (%)

Hydra [14] + GPT 8.18 2.44
HOV-SG [45] 8.98 1.95

ASHiTA 21.7 8.78
Hydra (GT Seg) + GPT 14.2 6.34

Table 2. Evaluation of sequential grounding on 8 scenes from the SG3D
HM3DSem dataset with incrementally built scene-graph representations.
Trials with knowledge of the ground truth object labels are highlighted.

with Chat-GPT-4o-mini to form the initial task hier-
archy. We only run half of the Hierarchy Refinement de-
scribed in Sec. 4.3 to only update the items for each subtask
and omit the step to add additional new subtasks.

We first evaluate the performance when given the ground
truth 3D instance segmentation. We compare the perfor-
mance of ASHiTA with image embeddings and ASHiTA
with the text embeddings of the ground-truth labels against
state-of-the-art zero-shot 3D visual grounding models (3D-
VisTA [52] and PQ3D [53]) as benchmarked in [50]. We
use two metrics in our evaluation [50]: subtask-accuracy (s-
acc) and task-accuracy (t-acc) for given regions of the scene.
The subtask-accuracy is the percentage of subtasks that are
grounded to the correct object, and the task-accuracy is
the percentage of tasks with subtasks that are all correctly
grounded. The results are shown in Table 1. ASHiTA’s
performance is significantly better than the baseline zero-
shot models. The variants with ground truth information
demonstrates performance without segmentation noise and
with ideal visual-language alignment. In this limit, ASHiTA
surpasses the best fine-tuned baseline in SG3D [50] and ap-
proaches the performance of GPT with ground-truth labels
– falling short due to the lack of explicit relational informa-
tion (e.g. “next to”, “on top of”) in ASHiTA.

To evaluate approaches better suited for embodied appli-
cations that incrementally build scene graphs, we also use 8
RGB-D sequences generated by [45] from 8 HM3DSem test
scenes. This corresponds to 205 high-level tasks from the
SG3D dataset [50]. Our baselines for this experiment are
to use GPT to ground the task hierarchy on Hydra [15] and
HOV-SG [45] generated scene graphs. For Hydra, we eval-
uate with both ground-truth 2D instance segmentation and
with a closed-set segmentation model (OneFormer [16]),
crop the resulting scene graph to the given evaluation re-
gion, then convert the resulting scene graph to a query-able
format: {Room1: {Object 1: {label: <object-name>, posi-
tions: (x, y, z)}, Object2: ...}, Rom2: {}}. This is given to
GPT-4o-mini alongside the tasks and the subtasks, and
GPT identifies the node associated to each subtask. For
HOV-SG, we also first crop the scene graph of the full scene
to the given region, then we query the scene graph with the
subtasks as described in [45] using GPT-4o-mini to re-
trieve the grounded object for each subtask. For evaluation,
we require the centroid of the estimated object bounding

Method s-rec (%) s-prec (%) t-acc (%)

Hydra + GPT 9.43 15.51 4.88
HOV-SG + GPT 4.55 4.87 1.95

ASHiTA 10.39 20.6 9.27
ASHiTA (GT Pos) 15.12 34.47 16.59

Hydra (GT Seg) [14] + GPT 17.06 18.98 14.63
ASHiTA (GT Pos + Txt Emb) 38.71 34.39 36.1

Table 3. Evaluation of Hierarchical Task Analysis. Gray highlight indi-
cates directly using ground-truth object positions. Blue highlight marks
trials having knowledge of ground-truth labels.

box to be contained by the ground-truth object bounding
box to be considered a correct match. The results are shown
in Table 2. We show that ASHiTA significantly outperforms
the GPT-powered baselines, even when ground-truth seg-
mentation is used in Hydra, cf . Hydra (GT Seg) in the table.

5.2. Hierarchical Task Analysis
We adapted the SG3D dataset [50] to evaluate hierarchical
task analysis using the given subtasks as the reference task
hierarchy for each high-level task. To evaluate a generated
task hierarchy, we count an estimated subtask as correct if it
grounds to the same set of objects as a reference subtask and
incorrect otherwise. A reference subtask is missed if there
is no estimated subtask that grounds to its set of objects. We
report three metrics: subtask recall, step precision, and task
accuracy. Given C correct subtasks, I incorrect subtasks,
and M missed reference subtasks, the subtask recall (s-rec)
is defined as C

C+M , and the subtask precision (s-prec) is
defined as C

C+I . The task accuracy (t-acc) is the percentage
of tasks with no incorrect subtasks.

We utilize the 8 RGB-D sequences [45] and the asso-
ciated 205 high-level tasks for evaluation. We again use
GPT-4o-mini and the scene graphs generated by Hy-
dra [14] and HOV-SG [45] as baselines for evaluation. In-
stead of asking ChatGPT to identify the node associated to
each subtask, we ask for the subtasks and nodes given the
query-able scene graph and the high-level task. The results
are shown in Table 3. ASHiTA outperforms the baselines by
a large margin. The GPT-powered baselines tend to provide
a large number of subtasks that include many contextually
relevant but redundant and sometimes tangential subtasks,
and this can be seen in particular with the lower subtask
precision for Hydra with GPT. HOV-SG is not well suited
to parsing high-level tasks, as it expects a formatted hierar-
chical query that is aligned with the scene graph structure.

5.3. System Ablations
We perform ablations on the components of ASHiTA, com-
paring the full ASHiTA pipeline against (i) replacing the
H-IB with recursively running the original IB algorithm,
(ii) removing the Top-Down pruning step (Sec. 4.2), (iii)
removing the Spatial Update (Sec. 4.3), and (iv) remov-
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Config s-rec (%) s-prec (%) t-acc (%)

Recursive IB 1.51 24.53 1.46
w/o Top Down Pruning 9.22 18.93 5.37

w/o Spatial Update 8.7 22.22 6.34
w/o Hierarchy Refinement 7.71 23.13 6.83

Primitives + GPT 6.14 7.16 5.37
ASHiTA 10.39 20.6 9.27

Table 4. Ablation study on components of the ASHiTA pipeline.

ing the LLM-based Hierarchy Refinement (Sec. 4.3). We
also include a comparison against using only GPT and the
primitives layer: in this case, we first obtain words in the
word bank based on the max cosine similarity score, and
query GPT-4o-mini with the labeled primitives to come
up with the subtasks and associated grounding. The results
are shown in Table 4. While applying IB recursively com-
pared to H-IB yields a higher precision, we obtain signifi-
cantly lower recall due to the disconnect between layers of
the task hierarchy in recursive IB variant.

5.4. Qualitative Results
Real-World Demonstrations. We demonstrate ASHiTA
working in real-world environments. In Fig. 4, a Boston
Dynamics Spot is teleoperated through a snack bar and an
adjacent seminar room. Given high-level tasks of “prepare
room for a seminar” and “prepare room for seminar recep-
tion”, ASHiTA was able to detect grounded items and sub-
tasks associated with these high-level tasks. One limitation
of ASHiTA exposed here is the ability to deal with multiple
identical items. As seen under the chair arrangement sub-
task in Fig. 4, even though there are many identical chairs in
the seminar room, ASHiTA retained only three chairs and
assigned them unique labels. In Fig. 5, the Spot explores a
hardware area in an office building. ASHiTA is given four
high level tasks of varying abstraction, is able to perform
reasonable hierarchical task analyses on the given tasks, and
demonstrate the ability to incorporate additional subtasks to
account for observed scene elements.

6. Limitations and Future Work
One major limitation of ASHiTA is the lack of relations
in ASHiTA’s 3D scene graph, which means that ASHiTA
is unable to accurately handle the incorporation of spatial
specifications like “inside-of” or “on-top-of”. Additionally,
the level of detail of the task hierarchy is limited by the
descriptiveness of the word bank. Similar but distinct ob-
jects (e.g., different types of cups) will not be differentiated
in the task hierarchy and the final scene graph if the word
bank consists only of a general category type (e.g., cup).
Lastly, there is no guarantee that the subtasks in the gener-
ated task hierarchy are sufficient to carry out the given high-
level task. The hierarchical tree structure also constrains the

Prepare room for seminar

Prepare room for 
seminar reception

Arrange chairs in neat 
rows and ensure proper 
spacing

Set up the screen at 
the from of the room 
for presentations

Test microphone for speaker

Chairs
Guest Seating

Auditorium 
Chairs

Podium

Sort and categorize 
snacks on the rack

Screen
Snack Rack

Snacks Refill water in water dispenser

Ensure the coffee machine is 
in good working condition 
and clean

Water Dispenser

Coffee Machine

Soda Dispenser

Soft Drink 
Cooler

Check the inventory of 
soft drinks in the cooler 
and restock if necessary

Clean the soda dispenser to 
ensure it is hygienic and 
functioning properly

Figure 4. ASHiTA demonstrated in a real-world seminar room and snack
bar on a robot, given two high-level tasks. Blue denotes the high-level
tasks, magenta the decomposed subtasks, and red the items.

Move the Wheel
Inspect ladder for damageCheck for Printing Supplies

Organize the 
workshop

Check the storage bins for 
extra ink cartridges

Check the printer for paper levels Inspect the ladder 
for loose bolts

Put the wheel 
on a cart

Locate the 
wheel

Arrange tools by size in the tool chest
Store miscellaneous items neatly on the rack.

Wheel

Use the shop vacuum to clean up any 
remaining debris and dust

Ladder

Cart

Storage Bins

Printer

Workbench

Tool Chest

Shop Vacuum
Peg Board
Tool Rack

Toolbox

Clear the workbench of 
unnecessary items

Figure 5. ASHiTA demonstrated in a real-world hardware workshop en-
vironment on a robot given 4 high-level tasks.

granularity of subtasks in an object-centric manner, prevent-
ing an object from being shared across multiple subtasks. A
possible future direction is to incorporate classical planning
approaches to verify and refine the generated subtasks [5].

7. Conclusion

We present ASHiTA, the first framework to generate a task
hierarchy grounded to a 3D scene graph by breaking down
high-level tasks into grounded subtasks. To achieve this, we
introduce the Hierarchical Information Bottleneck (H-IB),
a hierarchical generalization of the well known Information
Bottleneck algorithm [42], and present an iterative approach
that alternates between hierarchical task analysis and scene
graph generation. We demonstrated that ASHiTA is able
to decompose high-level tasks into grounded subtasks bet-
ter than LLM and scene graph baselines by benchmarking
against human-annotated scene-specific task breakdowns.
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