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Abstract

Embodied Al agents that search for objects in
large environments such as households often need
to make efficient decisions by predicting object lo-
cations based on partial information. We pose this
as a new type of link prediction problem: link
prediction on partially observable dynamic
graphs. Our graph is a representation of a scene
in which rooms and objects are nodes, and their
relationships are encoded in the edges; only parts
of the changing graph are known to the agent at
each timestep. This partial observability poses a
challenge to existing link prediction approaches,
which we address. We propose a novel state repre-
sentation — Scene Graph Memory (SGM) — with
captures the agent’s accumulated set of observa-
tions, as well as a neural net architecture called a
Node Edge Predictor (NEP) that extracts informa-
tion from the SGM to search efficiently. We eval-
uate our method in the Dynamic House Simulator,
a new benchmark that creates diverse dynamic
graphs following the semantic patterns typically
seen at homes, and show that NEP can be trained
to predict the locations of objects in a variety of
environments with diverse object movement dy-
namics, outperforming baselines both in terms of
new scene adaptability and overall accuracy. The
codebase and more can be found this URL.

1. Introduction

Temporal link prediction is the problem of estimating the
likelihood of edges being present in the future in a dynam-
ically changing graph based on past observed instances
of the full graph (Divakaran & Mohan, 2020). This type
of problem appears when analyzing social networks, com-
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munication networks, or even biological networks. We
investigate a novel instance of this problem: temporal link
prediction with partial observability, i.e. when the past
observations of the graph contain only parts of it. This
setting maps naturally to a common problem in embodied
Al: using past sensor observations to predict the state of a
dynamic environment represented by a graph. Graphs are
used frequently as the state representation of large scenes
in the form of scene graphs (Johnson et al., 2015; Armeni
etal., 2019; Ravichandran et al., 2022a; Hughes et al., 2022),
a relational object-centric representation where nodes are
objects or rooms, and edges encode relationships such as
inside or onTop. Link prediction could be applied to
partially observed, dynamic scene graphs to infer relation-
ships between pairs of objects enabling various downstream
decision-making tasks for which scene graphs have been
shown to be useful such as navigation (Amiri et al., 2022;
Santos & Romero, 2022), manipulation (Agia et al., 2022;
Zhu et al., 2021) and object search (Ravichandran et al.,
2022a; Xu et al., 2022).

In this paper, we study link prediction in dynamic, partially
observable graphs with a focus on using this formalism
to perform object search with an embodied Al agent in a
large scene. Although this is a popular problem, most past
works assumes a static scene with the agent having no prior
memory of it, whereas we focus on dynamic scenes with
a continually learning agent. For that, we first propose a
novel state representation named a scene graph memory
(SGM) that encodes the nodes and edges the agent has
observed—including those that may no longer be true—in
a single graph with reference to the time the nodes and
edges were lastly observed. The SGM enables the agent to
gradually build up a representation of all of its observations,
which can then be the input to a link prediction model.

Existing solutions for dynamic link prediction assume full
observability (knowing all the nodes and edges in graphs
from prior timesteps) and are not well suited to this new
kind of link prediction problem. Therefore, we introduce
a novel solution for dynamic link prediction in partial
observable settings based on a neural net architecture we
call a Node Edge Predictor (NEP). The NEP is designed
to predict the likelihood of a single node’s edges with a
self-attention mechanism that “compares” them.
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Figure 1.0ur problem setup and proposed method: an agent is queried to nd target objects in an unknown dynamic household
environment where objects change location over time and objects may be added or removed — a speci ¢ instance of the general problem
of link prediction in partially observable dynamic graphs. The agent can observe subsets of the true scene graph, which are aggregated
in a Scene Graph Memory which is then passed into the Node Edge Predictor model that produces observation-conditioned posterior
probabilities of where the query object is. Finally, the agent uses the posterior probabilities to decide on its next action.

Lastly, weaddress the lack of existing benchmarks for approaches based on graph neural networks (GNNs) for non-
link prediction with partially observable graphs by intro-  temporal (Zheng et al., 2021; Opolka &4.,i2022; Zhao
ducing theDynamic House Simulator. Existing simulators et al., 2022; Atzeni et al., 2021) as well as temporal link
for evaluating embodied agents in household environmentprediction (Qu et al., 2020; Lei et al., 2019; Skarding et al.,
(Li etal., 2021a; Shen et al., 2021; Savva et al., 2019; Ga2022; Singh et al., 2021) due to the capabilities of GNNs
et al., 2020; Deitke et al., 2022) change only by actiongo encode and ef ciently propagate graph information for
of the embodied Al agent, whereas the Dynamic Houseénference. Several works also combine GNNs with trans-
Simulator enables sampling diverse dynamic scenes thédrmers (Yang et al., 2021; Jin et al., 2022), which we also
realistically evolve over time. do with our Node Edge Predictor.

In summary, the contribution of our work is three-fold: We focus on a modi ed version of the temporal link predic-
tion problem. Motivated by challenges embodied Al agents

« We propose a new state representation, the Scene Grafipically face, we add the property of partial observabil-
Memory, to enable embodied agents to aggregate thelfy: only subsets of the prior input graphs are known. This

observations of a dynamic environment over time. ~ Makes the problem signi cantly more challenging, as the
model must make its predictions based on less information.

* We introduce a novel neural net architecture, the Node&=urthermore, our problem formulation allows for not just
Edge Predictor, and show it can be used to perform linkhe edges but also the nodes in the graph to be dynamic,
prediction learning on dynamic, partially observablewhich has rarely been the case in prior work (Haghani &
graphs. To the best of our knowledge, this is the rstKeyvanpour, 2017; Ran et al., 2022). To our knowledge,
solution to this type of problem. this is the rst work to introduce the problem of temporal

_ i link prediction on partially observable dynamic graphs.
* We present the Dynamic House Simulator, a novel

benchmark to evaluate embodied agent performance ilYlodeling object relations in embodied Al research:Of-
dynamic, partially observable environments, and showien in embodied Al tasks, the relations between objects in
that our proposed method signi cantly outperforms mul-the environment provide critical information for decision-
tiple baselines. making. Previous works have designed various data struc-
tures or representations that embed co-occurrence statistics
between objects such as probabilistic semantic maps (Li &
2. Related Work Meng, 2012; Veiga et al., 2016), graphical models (Kim
Temporal link prediction: Link prediction is the problem & Suh, 2019; Kollar & Roy, 2009; Aydemir et al., 2013;

of predicting the likelihood of unknown links (edges) in Lorbach et al., 2014), hierarchical models (Pronobis et al.,
graphs. While the community has studied the problem ex2017), extended POMDPs (Zheng et al., 2022), and scene
tensively in static graphs (we refer to Kumar et al. (2020)3raphs (Kurenkov et al., 2021).

for a comprehensive review), link prediction in dynamic Ayhqugh object co-occurrence statistics can be learned by
graphs, or temporal link prediction as it is also known, isy, ¢ agent from scratch in an environment, it is bene cial

also an important emerging problem (Divakaran & Mohany, eyiract such statistics prior to agent deployment from
2020). Recently, there has been an increasing amount of

2
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knowledge sources that capture commonsense about ainly access to partial observations of these stédgs,::; O .

ject relations, such as hand-coded priors (Lorbach et alEach partial observatior®; = (V,°;EPL), contains the
2014), online text (Zhou et al., 2012) or image (Kollar & current state of a subset of the nodé§, V, and the
Roy, 2009) datasets, or curated knowledge base (Toro et abdgesEL  E;. The content of an observatiod, is task-
2014). We introduce a novel way to extract a scene grapbependent; in our embodied Al context it will be the result
speci ¢ co-occurrence statistics through counting of ob-of agent actions, representing a realistic sensing operation.
served object relations in the simulated environments o

iGibson and ProcThor (Li et al., 2021a; Deitke et al., 2022)ﬁ'he third difference is in the scope of the prediction: instead

of attempting at estimating the stateadf edges, our goal
Modeling object locations in scenes:As summarized is to predict the state &f subsetf the edgesl,:_tQ Eis1 -

in Crespo et al. (2020), graphs have commonly been useg/e assume this subset is associated with query nges

in the embodied Al literature as memory for tasks that reof interest for a downstream task. The query edges as well
quire semantic information. We highlight several recentas the query node may or may not have been seen in a past
works that are particularly related to ours. Wu et al. (2019)observation and may or may not change frégto Gy .

also uses observations to build a Bayesian probabilistic réFhis is a natural setup in several embodied Al tasks such
lation graph of the room connectivity in novel houses, butas object search, where the agent does not need to infer
is focused on static environments with no objects, and doeghe state of the entire environment but only the relevant
not used link prediction. Kurenkov et al. (2021) also usesinformation to nd a speci ¢ target objects.

link prediction on a scene graph for nding objects, but
does so in the context of static scenes without the need
learn object dynamics. Du et al. (2022) also attempts td
capture the dynamics of object movement by maintainin . )
an object-based memory and training attention-based neur formation, we focus on the problem of reasoning about

networks, but focuses on visual rather than semantic infor2ceN€ graphs in household environments. In this domain, the

mation and within a much smaller number of locations andd€s in @ given scene graph are hierarchically organized:

objects than us. Rudra et al. (2022) also produces probgE t_he top are the room nodes, then furmtur.e node;, and t.hen
bject nodes. The edges represent the kinematic relations

bilities over object locations but does so with a contextual®

bandits approach over vantage points with no use explici'Pewveen nodes, such mside gndonTop. The edggs
between furniture nodes and object nodes are dynamic, and

memory, and for just three comparatively simple environ—h derlvi : td . difv the ed
ments. Lastly and most related, the concurrent work of Patef'® Underlying environment dynamics mo ify the edges

& Chernova (2022) also learns a predictive model of objectaCCOrdIng to some “[‘"”"WP pmbf.ib'“ty dlstrlbuthn. In

dynamics with the use of scene graphs and GNNs as well gther words, O.bJeCtS move” over time as they do in real

a household simulator, but assumes full knowledge of pajﬂousehold settings populated by humans.

states of the environment rather than dealing with partiaGiven this household context, the observati@gs:::; O;

observability, does not use the graph as a form of memoryonsist of one or more furniture nodes along with the objects

does not make use of linguistic cues for generalization, andonnected to these furniture nodes with an edge. The goal

focuses on realistically simulating ve households ratherof our agent is to correctly predict the furniture node that

than procedural generation of any number of households. is connected to a target object node. The agent can choose
furniture nodes to receive an observation from, which repre-

3. Problem Formulation sents it exploring to observe where objects are. The agent's
observations are noisy: some objects may not be observed

The standard temporal link prediction problem for dynamiceven if connected to the chosen furniture node. This simu-

graphs is de ned as follows (Liben-Nowell & Kleinberg, lates realistic perception that may fail to detect objects due

2003; Divakaran & Mohan, 2020): The state of a dynamicto occlusions or other factors.

graph at timd is represented &; = (V;E;), whereE;

is the set of edges present at tinandV are the nodes. 4. Method

Given past observations of the state®from time stef to )

t, Go; ::1; Gy, the goal is to predict the presence of all future To study and address the dynamic link prediction problem

edges in the next stef+1 . with partial observability, our work includes several compo-

Our problem formulation (see Fig. 1) is a derivation of then_entS: (1) The Dynamic House Simulator —a mechanism to

above with three major differences. First, the set of nodes ir.fnmulate hpu;ehqld environments with diverse object lay-
the graph can change between timesteps, SO Vi1 . outs and distributions, (2) Scene Graph Memory (SGM) —

Second, we assume partial observability; instead of havin@ state representation to aggregate agent observations and
full accéss to past graph stat&y: :::: G, 'our agent has erve as a basis for learning to predict where objects are, and

tgbject search with temporal link prediction in dynamic,
artially observable graphs: While our method is appli-
able to temporal link prediction with any form of graph
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(3) Node Edge Predictor (NEP) — a novel neural networkmove between furniture or to disappear from or appear in

architecture that is best suited for predicting the presence dhe environment over time. These attributes enable more

query edges in the scene graph. varied and realistic simulation of the household environment.
Additional details can be found in the Appendix (Sec. A).

4.1. Dynamic House Simulator Scene sampling and evolving.The priors probabilities,

PPrior | are the basis for the simulator algorithm to sample
diverse dynamic environments in the form of scene graphs,

Algorithm 1 Dynamic House Simulator Algorithm

Require: Initial prior probability graphP Pref which we now describe (Alg. 1 and Fig. 5). To sample
fori=0;1;:::;M do , , , , an environment instanc&nv', we rst inject class-level
Create a noisy copy ¢#P"" = P!~ PP™" + Ngaog  noise,N/, , to the prior graph to obtain the environment-
Sample object instances froR' and create scene gpecj ¢ relation probabilitiesP'. The class-level noise is
graphSG; at its initial state(=0) _ a function of object class, furniture class, and relationship
Create environment dynamics!  P' + Njgiance type. For example, for the speci ¢ environmehtv', a jar
De ne a new env instancéEnv' = fSGy; T'g has arB0% probability of being inside a shelf and28%
end for probability of being inside a cabinet. The speci cs of noise
fort=1;2;::: teng do generation are included in the Appendix (Sec. A).
fori=0;1;:::;M do o
Evolve scene grapt8Gi  T/(SG! ;) Then, _the initial scene graghiG W|_II be samp]eq based
end for onP' in a procedural manner. Given the minimum and
end for maximum boundsP' is used to rst sample a set of rooms,

then a set of furniture items within each room, and then

Due to there not being a well suited benchmark for our taskOPJECtS for each piece of furniture. Note that there might

we created the Dynamic House Simulator to benchmark lin€ Multiple instances of the same object typ&{g,. To
prediction in dynamic, partially observable graphs in theCapture the fact that different instances of the same object

context of object search in households. There exist sever/P€ are distinctin their appearance or material, each sam-
simulation frameworks for embodied Al in household envi-pled node is associated with a description, in addition to its

ronments (Li et al., 2021a; Shen et al., 2021; Savva et altyPe- The description is generated by randomly sampling

2019; Gan et al., 2020: Deitke et al., 2022) but none oft subset of adjectives from the prior graph. For instance, a
them simulate the object movement that results from othefMug"” node may get the description *large red mug’”.

agents such as humans interacting and changing object Igfter this, we create the environment-speci c object relation

cations. Our simulator supports sampling a wide variety ofchange probabilities, or dynamics for shdrt, by injecting
household environments with a distinct set of initial objectsinstance-level noisH/ i.nce INt0 P'. The instance-level

locations, and patterns of object movement over time.  noiseN /| .... i a function of object description, furniture

Priors graph. The rst component of the simulator is description, ar;q relgtlior;s.hipgype. Forexample, g“lgrge red
a graph encoding the probabilities of room-furniture andMUg” has &0% 30% 5%; 15%chance of being inside of

furniture-object relationships for all households (Fig 5). WeShelf 1, shelf 2, cabinet 1, and cabinet 2 respectively.

call this our prior probabilities grapRP"o" because it rep-  Ateach timestep, the dynami€$ will be used to modify the
resents the commonsense knowledge about any given housgene by changing the furniture-object relations in the scene
hold environment prior to observing it. The probability of graphSG| to createSG},, . T' can also potentially add or
an object beingnside  or onTop a piece of furniture  remove an object instance basedRin As a result, each
depends on which room the furniture is in. We computeenvironment is de ned in terms of its unique initial scene
these probabilities via simple counting of the presence ofraph and unique object dynamiEsw' = fSGi;T'g,
relationships in different environments of iGibson 2.0 (Li which conceptually corresponds to a unique household.

et al., 2021a) and ProcTHOR-10k (Deitke et al., 2022), two,

simulators with realistic object placements in house envi'-G”dson' We implement a gridworld version of iGibson

ronments, but the prior could come from any source of2-0 (Li etal., 2021a), named iGridson, to ground the agent
furniture-object-room distribution such as a large languagdh @1 environment with support for 3D-object relations. In
model. particular, given an initial scene graph, iGridson instantiates
an environment such that every object in the environment
After obtaining the prior probabilities, we manually annotate corresponds to a node in the scene graph, and the objects are
each node iP P with the following attributes: a set of sampled to satisfy all edge relationships in the scene graph.
adjectives that could describe the object or piece of furniturerhe environment evolves according to the object dynamics.

(e.g. “blue”, “metal”, etc.), the min/max number of the More details are included in the Appendix (Sec. F).
object in the environment, and how likely the object is to
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Figure 2.iGridson, our gridworld implementation of the iGibson
2.0 (Li et al., 2021a) simulator. An example household scene with

four rooms is shown here with various furniture items and objects'.:'gure 3.Node Edge Predictor (NEP) model architecture (GCN

and HEAT variants). See the Appendix (Sec. B) for details on the
4.2. Scene Graph Memory (SGM) node and edge features.

As described in Sec. 3, the goal of the agent is to predict the

probability of query edges in each scene gr&gj. Since  hode or edge has been observed, the number of times it has
each environment has distinct probability distributiGtis ~ been observed, its state change frequency, and more. These
andT', the agent needs to make use of the observations frofibserved features are necessary for the model to learn the
the environmenDj}:::0! to estimate these environment- €nvironment-speci ¢ dynamics. More details are included
speci c distributions. We propose the Scene Graph Memonryn the Appendix (Sec. B).

(SGM) data structure to enable the agents to do so. A useful property of using the SGM representation is that

To simplify notation, the following applies to an agent it collapses the sequence of observati@gs:::; O; into a
operating in a speci ¢ environmerinv'. At timestep Single graph. Thus, unlike prior works that relied on hard-
t, an instance of a Scene Graph Mem®®BM; = to-optimize recurrent models, we only need our model to
(V;SCM - ESCM ) is composed of a set of nodes and edgedeason abousGM;.

of the same type as ingﬂe envirogment scene graphs. The

SGM nodes/SeM = (7! _ V%)~ V,? are made up of 4.3. Node Edge Predictor (NEP)

all the observed nodes, as well as the set of query nOdq\ﬁodel architecture. We are concerned with predicting the
— the latter may not or may not be a subset of the former

. . {obabilities of query edges, with a focus on the case when
since the query may be related to ob@:ts that agent has n ese edges all connect to a single node. This motivates our
seen before. The SGM edge§®™ = ("' _  EQ) E[ 9 9 '

are made up of all the observed edges up until imestep design for the Node Edge Predictor (NEP) model (Fig. 3).

and any new hypothetical edges. Hypothetical edges amdEP consists of four modules: node embedding, edge em-
edges the agent can predict for the query nodes withouiedding, feature fusion, and edge classi cation. The node
actually having observed them according to some functiorand edge embedding layers consist of a three-layer MLP
Ef = fh(VtQ); these are needed when dealing with querieswith ReLU activations. The node embedding layers also op-
of nodes that have not been observed yet or have few olienally include graph convolutional layers after the MLP. In
served edged., could be implemented in various ways; we other words, we rst embed the raw input features for nodes
implement it by adding an edge to the SGM for every edgeand edges and then optionally perform message passing to
in PPor with a probability above a certain threshold. propagate the embedded features across the graph.

Each node and edge in the SGM is associated with featurésfe evaluate three variants of the model with different node
re ecting the semantic properties of the object or relation-embedding moduleNEP-MLP includes no graph convo-
ship it represents as well its observed dynamics. Semantiation layers NEP-GCN performs a two-layer graph convo-
properties are captured by word embedding associated witlution operation on top of the MLP embedding, adBP-

the node's rooms, furniture, or object label (eg “mug”).HEAT (Mo et al., 2021) replaces the graph convolution
We use the 96-dimensional Tok2Vec vectors optimized odayers with heterogeneous edge-enhanced graph attentional
en_core _web_smfrom the spaCy python package (Hon- (HEAT) operators, which condition the attention computed
nibal & Montani, 2017). These semantic features are usefulor message passing on both the node and edge features.
for recognizing nodes that are likely to share similar edgeNEP-HEAT is chosen as our primary variant because we
The observed “temporal” features include the time since &xpect that edge-conditioned attention will allow for more
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effective feature propagation. HEAT was originally de-be aggregated into an of ine dataset for model training.
signed for trajectory prediction of traf ¢, so this is the rst
time it is being applied to link prediction. 5.2. Tasks and Metrics

After creating embeddings for all nodes and edges, we fusg/e de ne three tasks with associated metrics as the basis of
the features of each pair of nodes associated with a quegyr experiments.

edge by averaging the nodes' embeddings and then concate- _ . )

nating that with the edge's embedding. Since different query”redict Object Location: At every timestep, the agent
nodes have different numbers of edges, we pad the input tefUSt Predict the location (furniture node) of an object with
sors for each batch before fusion. Lastly, the batch of fused Particular description. The agent is then able to observe
features is passed to a 2-layer transformer encoder (VaswaHi€ N°de it has predicted and its associated object nodes,
etal., 2017). The self-attention layers in the transformer erf9ardless of whether its output is correct. The metric for
able the model to evaluate all the query edges jointly, whicHn€ task is accuracy —whether the agent correctly predicted
is important for cases in which a node's edges are mutuall§t furniture node that is connected to an object with the
exclusive. NEP's use of a GNN followed by a transformer correct descrlpyon. This task is deS|gned to_eva_luate how
is most similar to GraphFormer from Yang et al. (2021)Well an embodied agent may work in practice in an un-
Heterformer from Jin et al. (2022), but differs in that NEP Known environment; predicting the correct location of a
uses the transfomer only on the embedded query edges, &N auery object is essential for downstream tasks like

opposed to the costlier use of transformers in alteration wittfousehold chores.

GNN layers. Lastly, the transformer's output are passecbredict Relative Location Likelihood: At every timestep,
through a 3-layer MLP with a Sigmoid activation in order the agent is queried for multiple objects and is required to
to yield the output logits across all edge candidates. predict the likelihood of each location that each object can
Model training. For each training iteration, we randomly be at. The metric for the task is the Normalized Discounted

sample a batch of SGMs from the training dataset, and batcfrumulative Gain (NDCG), a popular method for measuring
all the query edges from each SGM. The loss is computed1€ auality of a set of search results(delin & Kekalainen,

by calculating the Binary Cross-Entropy between the logits2002)- We choose this metric as we primarily care about the
and the ground-truth labels. We optimize for binary classi _agent correctly predicting the ranking of the'locatlon options
cation per edge as opposed to N-way classi cation becauskather than the exact valuesTin The agent is then able to _
a given node may have multiple edges that are true. BecauPServe the mostly likely nodes for each query node, as in
the number of true edges is far lower than false edges, wi'€ Previous task. Compared to the previous task, this task

multiply the losses corresponding to false edges by the rati@nd Metric provide a more holistic evaluation of how well
of true edges to false edges before backpropagation. the agent models the entire environment at every timestep.

Find Object: The prior two tasks involve a single prediction
5. Experimental Setup at each time step. This task has the same objective as predict
location, but the agent is now allowed multiple sequential
We design our experiments to test whether the proposeghoices. After each location choice, the agent can observe
NES models can outperform alternative approaches acrosge location and update its internal state before making the

three downstream tasks that involve link prediction. prediction for the next action. The environment is static
during this, so exhaustive search will always succeed. The
5.1. Training Data Collection metric for this task is the number of actions it takes to pick

In order to train the model, we rst collect data by having a correct node.

an agent gather observations in a variety of training envi- .

ronments. The agent's goal is to complete the same objec':t'3' Baselines

search task that the SGM model is meant to help with, angve compare our models with six heuristic-based models as
can follow any policy during data collection, such as thewell as the most highly relevant prior work.

heuristic baselines explained below. As the agent tries the

complete the task, it gathers observations and constructd'€Se are the heuristic baselinégandom: Randomly
SGMs along the way. Besides the features described aboJg100S€s an edge among all optioRgequentist: Records
each query edge in tHBGM, is also annotated with a label the number of times edgeg have_: been o_bserved t_o be true and
_ true or false — which corresponds to whether this edgéalse, z?lnd chooses the optlon Wlth the highest ratio of true ob-
is actually present in the ground-truth scene graph. Eacfervations to total (.)bserv&:it;:)anors:. Chooses the most
node is also labeled as being a query node or not. Once!Kely option according t@P"™" . Myopic: Always chooses

variety of SGMs with labels have been collected, they carf last location each object was observed at, or at random
if the object has not been observ&hyesian: Treats each
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edge in the SGM as having a distinct beta-binomial probabilMyopic, and Bayesian), which we hypothesize is due to
ity distribution. We create the distributions with a beta prior the NEP's understanding of object semantics, use of GNN-
based oP P and compute the posterior distribution by based feature propagation, and the self-attention mechanism
treating observations as a sequence of Bernoulli trials. Mor¢hat allows for edge comparisons.

details in the Appendix (Sec. D_Dracle: Uses ground Second, the priors embedded in the SGM as well as learned
truth knowledge about the dynamics of the scene as well as .
. . emantic patterns make the NEP able perform better than
memory of past observed object locations to make the best L .
. . all heuristics from the outset. This gives NEP a head start
choice possible. i
compared to the models that purely rely on observations
Lastly, we also compare to the HMS model from Kurenkovmade during test time (Myopic and Frequentist). These
et al. This model was also designed for link predictionbaselines do approach the performance of NEP over time,
in the context of scene graphs, but in the context of statisince eventually it's possible to model the dynamics per-
scenes. Thus, it is a good point of comparison for ourfectly. However, NEP still has the advantage of faster and
revised problem de nition. Compared to our model, it doesbetter adaptation to new environments.
not use the SGM representation and uses a standard G

neural net rather than the NEP. CHurd, NEP also signi cantly outperforms the Bayesian

method, which is given access to both the priors and obser-
] vations over time. We believe this is because the Bayesian
6. Experiment Results approach reasons on a per-edge basis, whereas NEP is able
We evaluate our NEP variants against all baselines on thte0 propagate |nfo.rmat|on gbout edge features W'th. the use of
. .a GNN and fuse information about query edges with the use

test set (unseen environments) for all three tasks. We train . o . . .

; f self-attention. Thus, it is possible to share information
each NEP model with a dataset of 10,000 SGMs colIecte@bOut the dvnamics of nodes with similar semantics
over 100 different environments, with 100 steps being taken y ’
per environment. The data collection is done by having thd_astly, the detailed results in Table 1 demonstrate several

Bayesian baseline do the relevant task while creating anthings. As could be expected, making the environment dy-

storing SGM graphs along the way. namic both in terms of object location and object presence
makes the tasks harder, compared to always dealing with
6.1. Task Performance the same set of objects. The HEAT NEP variant gener-

ally performs best, but the simpler GCN variant performs
slightly better on the predict relative likelihood task, pos-
sibly because producing a ranking of edges is easier than
speci cally predicting the most likely edge. Lastly, the rst
two tasks do correspond to better downstream performance
on nding objects through a sequence of actions, as is our
ultimate goal.

The results support our initial hypothesis that combining
the proposed representation (SGM) with the NEP model
is suitable for the temporal link prediction tasks in our set-
ting, as this combination allows generalization to unseen
environments as well as online adaptation.

6.2. Ablations

Figure 4.The average accuracy and variance for the Predict Objeojye further perform several ablation studies to test the rel-
Location task, averaged across 100 different environments. Thﬁtive importance of the components in our model (Fig. 3)
x-axis Is the environment steps. The y-axis is smoothed Withrp o o\ 15 are shown in Table 2. It is evident that all of our
averaging over 10 steps. NEP results are with the HEAT varlant.model designs contribute signi cantly to the model perfor-
The main results can be seen in Fig. 4 and Table 1. We ha/@ance. The prior probability information is most critical,
the following observations. not only becaL_Js_e it is included m_node edge, bu_t crucially
. o also because it is used for selection of hypothetical edges;
First, as seen in Fig. 4, the use of SGM enables the NERih no priors, hypothetical edges are sampled at random
to improve over time, unlike models that completely rely ang so may not include the true object location. Even though
on the prior information and do not make any use of 0byhe priors do not match the test environments' true dynamics,

servations (Priors and HMS). The model also outperformsney are highly bene cial for improving performance.
the baselines that do make use of observations (Frequentist,
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Table 1. The mean accuracy and standard deviation (averaged across 100 runs/environments) are shown for three tasks and different
environment conditions. Lower is better for Predict Object Location and Find Object. Dynamic nodes refer to whether nodes are added
and removed throughout scene evolution, which makes the problem signi cantly more challenging.

Task | Predict Object Locatioh | Predict Relative Location Likelihoot | Find Object#
Dynamic Nodes? Y N \ Y N \ Y N
Random 0.046 0.005 0.044 0.005| 0.381 0.001 0.384 0.001 8.769 1.092 8.750 1.100
Priors 0.159 0.019 0.180 0.025| 0.536 0.001 0.546 0.002 5,911 1.433 5.869 1.438
Frequentist 0.271 0.029 0.315 0.038| 0.668 0.001 0.728 0.002 4550 1.571 4.218 1.624
Myopic 0.282 0.030 0.339 0.043| 0.029 0.000 0.017 0.000 6.333 2.202 6.048 2.186
HMS 0.194 0.023 0.210 0.033| 0.529 0.001 0.582 0.002 5.357 1.379 5.254 1.458

Bayesian 0.286 0.028 0.308 0.034| 0.699 0.002 0.725 0.002 3.469 0.761 3.610 0.970
NEP-MLP 0.302 0.032 0.336 0.038| 0.661 0.002 0.736 0.002 3.650 1.035 3.445 0.948
NEP-GCN 0.324 0.034 0.359 0.041| 0.728 0.001 0.792 0.002 3.629 1.042 3.191 0.866
NEP-HEAT 0.351 0.033 0.391 0.041| 0.724 0.002 0.783 0.002 3.570 1.032 3.186 0.910

Oracle ‘0.454 0.039 0.475 0.063‘ 0.932 0.002 0.939 0.002 ‘3.001 0.772 2921 0.764

Table 2. Ablation study results. The mean accuracy and varianc&able 3. Mean success rate, number of actions, and path length
(averaged across 100 runs/environment) are reported for for the standard deviation) to reach the query objects in the iGridson
Predict Object Location task with dynamic nodes. Higher is better. environment averaged over 10k runs. The agent is given at most

| NEP-MLP NEP-GCN NEP-HEAT 10 actions to reach the target object.
Full Model 0.302 0.032 0.324 0.034 0.351 0.033 \ Success Rate  # of Actions Path Length
(-) Prior probability | 0.260 0.028 0.233 0.024 0.267 0.029
(-) Transformer 0263 0.028 0310 0034 0.314 0.032 Random 0.57 9.36 4.09 141.74 63.86
(-) Temporal features 0.288 0.032 0.320 0.033 0.322 0.031 Myopic 0.57 9.31 4.14 140.92 64.40
(-) Semantic features 0.263 0.027 0.322 0.030 0.328 0.030 Bayesian 0.84 5.06 450 70.90 63.06
NEP-HEAT 1.00 156 0.86 30.05 24.67

The use of the transformer layers, a key aspect of the NEP .
model, turns out to be the second most important desigrf - Conclusion

choice. This validates our hypothesis that it is useful towe proposed a new problem setup, temporal link predic-

perform self-attention over query edges prior to predictingtion for dynamic and partially observable graphs, as well
their likelihoods. Interestingly, temporal features are the ’

i tant for the HEAT variant ting it mak as a rst solution to this problem in the context of object
mostimpaortant for the variant, SUggesting It makesge 5h in embodied Al. Our work includes a new bench-
the most use of them for adapting to novel environment

Shark, the Dynamic House Simulator, where it is possible
Lastly, semantic features in the SGM turn out to be th ' y ’ P

4 0 evaluate model performance on dynamic link prediction
least important, perhaps because temporal features alone #Ffthe embodied Al context. Our solution to predict object
suf cient to infer semantics.

locations and environment dynamics ef ciently includes
o a new representation, Scene Graph Memory (SGM), and
6.3. Downstream Task Performance in iGridson a novel net learned architecture, the Node Edge Predictor

We also evaluate the agent's performance on the Find OKNEP). Our SGM-based models signi cantly outperform all
ject task in the iGridson environment shown in Fig 2. Thethe alternative approaches due to their ability to (1) learn
quantitative results are shown in Table 3. This environmengCene statistics (commonsense knowledge about object re-
contains only 21 furniture locations, so the agent is suclations) during training, and (2) adapt online by leveraging
cessful if it predicts the correct location by searching up ton0isy, partial observations. These features help embodied
roughly half the options. Unlike the Find Object in Table 1,Al agents perform object searches in unseen, dynamic, and
the iGridson representation includes a spatial layout rathepartially observable environments, as well as link prediction
than just a symbolic one. Therefore, it is possible to commodels with partially observable graphs in general.

pute the path length the agent traverses across all its actions.

The NEP method is always able to nd the object, and doesAcknowledgments. This work is in part supported by

so within fewer actions and shorter paths. The varianceStanford Institute for Human-Centered Arti cial Intelli-
for these metrics are surprisingly high, potentially becausgience (HAI), NSF Rl #2211258, ONR MURI N0O0014-22-
some objects are much harder to nd than others. We hop#&-2740, AFOSR YIP FA9550-23-1-0127, Analog Devices,
to explore performance in iGridson more in the future. JPMorgan Chase, Meta, and Salesforce.
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A. Dynamic House Simulator

A visual representation of Alg. 1 is shown in Fig 5.

Figure 5.lllustration of Dynamic House Simulator scene Sampling and Evolving process. As outlined in Sec. 3 and Algo. 1, for each
environmenEnv', we rstinject object class-level noige/,,.s to the global prioP ™" to generate environment-speci ¢ relation
probabilitiesP'. The initial scene grapB8G} will be sampled based d' in a procedural manner. Then we inject object instance-level
noiseN sance  INtO the environment-speci ¢ relation probabiliti®d to generate the environment dynanilds which will evolve the

scene graph across time steps.

Object placement probabilities For ProcThor-10k, we counted the occurrences of object relationships and normalized to
get point probabilities. iGibson already includes the probabilities as metadata, so we use that directly. For relationships
that are in both, we use the ProcThor-10k. We compute object placement probabilities for ProcThor-10k by counting the
number of occurrences in each relationship type within the 10,000 published train environments and normalizing the counts
of all room-furniture relationships and furniture-object relationships. Speci cally, we create counts of furniture-object edges
counts per room and divide by the sum of all object instance in each room. iGibson 2.0 already encodes such probabilities in
its metadata, so we only need to average the F-O probabilities for the coarse graph. We lter out any furniture nodes with
fewer than 3 outgoing edges to focus computation on simulating busier aspects of the environment. ThePggalting
graphs is visualized in Fig. 6.

We also create a the “coarse” version of the priors graph in which furniture-object edges are counted irrespective of rooms
and divided by the sum of all object instances. The resuRing: graphs is visualized in Fig. 7. We did not use these
priors in our experiments, since they lead to object dynamics that are strictly simpler than the “detailed” priors and therefore
the results were less informative.

Sampling noiseThere are two types of class-level noise: sparsi cation and randomization. Sparsi cation means we zero
out probabilities for some edges, e.g. a certain object will never be inside a certain piece of furniture. If an edge's probability
is not zeroed out, we then randomly scale it up or down by a certain amount. After the application of noise, all edge
probabilities for the object are normalized. The goal is to make each environment instance have its own speci c locations
for various objects. In our experiments we use a probability of 25% for both zeroing out edges and as the maximum and
minimum by which probabilities may be scaled.

Environment Sampling An environment consists of 1 oor, 4 rooms (kitchen, living room, bedroom, bathroom), 8 furniture
items per room, and 6 objects per piece of furniture. While our approach is compatible with different counts for each
category, we chose this speci c ratio ( oor:room:furniture:item) to standardize our experiments. The furniture and object
items are sampled from the candidate lists in Table 4 and Table 5. Adjectives are additional descriptors belonging to an
adjective category such as size or color which are then sampled and attached to both furniture and objects by the following
procedure. First, the number of adjective categories to attach to a given object or furniture items is sampled from a uniform
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