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Abstract— The ability to verbalize past locations of people is
essential for natural human-robot interaction in multi-person
environments. We present a pipeline enabling the humanoid
robot ARMAR-7 to answer person-related queries about its
past, such as ”Where did you last see Joana?”. Our approach
combines OpenPose for pose detection, InsightFace for face
recognition, and a memory-based cognitive architecture to
create person instances with symbolic spatial representations
integrated with an existing verbalization framework. Evaluation
in a laboratory environment demonstrates successful verbal-
ization. Analysis reveals that verbalization quality depends
critically on face recognition accuracy. We discuss challenges
and future directions for person-aware spatial verbalization.

I. INTRODUCTION

The ability to verbalize spatial and temporal information is
crucial for effective human-robot interaction, enabling robots
to communicate their intentions, explain past actions, and
share their understanding of the environment. Recent ad-
vances in natural language generation and embodied Al have
led to significant progress in robot verbalization capabilities,
particularly for object- or action-related queries (e. g. [1], [2],
[3], [4]). Several such works have addressed the challenge of
verbalizing object locations and their spatiotemporal history,
including systems being able to answer questions regarding
where objects were last seen ([3], [4]).

However, as robots are increasingly deployed in real-world
environments involving multiple humans, such as nursing
homes, offices, or domestic settings, the ability to track and
verbalize information about people becomes equally essen-
tial. Unlike objects, which can often be identified through
prior knowledge databases or modern vision-language mod-
els (VLMs), tracking humans introduces distinct challenges.
The robot system must integrate face recognition and human
localization with symbolic spatial representations, such as
at the kitchen counter”, while maintaining consistency with
the representations in the robot’s memory.

In this work, we present a pipeline that enables the
humanoid robot ARMAR-7 to answer person-related spatial
questions such as "Where did you last see Joana?” by
addressing these challenges. Our approach combines face
recognition, spatial reasoning, and natural language genera-
tion within the robot’s cognitive architecture [5], and extends
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Fig. 1. Person-aware spatial verbalization pipeline. The system pro-

cesses visual input through @ OpenPose and () InsightFace for localization
and identification, then (©) aggregates this with memory profiles to create
Person Instances. These are enriched with symbolic spatial representations
of the environment (@) to create symbolic localizations of a person. When
queried (e), the verbalization framework retrieves relevant instances and
generates natural language responses combining symbolic and metric spatial
information.

our episodic memory and verbalization framework [4] to
handle verbalization of person-related experiences. While the
robot could previously verbalize objects and actions, it can
now also verbalize information about its experience with
people. We demonstrate the system’s functionality, discuss
deployment results, and identify open challenges and future
research directions in person-aware spatial verbalization. Our
main contribution is demonstrating the extensibility of our
verbalization framework [4] through the use of appropriate
symbolic memory aggregation with minimal modifications.

II. BACKGROUND

Our approach builds upon a previously developed
memory-centric cognitive architecture [S] and verbalization
framework [4]. The memory system [5] serves as the central
active component mediating between high-level symbolic
reasoning and low-level sensorimotor representations. Its
hierarchical organization—spanning memory servers, entity
types, and individual instances—combined with episodic
timestamping, supports both spatial and temporal queries
about the robot’s past experiences, and enables queries about
both what the robot perceived and when it perceived it. The
verbalization framework [4] converts these internal mem-
ory representations into natural language responses through
question definitions. Each question definition specifies three
strategies: Selection (identifies relevant entities via memory
IDs), Search (determines temporal traversal of snapshots),
and Evaluation (assesses snapshot relevance and extracts
information). Question Templates with placeholders match
user queries, while Answer Templates construct responses
from retrieved memory data. This framework allows the



robot to answer questions about objects and actions by
systematically querying its episodic memory and generating
contextually appropriate natural language responses.

III. APPROACH
A. Method

As illustrated in Figure 1, our pipeline for person-aware
spatial verbalization integrates perception, memory, and nat-
ural language generation within ARMAR-7’s cognitive archi-
tecture. The system begins by detecting humans in the robot’s
field of view and estimating their 3D positions relative to
the robot’s coordinate frame, providing the spatial foundation
for tracking person locations throughout the environment (@).
Once humans are detected, the robot identifies them through
face recognition (b), associating detected individuals with
known person identities stored in its memory system. Build-
ing on this perceptual information, the system aggregates
data from different memory segments to create unified person
instances that combine identity, spatial location, and temporal
information (©). These person instances are then integrated
with the robot’s broader understanding of its environment
through symbolic spatial representations that combine in-
formation about rooms, objects in the scene, and person
instances (@), enabling higher-level descriptions beyond raw
coordinates, such as ’near the table” or in the kitchen.”
When a question about a person’s location is posed (e.g.,
”Where did you last see Joana?”), the system retrieves the
most recent information about that person from memory
and generates a natural language response that combines
symbolic information (room, proximity to furniture) with
subsymbolic details (metric distances, relative positions) to
produce human-understandable spatial descriptions (€).

B. Implementation

For human pose detection and localization @), we employ
OpenPose [6] to extract human poses from the robot’s RGB-
D camera stream, calculating 3D positions in the global coor-
dinate frame. For face recognition (b), we utilize the buffalo_l
model from InsightFace [7] , which employs RetinaFace-
10GF [8] for face detection and a ResNet50 model [8]
trained on the WebFace600K dataset [9] for recognition.
Face recognition runs continuously at 10Hz, with 3D face
positions determined by computing the median depth value
across face region pixels. The robot maintains person pro-
files in its memory, each containing at least one reference
headshot used for recognition. The aggregation of person
instances (©) is triggered whenever new pose or face recog-
nition data becomes available. Person instances combine a
person’s identity from memory profiles, 3D position from
OpenPosel/depth data, and time information into a unified
symbolic entity representation. The system maintains unique
tracking IDs, provided by OpenPose, to handle pose up-
dates even when face recognition is temporarily unavailable.
Symbolic spatial information (@) is automatically updated
each time new person location data is received, calculating
the room containing the person, the nearest object-centric
location, and the distance to that location. For verbalization

®), we extend the framework proposed in [4] by defining a
new QuestionDefinition for questions about past or current
locations of persons. The system constructs responses based
on available information granularity: I have last seen Joana
in the living room.” when only room information is available,
or ’I have last seen Joana in the kitchen, close to the fridge.”
when object-centric location data enriches the description.

IV. EARLY RESULTS

We evaluated our pipeline in a controlled laboratory en-
vironment with three spatial regions (kitchen, living room,
dining area) containing typical household objects and appli-
ances (dishwasher, kitchen counter, dining table, etc.). The
evaluation consisted of 40 queries about 8 different persons,
with episodic memory consolidated over a 2-week period.
Questions were posed up to 2 hours after each person was
last observed.

The general pipeline successfully integrates all compo-
nents and produces verbalizations for person location queries.
To assess verbalization quality, we manually compared the
system’s generated responses against ground truth obser-
vations, categorizing results into five classes: correct (both
room and object-centric information accurate) 47.5%, correct
but only room information (room accurate, no object-centric
detail provided) 45%, incorrect object information (room
correct but object reference wrong) 2.5%, and incorrect
(fundamental location error) 5.0%. Our analysis reveals that
the verbalization framework’s accuracy is heavily dependent
on the underlying perceptual components. Face recognition
presents the most significant challenge, occasionally produc-
ing false positives where people are detected despite no one
being present. Such errors propagate through the pipeline
and result in incorrect verbalizations. In contrast, human
pose-based localization proved relatively stable and robust
across different scenarios. From a computational perspective,
the integrated components operate efficiently enough to
support human detection at approximately 10Hz, providing
sufficiently frequent updates for real-time person tracking
and verbalization in typical interaction scenarios.

V. CONCLUSION AND FUTURE WORK

We presented a pipeline that extends robot verbalization
capabilities from object-centric to person-aware spatial de-
scriptions, enabling humanoid robots to answer questions
such as ”Where did you last see Joana?”. Our approach
demonstrates that existing verbalization frameworks, such
as the one presented in [4], can be effectively adapted to
handle person location queries by integrating face recogni-
tion and human tracking with symbolic spatial reasoning.
Early results confirm the viability of this approach, though
verbalization quality remains fundamentally tied to the re-
liability of underlying perception systems, particularly face
recognition. Future work should focus on improving person
detection robustness, introduce strategies for handling data
privacy issues, and enrich the verbalization by conveying
information about uncertainties in the recognition and lo-
calization process.
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