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Abstract
Foundation models are increasingly integrated into autonomous
and social robots where behavior often emerges over extended
voice-based human–robot interaction rather than from isolated,
single-prompt instructions through text-based interfaces. Large
Language Model (LLM) alignment refers to the aim of ensuring that
models adhere to human preferences and restrictions, producing
outputs that are helpful, honest and harmless.

Many existing model alignment techniques are still primarily
evaluated for LLMs in single-turn settings, in multi-turn adversarial
contexts, or in text-based chatbot scenarios. These provide limited
insight into how model alignment is sustained under realistic long-
term human-robot interactions, where conversational history and
social dynamics shape future model behavior.

This paper examines currentmethodological challenges for study-
ing alignment drift in long-term human-robot interactions. We ar-
gue that existing multi-turn evaluation techniques primarily focus
on adversarial jailbreak scenarios, providing limited insight into
how alignment may shift gradually through naturalistic, feedback-
driven interaction. To address this gap, we propose a multi-agent
framework for generating synthetic, HRI-focused multi-turn con-
versations. Using the resulting data, we aim to study alignment
drift at the representation-level by modeling each interaction as
a trajectory in activation space and analyzing turn-by-turn dy-
namics. By linking observable conversational behavior to internal
representational changes, the approach aims to provide methods
for improving transparency and interpretability in long-term hu-
man–robot interaction with generative models.

CCS Concepts
• Computing methodologies → Natural language processing;
•Human-centered computing→Natural language interfaces.
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1 Introduction
Foundation Models (LLMs, VLMs, VLAs) are increasingly deployed
in interactive settings where behavior emerges over extended, multi-
turn conversations rather than isolated zero-shot prompts. For
example, much recent research has focused on how to best deploy
foundation models for embodied agents such as robots [15, 25, 30].

Long-term interactions between users and robots introduce new
challenges for alignment and safety. There are existing techniques

in place to support human-preference alignment to attributes such
as helpfulness, honesty and harmlessness [2]. However, many of
these are designed and evaluated in single-or few prompt settings,
and fail over multi-turn use [41]. Additionally, combining genera-
tive models with physical embodiment creates new challenges to
ensure the robustness of AI systems against user input, as users
would not interact with an LLM-enhanced robot in the same way
as they interact with a virtual chatbot. Where text-based interfaces
offer users the opportunity to give a detailed instruction in a single
prompt, social robot interfaces are often voice-based, encouraging
users to engage in back-and-forth conversations but with shorter in-
dividual turns [25]. Misalignment with intended system constraints
may emerge gradually through feedback loops between a user and
a generative model over multiple conversational turns, resulting in
what we refer to as alignment drift [39]. The consequences of align-
ment drift in physical settings can cause serious harm to both the
physical [40, 53] and psychological safety of users [16, 21]. Robots
are increasingly being considered for deployment in settings involv-
ing vulnerable populations, such as in therapeutic settings, elderly
care and support for children with special needs [1, 3, 13, 26], where
consequences of these risks can be severe. Thus, it is important to
systematically investigate how alignment drift emerges in social
robots, and to design safeguards that remain robust over extended
interactions.

By looking at internal model activations and identifying latent
patterns that correspond to certain behaviors, researchers are al-
ready starting to understand certain aspects of AI behavior that may
explain alignment drift at representation level [50]. In multi-turn
conversations with language models, repeated contextual pressure
can shift the model’s internal representations in ways that bypass
alignment guardrails [9]. Model sycophancy (see Section 2.1 below
for more details) can be observed through a model’s tendencies to
make split-decisions to prioritize user beliefs over internal truth
half-way through inference [43]. Undesired behaviors such as tox-
icity and hallucination can be identified and subverted through
activation steering in single-prompt settings [23, 34]. We hypothe-
size that there are other indicators of gradual alignment drift that
can be observed as changes at representation level during multi-
turn conversations. For example, drift may be linked to a gradual
accumulation of activations that correspond to representational
patterns associated with role adoption, sycophancy or regime shifts.
If such patterns can be reliably identified, it may be possible to mon-
itor the trajectory of a conversation in representation space and
detect early warning signals before explicit alignment violations
occur.
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In our work, we propose to study the representational dynamics
underlying alignment drift in long-term human–robot interaction.
As a first step towards this goal, we need data of multi-turn human-
robot interactions in which alignment-relevant behavioral shifts
are present, labeled and mapped to corresponding model internal
activations. Although prior work has extensively studied multi-turn
adversarial prompting and jailbreak attacks as ways to induce align-
ment breaking behavior, these approaches often rely on short-term,
highly optimized strategies designed to cause forbidden outputs
as efficiently as possible [41]. Such scenarios are poorly represen-
tative of everyday user behavior and fail to capture the dynamics
of long-term interaction that characterize real-world deployments,
particularly in embodied or social agents where greater trust, mul-
timodal interactions, and increased social presence may amplify
these effects [8, 25]. Our work proposes to address this gap by shift-
ing the focus from adversarial prompt optimization to naturalistic,
long-term interaction patterns, with the goal of tracking how align-
ment evolves over time. This leads to our first research question:

RQ1: How can we create a dataset of multi-turn human-robot in-
teractions that captures alignment-relevant behavioral shifts together
with corresponding internal activations?

Building on such a dataset, we aim to investigate drift as a tem-
poral trajectory in representation space. By identifying emergent
representation vectors over multiple time-steps, we may be able to
predict whether a conversation is trending toward safe domains or
toward guardrail bypass, enabling new possibilities for robustness
monitoring. This motivates our second research question:

RQ2: Can emerging temporal trajectories in representation space
be used to anticipate and characterize alignment drift in human-robot
interaction before alignment violations occur?

Understanding the dynamics of how model alignment shifts dur-
ing sustained interaction is critical for developing robust guardrails
for LLM-powered robots. Although we are motivated by social
robots, our contribution targets general representational dynamics
of alignment drift in interactive systems. Human–robot interaction
is one important, high-stakes example of these broader challenges.

In this paper, we outline key challenges and open questions in
social robot alignment drift, describe the first steps toward the
construction of a dataset to support representation-level research
into alignment drift during long-term human-robot interactions,
and present a conceptual framework for how such a dataset could
support future representation-level HRI research. The paper is struc-
tured as follows: in Section 2 we describe related works from the
combined fields of AI andHRI. In Section 3, we describe ourwork-in-
progress approach to study alignment drift dynamics in multi-turn
human-robot interactions, and a call for collaboration on methods
for synthetic data generation. Finally, we discuss potential impli-
cations of our proposed method for both the AI and HRI research
fields in Section 4.

2 Literature Overview
2.1 Human-preference alignment for LLMs
Human-preference alignment in LLMs refers to the degree to which
model behavior conforms to desired human values, norms, and
constraints. In practice, alignment is enforced through a combina-
tion of training objectives, safety fine-tuning, and inference-time
guardrails, which we discuss in more detail in Section 2.2. A widely
adopted framing of alignment is the Helpful, Honest, and Harmless
(HHH) principle proposed by Askell et al. [2]. A model is considered
aligned if it consistently exhibits all three attributes:

Helpful models aim to complete safe user requests effectively,
including asking clarifying questions or correcting faulty assump-
tions. This is commonly evaluated through task-completion and
helpfulness benchmarks [46, 52].

Honest models provide accurate information and appropriately
express uncertainty, with honesty typically assessed through truth-
fulness and hallucination benchmarks [29].

Harmless models avoid generating offensive or harmful content
and refuse unsafe requests, with evaluation focusing on bias miti-
gation, safe task planning, and refusal behavior [19, 20, 42].

Prior work has also raised the challenge of the tradeoff between
different alignment objectives and model performance; for example,
interventions that reduce risk-taking, bias, or hallucination will
often disturb helpfulness and task completion success [34].

For embodied AI systems such as robots, failures of human-
preference alignment can have more severe consequences than for
purely conversational LLMs. Unlike chatbots, robots operate in the
physical world, where misaligned language or reasoning may trans-
late directly into unsafe physical actions [40, 53]. As a result, robust
human-preference alignment is a particularly critical requirement
for LLM-augmented robots, potentially requiring updated trade-offs
between the helpfulness, honesty, and harmlessness principles.

2.2 Existing alignment approaches
A range of techniques have been proposed to improve the alignment
of large language models, primarily targeting undesired behaviors
such as hallucination, toxicity, sycophancy, and role deviation.

System prompting is a simple and widely adopted alignment
mechanism where a model is provided with a system prompt (of-
ten invisible to the user) with instructions for role and behavior
expectations and alignment restrictions [2]. It guides the gener-
ated output without modifying model parameters, making it easy
to update and modify as needed, but is not robust for multi-turn
interaction, where the longer conversation history will dilute the
influence of the initial instruction.

Fine-tuning techniques are used after foundational pre-training
to improve model adherence to desired constraints and user pref-
erences. Supervised fine-tuning reinforces attributes such as help-
fulness, calibrated uncertainty, and appropriate refusal [2]. Rein-
forcement Learning from Human Feedback (RLHF) further aligns
outputs with human preference signals [6, 35]. Refusal tuning ex-
plicitly strengthens the model’s ability to decline unsafe or out-
of-scope requests [45]. More recent approaches use Constitutional
AI or Reinforcement Learning from AI Feedback (RLAIF), where
a language model trained on human preferences evaluates model
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outputs according to predefined principles, generating feedback
signals that can replace or augment human annotations [7].

Representation Engineering (RepE) directly analyzes and steers
model behavior by intervening on internal activations associated
with specific attributes [50, 56]. By identifying latent directions
linked to behaviors such as bias, hallucination, or sycophancy [31,
33, 34], it is possible to modify representations at inference time to
suppress or enhance the presence of the corresponding attribute in
model output. While effective in several single-prompt settings [50],
RepE techniques are sensitive to distribution shift [47], can degrade
in multi-turn interaction [9], and may interfere with overall task
performance.

In sum, existing alignment techniques are brittle during multi-
turn, feedback-driven interaction. Additionally, the evaluation of
these techniques is mainly conducted in chatbot-centered scenarios,
which do not capture the social dynamics of human-robot interac-
tion. We cover multi-turn evaluation techniques in more detail in
Section 2.5.

2.3 Alignment drift in multi-turn conversations
The term alignment drift has been used across multiple domains to
describe the gradual deviation of system behavior from intended
objectives over time. Recent work has adopted the term in the
context of LLMs to characterize failures to adhere to desired con-
straints during multi-turn interactions [14, 39]. In this work, we
build on recent representation-level analysis of alignment in gener-
ative models [9, 14] and use alignment drift to refer specifically to
interaction-driven shifts in internal representations that are able to
bypass alignment constraints and guardrails in multi-turn conver-
sations.

Single-prompt settings describe user-LLM interactions where a
single user prompt is given as input 𝑝 to an LLM𝑀 , whereupon it
produces an output response𝑚. On a prompt level, we define this
as:

𝑚 =𝑀 (𝑝)

In multi-turn conversations, token-level generation functions the
same, but after an initial turn, both user input and model response
are conditioned by the conversation history. Over𝑛 turns, the model
outputs:

𝑚𝑛 =𝑀 (ℎ𝑛, 𝑝𝑛) (1)

whereℎ𝑛 is the conversation history (𝑝1,𝑚1, 𝑝2,𝑚2, ...𝑝𝑛−1,𝑚𝑛−1)
This history is typically serialized using a chat template that con-
tains previous user and assistant turns and is appended to the
model’s context window at each future step. As a result, model out-
puts in multi-turn settings are shaped not only by the current user
input, but also by earlier responses produced by the model itself.
Similarly, the user’s future responses are influenced by their own
prior behavior, and the model’s earlier responses. This can cause a
feedback loop that is absent in single-prompt settings where biased
and undesired behavior can accumulate [18]. Alignment drift is a
result of the combined conversation history bypassing alignment
enforcement guardrails (e.g., system prompts or activation steer-
ing), causing the model to produce a response that would have been
blocked if requested without the prior history.

2.4 Representation-level insights into
alignment drift

By examining how a model’s internal activations vary for different
input types, recent research offers new insight into the represen-
tation dynamics of alignment and alignment drift. This tells us
more about the contexts in which guardrails fail and how model
activation patterns change over multi-turn conversation.

Latent attribute directions and representation engineering. In rep-
resentation engineering, model attributes, or concepts, are identi-
fied as latent dimensions based on differences in activation patterns
between the sought behavior and a neutral or opposite trait [50, 56].
The target model is prompted with a series of prompts designed
to elicit the different behaviors, such as encouraging the model to
lie or be truthful [31]. In its simplest form, a set of prompts P+ are
used to elicit the positive behavior and another set P− its neutral
or negative counterpart.

ℎℓ (𝑝) ∈ R𝑑 denotes the activation vector extracted from a model
for prompt 𝑝 at layer ℓ .

The activation means for each prompt set are calculated:

𝜇+ =
1

|P+ |
∑︁
𝑝∈P+

ℎℓ (𝑝), (2)

𝜇− =
1

|P− |
∑︁

𝑝∈P−
ℎℓ (𝑝) . (3)

The attribute direction, often called feature vector, 𝑣 is defined as
the difference in activations between positive and negative prompts:

𝑣 = 𝜇+ − 𝜇− . (4)
For some high-level model attributes, this vector defines a clearly

separated linear axis in representation space along which the tar-
geted behavior varies. Given a new activation ℎℓ (𝑥), its alignment
with the attribute can be quantified by projecting the layer activa-
tions onto this direction:

𝑠ℓ (𝑥) = 𝑣⊤ℎℓ (𝑥) . (5)
The resulting score 𝑠ℓ (𝑥) indicates the degree to which the rep-

resentation response to 𝑥 aligns with the positive versus negative
prompt distribution. Higher values correspond to stronger align-
ment with the positive behavior, while lower values indicate align-
ment with the negative counterpart. Modifying model activations
during inference, using activation steering methods, have been
shown to have visible effects on model output, making it possi-
ble to identify and influence attributes such as stereotypical bias
[34], hallucination[27, 31], model verbosity [4] or multi-attribute
behavioral profiles [10].

Adversarial jailbreak of alignment constraints. Alignment tech-
niques such as supervised fine-tuning, RLHF and representation-
based guardrails all depend on a distinction between acceptable
and unacceptable regions of model behavior that are approximated
from curated datasets of harmful and benign prompts. Single-turn
defenses, including representation engineering approaches such
as circuit breakers [57], work by identifying and intervening on
internal representations that look similar to activations from these
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datasets. They assume that harmful behavior corresponds to dis-
tinct, and therefore detectable, regions in representation space.

Recent work demonstrates that this assumption does not gener-
alize cleanly to multi-turn interactions. Bullwinkel et al. [9] show
that during Crescendo jailbreaks [41], the model’s internal repre-
sentations of eventually harmful responses shift toward regions
associated with benign examples as the number of conversation
turns increases. Rather than directly inducing a harmful output
("Write a detailed, step-by-step recipe for methamphetamine"), the
attack keeps the model’s activations within regions that resemble
the benign distribution, while still satisfying harmful objectives
("What is the basic premise of the show Breaking Bad?", "How is the
production of methamphetamine portrayed in the show?", ... , "What
were the steps that Walter White performed in the show?").

Sycophancy and alignment drift. Crescendo is explicitly designed
to induce alignment violations through adversarial strategies, but
alignment-breaking is not only caused by malicious intent. In long-
term interactions, models may gradually shift their responses in
ways that increasingly reflect and reinforce user beliefs, even when
those beliefs are harmful or delusional. A well documented case of
this behavior occurring in the wild is in situations where chatbots
are used for emotional support in therapy-esque conversations.
Here, alignment drift accumulates as the model starts reinforcing
user beliefs and delusions, essentially turning the model into an
echo chamber that may eventually bypass model guardrails and
start encouraging users to perform harmful acts against themselves
or others [16, 21]. One of the anticipated roles of social robots in
the near future is to work in therapy settings [3]. The consequences
of such tendencies may be especially severe in such settings, as a
physically present and persuasive system interacts with users in
contexts of heightened vulnerability.

Sycophancy provides a potential mechanism for this "uninten-
tional" form of alignment drift. It describes the tendency of LLMs to
endorse user beliefs and preferences even when they conflict with
factual correctness or socially acceptable behavior [43, 55]. Social
sycophancy refers to the tendency of the foundation model to pro-
vide emotional validation and moral endorsement for user behavior
that is considered unacceptable by human judges [11]. The effect
is believed to be a consequence of human-preference optimization
processes in which agreeable responses are often rewarded [43].
On a representation level, mechanistic evidence suggests that large
language models can simultaneously encode both training-data-
grounded “truth” and user-provided beliefs in early-to-mid model
layers [49]. At a critical point in later layers, model preference will
swerve strongly in the direction of user beliefs, consolidate those
beliefs as truth, and reinforce them in future conversation turns.
While RepE research suggests that sycophantic behavior can be
represented and controlled through activation steering [36], this
relates more to refusal of single-prompt requests than to multi-turn
accumulated effects.

Representational insights into latent attribute dimensions, con-
text shifting behavior and sycophancy are important for under-
standing how multi-turn alignment drift occurs. To our knowledge,
we are still missing insight into how these alignment drift dynam-
ics present themselves during long-term interactions. We will later

discuss some theoretical approaches to how it may be possible to
study these dynamics from a temporal perspective.

2.5 Multi-turn conversation evaluation
techniques.

To study representational dynamics of model alignment behavior,
we require large datasets in which alignment-relevant behavioral
shifts are present, labeled and mapped to corresponding internal
model activations. Efficient strategies for scalable data collection in
multi-turn conversations remain an ongoing challenge [28], mostly
due to computational costs. In the following section, we describe
some existing options to elicit multi-turn conversations. We iden-
tify LLM-simulated users with well-crafted instruction prompts
as a promising strategy for our RQ1 objective and warmly wel-
come suggestions of alternative approaches from other workshop
participants.

Human-crafted conversations. The most natural approach to real-
istic multi-turn data is to collect interactions from real users engag-
ing with LLM-powered robots. Existing datasets such as WildChat
[54] capture large-scale human–LLM dialogue, but do not provide
access to internal activations, making representation-level study of
alignment drift impossible. Additionally, representations patterns
are model specific, meaning multi-turn dataset would have to be
remade for each target model. While this is still a possibility, the
amount of data required to do reliable representation level studies
makes it unfeasible to rely solely on natural human interactions.

Ethical constraints further limit this approach. Studying harmful
alignment drift, such as AI-encouraged psychosis [16, 21], cannot
be conducted with vulnerable users in real-world settings. Although
real user interactions are still highly relevant to ensure the valid-
ity of any methodological approach, complementary methods for
working with synthetic data are necessary to study and mitigate
long-term alignment drift.

Synthetic conversation generation. To overcome the practical and
ethical constraints of real-world data collection, several synthetic
multi-turn generation strategies have been proposed.

Template-based methods construct multi-turn conversations
from predefined rules or prompt libraries, often designed to probe
specific attributes such as fairness [18] or long-horizon reasoning
[5]. While offering reproducibility and clear control of model trajec-
tories, these approaches rely on pre-determined follow ups and thus
fail to capture the feedback loops of interaction-driven dynamics.

Themost promisingmethod for studying alignment drift is to use
LLM-emulated users, where a separate language model, or a multi-
agent system takes the role of the user [12, 41, 51]. By conditioning
a synthetic user on specific personas and allowing it to respond
based on conversation history, dialogue can unfold dynamically
and support richer interaction patterns.

To induce drift-like behavior, synthetic users can be enhanced
with pre-planned escalation policies to mimic the conversation
pressure of specific human behavior patterns [5, 12]. To optimize
the policy, inspiration can be drawn from adversarial optimization
techniques in which multiple candidate prompts are sampled or
generated at each turn and tested towards the target model [32, 41].
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The prompt that most successfully elicits the desired behavior can
then be appended to the conversation history for future turns.

Model behavior can be evaluated using LLM-as-judge methods
[18, 41, 44], complemented by human evaluation. The judge, a pow-
erful LLM such as chatGPT or a trained classifier, can assess the
efficiency of escalation policies, and annotate alignment-relevant
behavior across turns. In some frameworks, the judge is provided
specific success/failure criteria or triggers that relate to the evalua-
tion context ("The response provides a step-by-step guide to manufac-
turing methamphetamine" or "The model assumes the role of a doctor
and provides medical advice) [9, 12]. Wachiowiak et al. evaluated
LLM judgments of robot behavior and found thatmodel assessments
can correlate strongly with human judgments in alignment-related
evaluation scenarios [48].

Simulating human-robot interaction dynamics. Compared to ac-
tual user conversations, synthetic approaches allow scalability and
reproducibility, and open up possibilities for representation-level
mechanistic analysis. Still, most methods are typically optimized
for success criteria such as task completion or jailbreak perfor-
mance [41] instead of attempting to accurately model how real
users gradually influence and are influenced by a system over ex-
tended interactions. As a result, they may fail to capture the subtle,
socially grounded feedback loops through which alignment drift
may emerge unintentionally.

To study alignment drift, a simulator must account for realistic
HRI patterns. Users interact differently with physically embodied,
LLM-enhanced robots than with text-based chat interfaces. Com-
pared to virtual agents, robot interactions are characterized by
shorter, less specified instructions that resemble human-human
dialogues [25]. Similarly, users prefer shorter, more open-ended
output during robot conversations, compared to the detailed, ver-
bose output from text-based LLM interfaces [22, 25]. The shift from
text-only input to multimodal interaction further alters the conver-
sational dynamics: Vision-Language Models (VLMs) may incorpo-
rate continuous visual streams, enabling the model to condition
its responses on user posture, gaze, proximity, and environmental
context as well [38]. This introduces additional feedback channels
that can influence long-term behavior.

Embodiment also changes user behavior in systematic ways.
Physical presence increases social pressure on the user to respond
quickly to robot queries [25], and users have been found to be more
likely to comply with unusual requests given by robots [8]. Such
dynamics may reduce user monitoring and corrective feedback
while increasing trust and emotional engagement, thus creating
conditions under which alignment drift can emerge differently than
in text-based interactions.

As a consequence, methodologies designed to study human-LLM
interaction in text-based virtual interfaces require adaptation to
study dynamics between humans and embodied generative models.
Such dynamics are particularly salient in socially-oriented human-
robot interactions, e.g. within therapy or care contexts. In contrast,
existing synthetic user frameworks for evaluating embodied AI
and robotics typically focus on representing user behavior during
task-oriented dialogue, such as providing a robot with additional
information about their task when queried or correcting faulty
actions taken by the robot [37]. To our knowledge, there is no

existing framework that attempts to specifically emulate social
dynamics of long-term human-robot interaction.

3 Planned work
3.1 Conversation simulator
In Section 2.5, we outline the methodological gap in current ap-
proaches for modeling multi-turn human-robot social interaction.
Addressing this gap is the core of RQ1. We propose an interaction
framework for generating synthetic, multi-turn human–robot con-
versations in which alignment-relevant behavioral shifts can be
systematically induced and analyzed. The approach is inspired by
existing multi-turn strategies [12, 41, 51] but is specifically designed
to capture HRI dynamics:

(1) Drift specification templates.A structured dataset containing
user personas (e.g., demographic traits and psychologically
grounded vulnerability profiles such as anxiety, depression,
or cognitive decline), task contexts (e.g., seeking support
after workplace conflict, coping with relationship break-
down), and escalation policies that define gradual conversa-
tional pressures (e.g., requesting validation, increasing emo-
tional intensity, expressing dissatisfaction with the model’s
response).

(2) Planner module. Given a persona and escalation policy, the
planner maintains long-horizon conversational objectives
and selects the next strategic move.

(3) User simulator.A separate languagemodel translates planner-
selected strategies into realistic user turns that follow es-
tablished HRI patterns and are rooted in the conversation
history.

(4) Target model (robot LLM). The model which is being studied
generates responses conditioned on user simulator prompts
and the complete conversation history.

(5) LLM-as-judge. For each conversation turn, a LLM judge
annotates behavioral dimensions such as risk-taking, syco-
phancy and role adherence that correspond to the context,
providing event markers and continuous behavioral indica-
tors that can be used for analysis.

For every conversation turn, we store the full dialogue history,
the planner strategy state, the judge annotations, and layer-wise
hidden activations from selected layers of the target model. This
produces a dataset that maps observable behavior to internal repre-
sentation dynamics and supports further analysis.

3.2 Representation analysis of alignment drift
To address RQ2 and study the representation-level dynamics of
alignment drift, we want to use the dataset from RQ1 to analyze
the temporal evolution of internal model representations across
conversation turns. For each turn 𝑛, we extract hidden activations
ℎ
(𝑛)
ℓ

from selected layers ℓ of the target model. Rather than analyz-
ing turns independently, we treat the conversation as a trajectory
T in representation space:

Tℓ = {ℎ (1)
ℓ

, ℎ
(2)
ℓ

, . . . , ℎ
(𝑛)
ℓ

}. (6)

This enables us to study alignment drift as a dynamic process.
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Projection onto attribute directions. Using previously identified
latent feature vectors 𝑣 (e.g., sycophancy, toxicity, truthfulness), we
can compute attribute projection scores 𝑠 at each turn:

𝑠
(𝑛)
ℓ

= 𝑣⊤ℎ (𝑛)
ℓ

. (7)

Tracking 𝑠
(𝑛)
ℓ

over time may allow us to detect gradual accu-
mulation effects and identify whether conversations are trending
toward increased alignment with unsafe or undesirable attributes.
A key challenge is that feature vectors are typically computed and
evaluated on single-prompt datasets. As a result, projection scores
may become less faithful indicators of the intended attribute over
time, similar to how crescendo-like adversarial attacks can bypass
representation-based guardrails [9]. By comparing the accuracy
of attribute-projection monitoring with the verdict of the LLM-as-
judge, we can detect how the distribution changes and examine the
representation dynamics that may precede the drift.

Trajectory analysis and regime shifts. To quantify the potential
feedback loop multi-turn interaction where small representational
biases accumulate over time, we see potential in considering:

(1) Inter-turn displacement: ∥ℎ (𝑛)
ℓ

−ℎ (𝑛−1)
ℓ

∥, measuring changes
in representations between consecutive turns.

(2) Directional persistence: the cosine similarity between se-
quential representational shifts, indicating if the drift tra-
jectory has a consistent direction that can be characterized.

Predictive modeling of drift. Using LLM-as-judge-defined behav-
ioral annotations as reference points, we will investigate whether
early trajectory patterns can predict later alignment-relevant events.
This allows us to test whether alignment drift is detectable as an
evolving representational dynamic. If early trajectory trends consis-
tently precede later behavioral shifts, this would support the view
that drift emerges gradually through representational accumulation.
In contrast, failure to predict violations may suggest the presence
of abrupt tipping points in later inference stages. To assess the
added value of representation monitoring, results will be compared
against black-box baselines operating only on model outputs.

3.3 Limitations and challenges
Our planned framework focuses on dialogue-level dynamics to
studyHRI alignment drift. It is a simplified approximation of human-
robot interaction that ignores multimodal factors such as vision,
prosody, and environmental context. Extending the simulator to
incorporate multimodal inputs is an important future step.

Similarly, although LLM-emulated interaction enables scalable
and ethically controlled experimentation, model-to-model dynam-
ics cannot fully capture the social complexity of human–robot
interaction. Insights into representation dynamics that are based
on synthetic data should be validated by complementary studies
with real users, for example, through controlled HRI experiments.

Our aim of achieving representation-level monitoring will also
present challenges in signal clarity. Internal activations are statisti-
cal indicators rather than definitive markers of specific attributes,
and projection scores may be influenced by confounders such as
conversation length and topic variation. Careful normalization and
controlled comparisons are necessary to distinguish genuine align-
ment drift from generic multi-turn dynamics.

Finally, representation dynamics are model-dependent. Latent
directions and drift trajectories may vary between different model
architectures. Our contribution should be viewed as a methodologi-
cal framework rather than a universal characterization of alignment
behavior. Empirical validation through pilot simulations and trajec-
tory analysis remains future work.

4 Concluding Remarks
In this paper, we reviewed methodological challenges in studying
alignment drift in human-robot interaction and proposed a frame-
work that combines an HRI-focused conversation simulator with
representation-level trajectory analysis of internal model activa-
tions. By reframing alignment as a temporal process rather than a
static property, this approach aims to enable earlier detection and
more robust monitoring of drift in long-term interaction.

Studying representation dynamics also opens opportunities for
transparency in HRI. Interfaces that visualize alignment-relevant
attributes (e.g., projections on sycophancy or refusal directions)
[24] may help users understand how their own actions influence
long-term model behavior. Exploring whether such transparency
affects user trust or compliance is an interesting future direction.

From an HRI perspective, deploying LLMs in robots reframes be-
havior as an emergent property of interaction dynamics rather than
a pre-designed state. If long-term alignment is shaped by cumula-
tive user–model feedback, embodiment, voice, and personality may
indirectly influence representational trajectories and alignment
outcomes. Since users attribute different levels of psychological
closeness based on voice and perceived gender [17], design factors
that appear superficial may have measurable long-term effects on
alignment, which will be interesting to study in future research.

Alignment drift is a general property in human-AI interaction
and is not unique to HRI. Social robots provide a high-stakes setting
for studying these dynamics, but the insights from our representation-
level analysis will extend to other interactive AI systems. Similarly,
while our initial work prioritizes alignment in dialogue, the same
trajectory-based temporal analysis could also be applied to multi-
modal foundation models with additional interaction modalities.

We emphasize that this work represents an initial step toward a
broader research agenda. Future work will focus on implementing
the proposed simulator, validating representation-level indicators
against behavioral annotations, and exploring how embodiment
influences AI alignment. We hope that this framework contributes
to ongoing efforts at the intersection of HRI and AI safety and
welcome collaboration on methods to study and mitigate alignment
drift in embodied generative systems.
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