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Abstract

Conversational user interfaces (CUIs) are shifting from single-model
dialogue systems to multi-agent architectures where an orchestrat-
ing agent delegates tasks to sub-agents, external APIs, and third-
party tools. When these agent chains produce harmful or misleading
outputs, a governance question follows: who is accountable? Cur-
rent approaches blame either the visible interface or the system
developer, but neither captures how responsibility is distributed
across a chain. We identify three research threads (structural ecosys-
tem mapping, formal causal responsibility theory, and operational
provenance tracking) that have developed in isolation and have
not been unified for conversational Al. We propose Accountability
Graphs, a framework that models agent chains as directed acyclic
graphs enriched with provenance metadata and causal responsi-
bility semantics. Motivated by Moffatt v. Air Canada (2024), where
an airline was held liable for its chatbot’s misrepresentation of
bereavement fare policy, we extend this case into a multi-agent
architecture and show how backward responsibility propagation
can assign graded responsibility scores to chain components. We
discuss CUI-specific challenges including real-time dialogue, dy-
namic delegation, modality effects, and the design of user-facing
accountability surfaces, and propose a research agenda connecting
accountability to consent in agentic AL
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« Human-centered computing — Interactive systems and
tools; » Computing methodologies — Intelligent agents; »
Software and its engineering — Software creation and manage-
ment.
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1 Introduction

In 2024, a Canadian tribunal held Air Canada liable after its customer-
service chatbot misrepresented the airline’s bereavement fare policy,
advising a grieving passenger that he could retroactively claim a
discounted fare [5]. The airline argued its chatbot was “a separate
legal entity”; the tribunal disagreed, ruling that a company is ac-
countable for all information on its website. Yet this accountability
question was resolved only because the system was monolithic:
one chatbot, one airline, one policy database.

Now consider a near-future agentic version: a user asks the
same airline’s conversational assistant about bereavement fares. An
orchestrating agent delegates to a policy retrieval sub-agent, which
queries a knowledge base drawing on both structured fare rules
and an unstructured FAQ corpus. A synthesis agent reconciles the
results and states that retroactive claims are permitted, but they are
not. Responsibility is now distributed across multiple components.
Who is accountable?

This question is not hypothetical. CUIs are shifting to agentic
architectures that act on behalf of users [1]. Frameworks such as
LangChain, AutoGen, and CrewAl enable multi-agent orchestration
where a primary agent delegates to specialized sub-agents, each
of which may call external tools or models [21]. The resulting
conversational agent chain can span multiple organizations and data
sources.

Despite this complexity, CUI research has not developed system-
atic accountability frameworks for agent chains. Work on trust [6,
8], transparency [16], and explainability [9] addresses related but
distinct concerns: trust asks whether users will rely on the system,
transparency whether they can see what it does, and explainabil-
ity why it produced a particular output. None answers who bears
responsibility when the output causes harm.

This accountability gap is acute in CUI contexts. The conversa-
tional interface creates an illusion of singularity: users interact with
what appears to be a single agent, but the singular persona masks
multiple technical and organizational actors jointly producing each
utterance. This is both an agency and an identity problem, directly
relevant to the CUI 2026 theme. Real-time dialogue compounds
decisions within milliseconds, making post-hoc tracing difficult.
And dynamic delegation means the orchestrator decides at runtime
which sub-agents to call, so the accountability structure emerges
during conversation rather than being fixed at design time.

We address this gap with Accountability Graphs, a framework
for modeling responsibility attribution in conversational Al agent
chains. This paper is a conceptual work-in-progress: we develop
the framework and illustrate it through a scenario, but do not yet
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provide full formalization or empirical evaluation. Our contribu-
tions:

(1) We identify three disconnected research threads (structural
ecosystem mapping, causal responsibility theory, and opera-
tional provenance tracking) and argue for their unification
in the CUI context.

(2) We introduce Accountability Graphs, modeling agent chains
as directed acyclic graphs with provenance metadata and
causal responsibility semantics, adapted for CUI-specific
challenges.

(3) We demonstrate the framework through a CUI scenario and
propose a research agenda for empirical investigation.

2 Background and Related Work

2.1 Accountability in AI: Three Disconnected
Threads

Accountability in Al has been addressed from three perspectives not
yet integrated. Structural mapping: Bommasani et al’s Ecosystem
Graphs [2, 3] model asset-level dependencies across the foundation
model ecosystem but perform no causal analysis and attribute no
responsibility. Causal responsibility theory: Halpern and Pearl’s [14]
structural-model approach to actual causation, extended by Chock-
ler and Halpern’s [4] notions of degree of responsibility and blame,
provides formal machinery for attribution but has been applied only
at the model-internal level, never to pipeline or agent-chain account-
ability. Operational provenance: data provenance initiatives [17],
model cards [18], datasheets [10], and accountability metrics cata-
logues [22] record decisions and lineage but lack formal frameworks
for computing responsibility scores from the metadata.

2.2 The Accountability Gap in CUI Research

CUI research has studied trust [8], transparency [16], and explain-
ability [9] in depth, but none addresses Nissenbaum’s [19] many
hands problem, where multiple agents contribute to an outcome and
responsibility becomes diffuse. Cooper et al. [7] updated this analy-
sis for algorithmic systems. The many-hands problem is amplified
in CUI architectures, where the conversational interface acts as a
singular facade behind which agents, tools, and services operate,
each contributing causally to the output yet invisible to the user.
Santoni de Sio and Mecacci [20] identify four types of responsi-
bility gaps in Al Hindriks and Veluwenkamp [15] reframe these
as control gaps, where no agent has sufficient control to be held
responsible, a framing that applies directly to CUI agent chains.
Separately, CUI research on conversational breakdowns, repair, and
system self-disclosure [6] is relevant because accountability disclo-
sures would arise at precisely such moments of failure; the design
of accountability surfaces (Section 4.1) should build on this work.

3 Accountability Graphs for Conversational Al

3.1 Framework Overview

An Accountability Graph for a conversational agent chain is defined
as a tuple AG = (N, E, P, H) where:
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o N ={ny,...,ng}: decision nodes, each representing a point
where a component makes a choice influencing the conver-
sational output (e.g., intent classification, agent delegation,
tool invocation, response generation).

e E C N X N: directed causal edges representing information
or control flow. Edges are typed: dataflow edges carry infor-
mation between steps, while configuration edges represent
design-time parameter settings (e.g., an orchestrator con-
figuring a sub-agent’s policy). Configuration edges do not
create runtime cycles.

e P: N — P:a provenance function mapping each node to
a record containing the responsible component, degree of
decision autonomy, information available at decision time,
temporal context, and contractual or design obligations.

e H: N — [0,1]: a harm propagation function capturing
how a detected harm at a terminal node relates to upstream
decisions, drawing on Halpern and Pearl’s [14] structural-
model approach to actual causation.

Node granularity is a modeling choice: a node may represent
an entire agent, a single tool call, or a specific decision within a
component. Finer granularity yields more precise attribution but
requires more detailed provenance logging.

3.2 CUI-Specific Adaptations

Conversational agent chains raise accountability challenges absent
in static ML pipelines. Table 1 summarizes five adaptations.

The most distinctive of these adaptations is the accountability
surface, a user-facing representation of the internal accountability
graph. Unlike traditional accountability analyses aimed at regula-
tors or developers, the accountability surface translates responsibil-
ity distributions into natural language explanations for end users.
We discuss the design challenges this raises in Section 4.1.

3.3 Illustrative Scenario: An Airline
Bereavement Fare Agent

We extend the Moffatt v. Air Canada case [5] into a multi-agent
CUI architecture. In the original 2024 case, a monolithic chatbot
misrepresented bereavement fare policy; here, we imagine the same
airline deploying an agentic CUI with distributed responsibilities.

User utterance: “My grandmother just passed away. I need to
fly from Vancouver to Toronto tomorrow. Do you have bereavement
fares? Can I get a refund later if I book now at full price?”

The system processes this through a seven-node agent chain
(Figure 1):

(1) Intent Parser (n1): Extracts bereavement context, route
(YVR-YYZ), urgency, and flags the interaction as sensitive.

(2) Orchestrator (nz2): Routes to the policy retrieval sub-agent
based on the bereavement flag.

(3) Policy Retrieval Agent (n3): Formulates and sends a re-
trieval query to the knowledge base APIL

(4) Knowledge Base API (ny): Searches a structured fare rules
database and an unstructured FAQ corpus; returns ranked
results (third-party service).

(5) Synthesis Agent (n5): Reconciles retrieved fragments. The
structured rules require bereavement fares to be requested
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Table 1: CUI-specific challenges for accountability attribution and corresponding framework adaptations.

CUI-Specific
lenge

Chal-

Why It Matters

Framework Adaptation

Real-time dialogue

User-facing accountabil-
ity

Conversational context
dependency

Modality effects

Dynamic delegation

Decisions are made and compounded
within milliseconds during a conversa-
tional turn

Users interact with a single interface, but
responsibility is distributed across the
chain

Earlier dialogue turns shape later decisions;
the context window is a shared, evolving
resource

Voice vs. text CUI may distribute responsi-
bility differently (e.g., ASR misrecognition
introduces a causal contributor absent in
text-based CUI)

Agents decide at runtime which sub-agents
to invoke, meaning the graph structure
emerges during conversation

Temporal proximity weighting: nodes
closer in time to the harm event receive
proportionally adjusted responsibility con-
sideration

Accountability surface: a mapping from the
internal graph to user-legible responsibility
attribution

Contextual provenance tracking that links
node decisions to the conversational state
at invocation time

Modality-aware node types that distin-
guish ASR/TTS processing from language
understanding

Runtime graph construction: the Account-
ability Graph is built incrementally as del-
egation decisions are made, rather than de-

fined statically at design time

before travel; the FAQ contains an outdated passage suggest-
ing retroactive claims within 90 days.
(6) Empathy Filter (n¢): Adjusts tone for bereavement context.
(7) Delivery (n7): Presents the response via text or voice.

Harm event: Facing contradictory sources, ns selects the FAQ
passage (possibly because its retrieval score was higher) and tells
the user that retroactive claims are permitted. The user books a
full-price ticket, travels, and is denied the refund.

Accountability Graph analysis. The chain has edges n; —
ny — ... — ny plus a configuration edge from ny to ns (the or-
chestrator sets ns’s reconciliation parameters before execution,
preserving acyclicity within a single turn; multi-turn iterative inter-
actions would require unrolled graphs, left for future work). Causal
backtracking identifies ns and n4 as primary contributors and ny
as secondary.

Worked example: computing H for ns. Following Halpern
and Pearl [14], let Sy, be the binary variable representing ns’s
source-selection decision (Sn; = faq in the actual world). Let Y be
the binary harm outcome (Y = 1). The counterfactual intervention
sets Sp, < structured, holding all other nodes fixed. Under this
intervention, Y = 0 (the correct policy is returned). Since changing
ns’s decision alone suffices to prevent the harm, ns satisfies Halpern-
Pearl actual causation with degree of responsibility p = 1 (no other
nodes need to be changed in the contingency). We then apply
provenance weighting: ns operated with full decision autonomy
(Wautonomy = 1.0), had access to both sources (winf, = 1.0), and
was temporally proximate to the harm (Wiemporal = 0.9). The final
weighted score is H(ns) = p - w = 1.0 - 0.97 = 0.97. By contrast,
ng has p = 1 (the harm is also counterfactually dependent on
ny’s failure to flag the conflict) but lower autonomy weighting

(Wautonomy = 0.5, as a retrieval service operating under prescribed
parameters), yielding H(n4) = 0.80. Node ny requires a two-step
contingency (change ny’s configuration and re-run the pipeline),
giving p = 0.5 and H(ny) = 0.43.

This example is simplified: provenance weights are illustrative
(in deployment, they could be designer-set, stakeholder-elicited, or
learned from incident data), structural equations for all variables
would need full specification, and stochastic components would re-
quire probabilistic extensions. The example nonetheless illustrates
that the framework can produce derived responsibility scores from
counterfactual reasoning and provenance data, rather than relying
on assertion alone.

3.4 Toward Backward Responsibility
Propagation

We sketch backward responsibility propagation, a procedure for

traversing the graph from a harm event to upstream contributors:

(1) Harm localization: Identify the terminal node(s) where
harm manifests in the conversational output.

(2) Causal backtracking: Traverse edges backward, evaluating
at each node whether it satisfies Halpern and Pearl’s [14]
criteria for actual causation with respect to the harm.

(3) Provenance-weighted scoring: For each node identified
as a cause, incorporate provenance factors (decision auton-
omy, information availability, temporal proximity, obligation
scope) to produce a graded responsibility assessment.

(4) Counterfactual validation: For the highest-scoring nodes,
verify the attribution through counterfactual reasoning: “Would
the harm have occurred if this node’s decision had been oth-
erwise?”
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Figure 1: Accountability Graph for the bereavement fare
scenario, extending the Moffatt v. Air Canada case into a
multi-agent architecture. Nodes bearing primary causal re-
sponsibility (ns, Knowledge Base API; ns5, Synthesis Agent)
are marked with thick solid borders and the label “[primary]”
The node with secondary responsibility (n2, Orchestrator) has
a thick dashed border and the label “[secondary]” The harm
manifestation point (n7) has a double border. The dashed
edge represents the orchestrator’s configuration of the syn-
thesis agent’s reconciliation logic.

Full formalization of this procedure is the subject of ongoing
work. We note that the graph traversal itself is O(|N| + |E|); the
computational bottleneck is the counterfactual evaluation at each
candidate node, which in the worst case requires re-execution of
downstream subgraphs. Here we present the conceptual approach
and focus on CUI-specific considerations.

4 Discussion

4.1 The Accountability Surface as a CUI Design
Problem

The accountability surface, a user-facing translation of the internal
responsibility graph, poses distinct design challenges. In text CUI,
an explanation might read: “Your fare query drew on contradictory
internal sources. The synthesis component selected the wrong one.
We are correcting this and honoring the fare you were quoted.” In
voice CUI, explanations must be shorter: “There was an error in
how we combined our fare information. We’ll honor the quoted
fare” The level of detail is a design variable: too little feels like a
generic apology; too much risks cognitive overload.

Different stakeholders need different renderings. End users need
actionable explanations and remediation paths. Auditors and reg-
ulators need full provenance trails and formal scores. Customer
support staff need intermediate representations for routing com-
plaints. A single graph can support all these surfaces. Importantly,
accountability surfaces should not only explain what went wrong
but also support contestability: providing users with clear pathways
to challenge the attribution, request remedy, or escalate to human
review.

In emotionally charged contexts such as bereavement, telling
a user that “the synthesis component made an error” risks feel-
ing impersonal or deflective. Accountability surfaces in sensitive
interactions should draw on conversational repair and empathic
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response design [6], treating tone and timing as first-class parame-
ters. How users receive accountability information when frustrated
by a failure remains an open empirical question.

4.2 Regulatory Alignment

As a preliminary interpretive alignment (not a formal legal analysis),
we note that Accountability Graphs map to several EU Al Act
obligations: Article 9 (risk management) aligns with node-level
provenance; Article 12 (logging) corresponds to runtime graph
construction; Article 50 (disclosure to natural persons) extends from
identity disclosure to responsibility disclosure via the accountability
surface. The Act’s provider-deployer distinction (Articles 16, 26)
maps to the framework’s ability to assign different responsibility
weights to nodes maintained by different organizations.

4.3 Connecting Accountability and Consent

This work connects to consent in agentic Al Recent research exam-
ines how consent breaks when CUI transitions from responding
to acting [13], how a “consent vacuum” emerges in agent-to-agent
interactions [12], and how consent chains degrade in embodied
multi-agent systems where actions have physical, irreversible con-
sequences [11]. Consent addresses the before (was permission ob-
tained?), accountability the after (who bears responsibility?). To-
gether they form a governance loop, and CUI is a natural domain
to study it: the conversational interface serves simultaneously as
the consent mechanism and the accountability surface.

4.4 Limitations, Risks, and Future Work

No empirical validation. We are developing a prototype instrument-
ing LangChain agent chains via callback hooks to construct Ac-
countability Graphs at runtime. Next steps: a think-aloud study with
CUI designers, followed by a controlled user study comparing ac-
countability surface explanations against standard error messages,
measuring comprehension, trust calibration, perceived fairness, and
emotional appropriateness.

Power dynamics and accountability-washing. Graded responsibil-
ity distributions are not inherently benign. Organizations could use
them to deflect blame onto third-party providers or users rather
than accepting systemic responsibility. One possible governance
mechanism is a minimum accountability floor for the entity con-
trolling the orchestrator, regardless of downstream scores.

User agency. The framework does not include a user node. Yet
users contribute to outcomes through ambiguous queries or ignored
warnings. Whether to represent user contributions raises ethical
questions: attributing responsibility to a grieving user who phrased
a question imprecisely would be inappropriate, but ignoring user in-
put may misrepresent the causal chain. We leave user-responsibility
boundaries as an open question.

Formal responsibility vs. legal liability. Accountability Graphs are
diagnostic, not normative: they identify where failures occurred,
not what legal consequences should follow.

Traceability and opaque components. Many agent chains include
proprietary “black box” components where causal backtracking into
internal reasoning is impossible. For such nodes, the framework as-
signs responsibility based on input-output behavior and contractual
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obligations only. A related challenge is provenance logging in stream-
ing CUI: capturing metadata without disrupting token-by-token
generation requires asynchronous logging hooks.

Cultural and jurisdictional variation. Accountability norms vary
across cultures and legal systems. Provenance weights may need
to reflect local regulatory expectations, and accountability surfaces
should account for differing user expectations about institutional
transparency. The current framework does not model these varia-
tions.

5 Conclusion

We have proposed Accountability Graphs, a framework that mod-
els conversational agent chains as provenance-enriched directed
acyclic graphs with causal responsibility semantics. By extend-
ing the Moffatt v. Air Canada case into a multi-agent architecture,
we illustrated how backward responsibility propagation can pro-
duce graded responsibility scores across a seven-node agent chain
through counterfactual reasoning and provenance weighting. The
framework unifies structural ecosystem mapping, causal responsi-
bility theory, and operational provenance tracking, and adapts them
to CUI-specific challenges including real-time dialogue, dynamic
delegation, and the user-facing accountability surface. We connect
this work to the governance concern of consent in agentic Al, ar-
guing that consent and accountability together form a governance
loop for agentic CUI systems.
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