
Why Did the Robot Fail? Causal Concept

Bottlenecks for Failure Detection and Explanation

Mihir Parekh
Department of Computer Science

Indiana University Bloomington

Bloomington, IN, USA

mihparek@iu.edu

Michelle Zhao
Department of Computer Science

Indiana University Bloomington

Bloomington, IN, USA

zhaomich@iu.edu

Abstract—Robots that learn from human feedback can detect
failures and request additional demonstrations, corrections, or
assistance, but existing failure detectors provide little insight
into why a failure was detected or what should change to
achieve success. In this work, we investigate causal concept
bottleneck models (C2BMs) for explainable robot failure detec-
tion, grounding failure predictions in semantically meaningful
concepts and their causal relationships. We propose a pipeline
that uses vision-language models to identify failure-relevant
concepts from robot rollout videos and construct a causal graph
relating these concepts to task outcomes. Using this structure, we
train C2BMs to predict robot failures through causally structured
concept representations. Unlike black-box failure detectors, this
representation exposes the concepts underlying a prediction and
enables interventions and counterfactual reasoning about how
changes to those concepts affect predicted task outcomes. In this
extended abstract, we demonstrate these capabilities through a
proof-of-concept robotics task, showing how causal concept-based
failure detection enables robots to communicate not only that a
failure has occurred, but why it may have occurred and what
could change to achieve success. We further outline a proposed
user study evaluating the utility of these failure explanations for
interactive robot learning with diverse human teachers.

Index Terms—human-robot interaction, failure prediction, ex-
plainable AI, causal modeling

I. INTRODUCTION

Human feedback underlies the training data from which

robots are aligned to end-user desires, explicitly getting their

feedback, whether it be preferences [3, 15, 33], demonstrations

[27], corrections [2], language [38], or implicitly communica-

tive behaviors [41, 42, 43]. Even after alignment, learned

policies may still encounter failures in out-of-distribution

environments [34] or unexpected outcomes of actions [31].

As a result, robots are supervised by operators, such as safety

drivers who monitor autonomous vehicles [7, 29, 35] and

everyday people who constantly check if LLM outputs are

reliable enough to use in their emails [5, 6, 17].

Robots can learn new tasks from human feedback, but

learned policies inevitably encounter failures during deploy-

ment. Failure detection methods can help robots recognize

when they need additional demonstrations, corrections, or

assistance from a human teacher. However, these methods typ-

ically communicate only that the robot has detected a failure

or requires help, leaving the human to determine why the robot

will fail and how their feedback should address it. This places

a significant burden on human teachers, particularly when they

are non-experts or when multiple users contribute feedback.

In this work, we investigate how robot failure detectors can

instead communicate the hypothesized causes of failure and

support reasoning about what would need to change for a

rollout to succeed. Our key insight is to formulate robot failure

detection using causal concept bottleneck models (C2BMs)

[10], such that failure predictions are mediated by semantically

meaningful concepts organized according to causal structure.

We first consider a human-defined DAG as a sanity check

for the proposed framework. Given a causal graph relating

semantically meaningful task concepts to failure, we demon-

strate how causal concept-based failure detection can support

interactive robot learning. Rather than communicating only

that it predicts a failure, the robot can communicate why

by identifying the concepts and causal pathways contributing

most to its prediction.

We then remove the assumption that the DAG is known

a priori. Starting only from robot rollout videos and suc-

cess/failure labels, we introduce a pipeline that uses VLMs to

identify semantically meaningful, failure-relevant concepts and

causal discovery to infer relationships among them. We use the

resulting graph to train a C2BM that predicts rollout success

or failure while respecting the discovered causal structure. We

propose that these robot hypotheses as to why the policy failed

can serve multiple roles in human-robot interaction, and serve

to assist the user in reasoning about how the environment

or policy must change to achieve success. We demonstrate

through a proof of concept the types of explanations and in-

terventions this representation enables, and outline a user study

design plan to evaluate their impact on human understanding

and feedback.

II. RELATED WORK

A. Failure Prediction in Robot Learning

Failure prediction is increasingly used to identify when

learned robot policies are likely to fail and, consequently,

when additional human assistance or corrective data may be

needed [24]. Recent approaches for generative robot policies

formulate failure detection as a statistical prediction problem

over policy observations or outputs. [31] identify impend-

ing failures from consecutive out-of-distribution observations
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Fig. 1. We propose to extract from video rollouts the candidate causal DAG, and train our failure detector as a C2BM [10], imposing causal structure over
human-interpretable concepts to enable interpretable failure predictions and causal reasoning.

and persistently high uncertainty in policy predictions, using

conformal prediction [36] to calibrate failure thresholds. Sim-

ilarly, Xu et al. [37] detect failures without requiring failure

examples by scoring visual embeddings relative to successful

demonstration data and learning time-varying thresholds using

functional conformal prediction [12]. These approaches have

the advantage of detecting failures without requiring an ex-

plicit specification of how a task can fail. However, their failure

scores provide limited semantic information about the factors

contributing to a prediction. When a detector signals that a

rollout is likely to fail, the interpretation of why the failure

occurred and what corrective feedback must be provided relies

largely on the human teacher.

More recently, vision-language models (VLMs) have en-

abled failure detection at the semantic level. Prior work uses

VLMs to produce binary success or failure judgments [13,

25, 39, 44] as well as textual descriptions or explanations of

failures [8, 14]. Zhou et al. [45] formulate failure detection

as spatio-temporal constraint satisfaction and use a VLM to

determine from video whether task constraints have been

violated. Such approaches provide semantically meaningful

descriptions of task failures, but may rely on predefined task

specifications, questions, or constraints that encode how suc-

cessful execution should proceed. Our work bridges semantic

and statistical failure detection by representing failure through

causally structured, semantic concepts grounded in rollout

videos extracted by the VLM’s physical-world knowledge.

B. Explaining Robot Failures

Beyond detecting that a robot has failed, explanations can

help users understand why a failure occurred and determine

how to respond [20]. Prior work has therefore investigated gen-

erating semantic descriptions of robot behavior and failures.

REFLECT [26], for example, uses a large language model

to reason over hierarchical summaries of multisensory robot

observations and generate failure explanations. Das et al. [9]

instead learn an encoder–decoder model to autonomously gen-

erate natural-language explanations of robot behavior. While

such approaches make failures more accessible to users,

generated language provides an explanation of a particular

execution rather than an explicit, inspectable model of the

factors underlying the robot’s failure prediction.

C. Causal Modeling

Causal models provide a structured representation of how

variables relate to and influence one another, enabling forms

of reasoning that extend beyond statistical prediction. Most

closely related to our work, Diehl et al. [11] explicitly model

causal relationships underlying robot failures. They learn a

causal Bayesian network relating task executions to their

consequences, and search the resulting causal model for nearby

successful states to identify and avoid potential failures. This

work demonstrates the utility of causal structure for reasoning

beyond binary failure prediction. Our work builds on this

motivation but considers causal failure models as an interface

for human-interactive robot learning.

Concept bottleneck models (CBMs) [21, 22, 23] introduce

human-interpretable concepts as an intermediate representation

between model inputs and predictions. Given an input x, a

CBM first predicts a set of semantic concepts c and then

predicts an outcome y from this concept representation. For

robot failure detection, we show that these concepts can

correspond to visually identifiable properties of an execution,

such as whether an object was securely grasped, whether it is

near the edge of a surface, or whether an obstacle obstructs the

robot’s motion. An important property of CBMs is that their

intermediate representations can be intervened upon: a user

can replace a predicted concept value with a specified value

and propagate the modified representation through the down-

stream predictor [21]. Such interventions provide a mechanism

for probing a model’s decision: given a failed manipulation

rollout, a human could modify the concept object near table

edge via physically changing the environment and observe

how the model’s predicted task outcome changes. However,

interventions on a standard CBM do not necessarily corre-

spond to causal interventions. Concepts may be statistically

dependent, and independently modifying one concept while

holding all others fixed can produce concept combinations that

are inconsistent with the underlying data-generating process.

Causally reliable concept bottleneck models (C2BMs) [10]

incorporate an underlying causal directed acyclic graph (DAG)

over concepts into the learning procedure. In this work, we

leverage C2BMs to construct robot failure predictors whose in-

termediate representations are both semantically interpretable



and causally structured.

D. Robot Feedback to Human Teachers

Our aim is to use causal explanations in the context of

interactive imitation learning (IIL) (e.g. Dataset Aggregation

DAgger [32]). Robot-gated approaches can determine when

such feedback is needed by requesting intervention based on

uncertainty [18, 19, 28] or predicted failure [24]. However,

these signals communicate only that the robot needs help,

leaving the human to diagnose why and determine what

corrective feedback to provide. More effective communication

about the robot’s learning, however, can increase transparency

and human understanding of robot policies [16]. We seek

failure explanations as a form of robot-to-human feedback for

interactive learning. By representing failure through causally

structured semantic concepts, a robot can communicate not

only that it predicts failure, but also the factors it associates

with that prediction and how changes to those factors may

affect the predicted outcome. Importantly, these explanations

describe the reasoning of a learned failure detector rather than

ground-truth causes of policy behavior. Our opportunity is to

treat them as inspectable hypotheses: a human can assess and

probe the robot’s explanation and use it to inform subsequent

feedback.

III. APPROACH: FAILURE PREDICTION AS CAUSALLY

RELIABLE CONCEPT BOTTLENECK MODEL

A C2BM is a concept-based architecture [10] that learns

a ”causal bottleneck of concepts” structured according to a

provided causal graph. Let X denote noisy input features,

V = Vii = 1C a set of C semantically meaningful endogenous

variables, and G a directed acyclic graph (DAG) specifying the

causal relationships among variables in V . A C2BM learns an

exogenous encoder g that models a distribution P (U | X)
over latent exogenous representations U = Uii = 1C , where

each Ui is associated with an endogenous variable Vi, together

with a parametric structural causal model (SCM) MΘ.

Information flows through the architecture according to the

causal structure specified by G. First, the encoder g infers

the exogenous representations U from X . The SCM MΘ then

propagates information through G, predicting each endoge-

nous concept Vi from its associated exogenous representation

Ui and the values of its causal parents. This produces concept

predictions that respect the specified causal structure and

ultimately determine the model output.

We apply this architecture to robot failure prediction, where

the output represents task success or failure and the intermedi-

ate concepts provide a causal hypothesis for why that outcome

was predicted. We start with a hand-designed causal DAG, but

also evaluate a DAG automatically extracted from the Botfails

Dataset of robot rollout [4] and outputgenerated by a VLM

[1].

Synthetic Causal Map.

We created a custom causal directed acyclic graph (Figure 2)

to explicitly define concepts and edges that encode their func-

tional causal relationships. Specifically, our DAG is a discrete
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Fig. 2. We first validate our causal failure predictor training approach with
a synthetic dataset generated from a ground truth causal DAG.

TABLE I
PREDICTION ACCURACY OF TASK FAILURE.

MODEL SEMANTIC CAUSAL TOY DAG

TRANSP. REL.

OPAQNN ✗ ✗ 71.57±0.37

CBM+lin ✓ ✗ 70.92±0.02

CBM+mlp ✓ ✗ 71.21±0.30

CEM ✓ ✗ 71.67±0.29

SCBM ✓ ✗ 70.43±0.75

C2BM ✓ ✓ 70.13±0.93

Bayesian network, where each node, concept, corresponds to

a random variable, and every node is paired with a conditional

probability distribution (CPD). To evaluate [10] in a robotics

setting, we define the classification problem as an assistive

robot continuously verifying its capability to deliver coffee to a

seated user in an at-home kitchen environment. Our leveraging

[1] we aim to detect failure early, express what attributed to

the failure,

Following [10], we compare C2BM against an opaque neu-

ral network (OPAQNN) and several concept-based baselines,

including CBMs, CEM, and SCBM, to evaluate the effect of

introducing causal structure on task and concept prediction

accuracy.

IV. EXPERIMENTAL RESULTS

Takeaway 1: Prediction accuracy of our causally reliable

failure predictor is on par with baselines.

Following [10], our first step consists of instantiating the

C2BM with a causal DAG and Bayesian network. Table I

shows that imposing this causal structure maintains failure

prediction accuracy comparable to existing baselines.

We additionally find that the C2BM maintains high concept

prediction accuracy, comparable to alternative concept-based

architectures (Table II).

Takeaway 2: Structured causal predictions can be trans-

lated into human-interpretable failure explanations..

Beyond predicting whether a rollout will fail, the C2BM

exposes the predicted states of semantically meaningful con-

cepts and their causal relationships. We use a VLM to translate

this structured representation into a concise verbal explanation



TABLE II
CONCEPT PREDICTION ACCURACY OF CONCEPT BOTTLENECK LAYERS.

MODEL TOY DAG

OPAQNNM 77.95±0.13

CBM+lin 77.94±0.05

CBM+mlp 77.83±0.80

CEM 77.99±0.06

SCBM 78.11±1.15

C2BM 77.98±1.07

of the predicted failure. Importantly, the VLM does not

independently infer the cause of failure from the rollout; rather,

it communicates the causal hypothesis produced by the C2BM

in natural language.

A. Generating Verbal Failure Explanations

We use Qwen3 [1] to translate the structured causal pre-

diction produced by the C2BM into a verbal explanation for

the human teacher. We provide the model with the predicted

concept states and their causal relationships and prompt it to

identify the primary predicted cause and relevant contributing

factors. An example is shown below.

Prompt. Translate the robot’s causal failure prediction into
a concise, non-technical explanation for a human teacher.
Identify (1) the predicted outcome, (2) the primary causal
factor, and (3) one or two relevant contributing factors. Do
not report raw probabilities.
Predicted concepts: Path_Clear: 0.92,
Table_Clutter: 0.75, Grip_Stability: 0.08,
Spill_Risk: 0.89, Safe_Placement: 0.14, . . .

Generated explanation. “I wasn’t able to successfully
move the cup. The main reason is that I couldn’t get a
secure grip on it, which made spilling very likely. The
cluttered table also made it difficult to identify a safe place
to set the cup down.”

V. USER STUDY DESIGN PLAN

Given the C2BM’s ability to express predicted failures

through a bottleneck of human-interpretable concepts, we pro-

pose a user study examining how causal failure explanations

can support human decision-making during interactive robot

learning.

1) RQ1: Workspace Intervention. Can causal failure

explanations help users modify the robot’s workspace

to improve task success? For example, if the robot

attributes failure to workspace clutter, the user may

remove obstacles or reorganize the scene rather than

retrain the policy. We hypothesize that, when failure

is attributable to modifiable environmental conditions,

explanation-guided workspace interventions can provide

a lower-cost path to task success than additional policy

training.

2) RQ2: Targeted Data Collection. Can causal failure

explanations help users collect more informative training

data? Similar to guided data collection methods that

identify underrepresented conditions [40], causal con-

cepts can indicate specific conditions under which the

policy frequently fails. For example, if cluttered scenes

are repeatedly associated with failure, the robot can

recommend collecting additional demonstrations in clut-

tered environments. We hypothesize that explanation-

guided data collection will lead to more targeted and

effective corrective demonstrations than unguided data

collection.

Our proposed study begins with an initial round of policy

training, followed by autonomous rollouts that produce both

successful and failed trajectories. From these rollouts, we con-

struct a causal concept graph, train the C2BM failure detector,

and generate explanations for predicted failures. Participants

then receive either an explanation-guided workspace interven-

tion or an explanation-guided data-collection recommendation

and act on that recommendation. We will evaluate whether

these interventions improve subsequent task performance and

compare against unguided interactive imitation learning, such

as vanilla DAgger, and failure-triggered data collection ap-

proaches [24]. At the subjective level, we will evaluate via

survey responses whether the explanations improve users’

understanding of why the robot failed and their ability to select

useful corrective actions.

VI. DISCUSSION AND LIMITATIONS

In this extended abstract, we present our approach and

preliminary results. We first consider a hand-designed DAG

encoding causal relationships among task-relevant concepts

and train a C2BM to predict task success or failure through

this structure. We then demonstrate how the resulting concept

predictions and causal relationships can be translated by a

VLM into semantically meaningful explanations for a human

teacher.

Fit for Human-Robot Dialogue Workshop at IROS. Our

work posits that human-robot dialogue in the form of causal

hypothesis explanations will make interactive robot learning

more collaborative. Ultimately, even failure predictions in an

IIL setting are not necessarily the true cause of failure, and

the robot can stop, report failure, and ask for help even when

the human disagrees that failure has occurred. If the robot can

explain the root causes of its failure, this could help increase

transparency and trust with the user, and lead to targeted data

collection.

Limitations. A primary limitation of our current approach

is its reliance on a hand-designed DAG, which may be

incomplete or encode incorrect causal relationships. Requiring

this structure a priori also limits the generality of the approach.

To address this limitation, we propose a pipeline using SAM2

[30] and VLMs [1] to identify task-relevant concepts directly

from rollout videos and construct candidate causal graphs from

observed successes and failures. Our future work will seek to

make this process more iterative, allowing the robot to propose

causal hypotheses and human teachers to validate or correct

them, progressively refining the causal representation used for

failure prediction and explanation.
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