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Abstract— Robots that follow natural-language instructions
must decide not only what action to execute, but also whether
the current evidence is sufficient to act at all. We present Ask-
to-Act, a framework for grounded robot instruction following
that treats clarification as a cost-sensitive decision under uncer-
tainty. The system either executes immediately or requests one
minimal grounding cue before acting. We evaluate Ask-to-Act
on SCOUT++, a grounded HRI benchmark with command-
label-image examples from situated human-robot interaction.
In a text-only setting, Ask-to-Act improves grounded action
prediction from 0.8225 to 0.8308 accuracy while asking in
0.2350 of episodes. In a multimodal setting, command-time
visual grounding improves the always-act baseline to 0.8503
accuracy, and Ask-to-Act further improves accuracy to 0.8545
while asking in 0.1277 of episodes. These results show that Ask-
to-Act can adapt its interaction rate to the available evidence.
It asks more often when language alone leaves action choices
underdetermined and asks less often when visual grounding
strengthens the base action predictor. To analyze this behavior,
we define ask-beneficial ambiguity as cases where the gold action
is in the model’s top-k candidates but not ranked first, and
evaluate uncertainty-based ambiguity detectors with AUROC
and AUPRC. Overall, Ask-to-Act positions clarification as an
adaptive component of grounded robot learning rather than a
fixed requirement of language interaction.

I. INTRODUCTION

Natural language is a compelling interface for robots
because it allows users to specify goals without low-level
programming. In practice, however, many commands are
ambiguous or under-specified at the moment they are issued.
A user may say “turn a bit left,” “move it over there,” or “go
to the doorway” while leaving open key grounding variables
such as direction, distance, target identity, or traversal mode.
A robot that commits too early may execute the wrong action
with high confidence. A robot that asks too often may turn a
fluent interaction into an annoying one. The central problem
is therefore not only what action to take, but also whether the
robot currently has enough grounded evidence to act without
clarification.

Most grounded instruction-following systems are evalu-
ated as one-shot predictors: they map an utterance, and some-
times perceptual context, directly to an action label. This
framing hides an important upstream decision. Even when a
model can produce a top-ranked action, the robot still has
to decide whether the current belief state is reliable enough
for execution or whether one additional piece of information
would materially improve the outcome. That decision matters
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in embodied settings because acting incorrectly has physical
consequences, while unnecessary clarification carries social
and temporal cost.

We study this problem as a form of robot learning
under uncertainty. Our framework, Ask-to-Act, augments
a grounded action predictor with a clarification policy. Given
an instruction and available context, the system either acts
immediately or requests one minimal grounding cue before
acting, as shown in Fig. 1. This formulation treats clarifi-
cation as part of the robot’s control pipeline rather than as
a separate dialogue accessory. The key question becomes:
when is asking worth it?

We also test a second hypothesis that is especially rel-
evant: the value of clarification depends on the quality
of perceptual grounding. If command-time visual evidence
already resolves the ambiguity that language leaves open,
then asking should become less useful. To evaluate this
effect, we use SCOUT++, a benchmark that pairs natural-
language commands with synchronized images captured at
the time each command is issued. This allows us to compare
a text-only regime against a multimodal regime while holding
the task and label space fixed.

Our contributions are fourfold. First, we formalize ask-vs-
act as a cost-sensitive decision problem layered on grounded
action selection. Second, we define ask-beneficial ambigu-
ity, an operational notion of ambiguity aligned with the
interactive correction setting: the gold action is among
the model’s plausible candidates but not currently ranked
first. Third, we show that selective clarification improves
grounded action prediction in both text-only and multimodal
settings, while requiring fewer questions when command-
time visual grounding is available. Fourth, we show that
simple uncertainty signals, especially probability margin, can
help identify clarification-worthy episodes. Together, these
findings position clarification as an adaptive component of
grounded robot learning whose value depends on the robot’s
current evidence and grounding capability.

II. RELATED WORK

a) Grounded language understanding for robots:
Grounding language in robot action has long required com-
bining linguistic input with environmental context, percep-
tual evidence, and action affordances [1], [2], [3]. Early
work in navigation and manipulation showed that many
instructions are only interpretable relative to a scene, an
embodiment, and a task structure. More recent embodied
and multimodal systems extend this paradigm through neu-
ral representations and vision—language models, including
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CLIP-style visual features [4]. Our work also builds on the
SCOUT dataset, a Wizard-of-Oz multimodal human-robot
dialogue corpus for situated interaction, and on our prior
work introducing SCOUT++ as a benchmark derived from
that source corpus for grounded instruction understanding
[5], [6]. Unlike prior work focused primarily on improving
grounded action prediction, we study a preceding decision:
whether the currently available grounded evidence is suffi-
cient for execution or whether the robot should first seek
clarification.

b) Clarification, help-seeking, and mixed-initiative in-
teraction: A second line of work studies when robots should
request help, clarification, or disambiguation from users
[7], [8]. These works show that interaction can improve
collaboration and robustness when the robot is uncertain or
lacks task-critical information. More directly, Deits et al.
formulate clarification as an information-theoretic dialogue
problem, showing how a robot can ask targeted questions
to reduce uncertainty in ambiguous commands [9]. Related
work on situated dialogue also emphasizes the need to detect
and recover from miscommunication during task-oriented
interaction [10]. Ask-to-Act is aligned with this perspective,
but differs in two ways. First, we treat non-interaction as a
valid and often preferred outcome, rather than assuming that
asking is desirable whenever uncertainty is present. Second,
we make the clarification decision measurable through task-
oriented quantities such as grounded accuracy, question rate,
and answerability under the model’s candidate set.

c) Interactive embodied agents and selective question-
ing: Recent work has renewed interest in agents that ask
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The decision flow from instruction and context to (i) immediate action or (ii) a clarification query followed by reranking or rerun-based correction.

questions only when needed. In embodied settings, dialogue-
enabled benchmarks such as DialFRED and TEACh show
that question asking can be integrated directly into instruc-
tion following and task completion [11], [12]. More recent
language-agent work studies selective asking under unclear
instructions, arguing that capable systems should gather
additional information when needed instead of always acting
or always asking [13], [14]. Our setting differs because clari-
fication is tied directly to grounded robot action selection. A
clarification is useful only if it changes the robot’s action dis-
tribution in a way that improves downstream execution. This
grounding constraint makes the problem more concrete and
links the value of questioning directly to robot performance.

d) Uncertainty and reliability: Our work also con-
nects to broader research on uncertainty-aware behavior
and reliability in language-enabled systems. Prior work on
uncertainty-resolving questions for robots shows that ques-
tioning can serve as an explicit mechanism for reducing
action uncertainty before execution [15]. Ask-to-Act follows
a similar intuition, but operationalizes it as a decision policy
over acting versus asking. Rather than using confidence only
as a diagnostic signal, we use it to decide whether the robot
should request additional evidence before committing to an
action. This framing turns uncertainty into an information-
gathering decision that can be evaluated directly through
downstream task performance.

III. SCOUT++ BENCHMARK

SCOUT++ is a grounded benchmark derived from the
original SCOUT (Situated Corpus of Understanding Trans-



actions) dataset [5], a Wizard-of-Oz multimodal human-—
robot dialogue corpus collected in a collaborative exploration
setting. From this source corpus, we construct SCOUT++
examples by aligning each instance with (i) a commander
utterance, (ii) a canonical grounded robot response label,
and (iii) a time-synchronized image captured at the moment
the command is issued. This reformulation turns the broader
SCOUT dialogue resource into an instance-level benchmark
for grounded decision making. It is particularly suitable for
Ask-to-Act because it supports both text-only and multi-
modal versions of the same grounded, ambiguity-sensitive
prediction problem. SCOUT++ and its initial grounded
instruction understanding benchmark were introduced in our
prior work [6].

In the configuration used here, the benchmark contains
12,000 command-label-image rows. After filtering for com-
plete commander instruction, grounded robot response label,
and file-name fields, the final experimental set contains
11,989 examples spanning 382 unique grounded action
labels. The label space is long-tailed, reflecting realistic
variation in how humans instruct a robot and in the resulting
grounded action outcomes. To reduce leakage from repeated
or closely related file references, we split by grouping on
file_name, assigning all examples from a group to the
same partition using an 80/10/10 train/validation/test split.
This yields 9,591 training examples, 1,198 validation exam-
ples, and 1,200 test examples.

The benchmark is useful for two reasons. First, it supports
a text-only setting in which clarification should plausibly
help because language bears most of the burden of dis-
ambiguation. Second, it supports a multimodal setting in
which command-time visual context may resolve part of
that ambiguity before interaction becomes necessary. This
makes SCOUT++ a natural testbed for studying whether
clarification remains valuable as grounding improves, and
for evaluating when asking a question is likely to provide
enough additional information to justify delaying action.

IV. METHOD

Let x denote the instruction and available context, and
let y € Y denote a grounded action label. A base model
produces a distribution py(y | ) and predicts § =
arg max, pg(y | «). Ask-to-Act adds a binary decision: act
now, or ask one clarification question, receive an answer,
update the input, and then act.

A. Cost-aware ask policy

Our main uncertainty signal is the probability margin
between the top two actions,

m(x) = po(91 | ©) — pe(P2 | ).

A threshold policy asks when m(z) < 7. We choose 7 on
the validation split by maximizing

J(7) = Ace(r) = AQ/E(7),

where Q/E is questions per episode and A sets the interaction
penalty. Unless otherwise stated, we use A = 0.02. We sweep

7 from 0.0 to 0.9 in increments of 0.05, select the threshold
that maximizes J(7) on validation, and report the selected
operating point on the held-out grouped test split. This
formulation makes explicit that clarification is neither free
nor always desirable: it is valuable only when the expected
gain in grounded accuracy outweighs the interruption cost.

The threshold policies use raw softmax probabilities from
the trained classifier. We do not apply post-hoc temperature
scaling or conformal calibration in the reported experiments;
calibration-aware ask policies remain an important direction
for future work.

We also evaluate a lightweight learned ask policy us-
ing logistic regression over uncertainty features including
margin, entropy, and instruction length. This provides a
simple alternative to a hand-tuned threshold while preserving
interpretability.

B. Ask-beneficial ambiguity

We define an episode as ask-beneficial ambiguous at top-k
if the gold action is in the model’s top-k candidates but not
ranked first:

J¥[ambigy, ()] = ¥[y* € TopK(pe(- | z), k)]
AWy # arg m??xpg(y | z)].

This matches the intended use of clarification. Asking is
useful when the correct action is already plausible, but not
currently selected. In contrast, asking is likely to be wasted
when the gold action is not present in the model’s candidate
set at all.

C. Clarification mechanisms

We evaluate two mechanisms. The first is structured
candidate pruning. The system asks a targeted question
corresponding to a dominant confusion type, such as di-
rection, angle, distance, traversal mode, image request, or
confirmation. Question types are inferred by a deterministic
rule-based procedure over the leading candidate confusion
pair. We first mine frequent validation-set confusion pairs
from the TF-IDF/logistic-regression baseline and map each
pair to a dominant confusion type using surface cues in
the label strings. At test time, if a candidate pair is not
present in the saved map, the same regex-based fallback
rules are applied. The system then receives a deterministic
oracle answer consistent with the gold label and selects the
highest-ranked candidate compatible with that answer. This
mechanism isolates the value of the ask decision from the
model’s ability to consume follow-up text.

The second is append-and-rerun. Here, the clarification
answer is appended to the original instruction in a struc-
tured form, for example Clarification: direction
= left, and the grounding model is rerun on the aug-
mented input. This mechanism treats clarification as an
additional learned signal rather than a post hoc candidate
filter.

To make append-and-rerun effective, we introduce clari-
fication augmentation during training. Clarification augmen-
tation is applied only to the training split. For each training



Algorithm 1 Ask-to-Act (single-question budget)

Require: grounding model py(y | x), ask policy m, top-k
size k=5
L p < po(- | 2); y1 < argmaxy p(y)
2: if w(z,p) = ASK then

3: choose question type ¢ from leading candidate con-
fusion

4: a < ORACLE(q, y*)

5: 2+ x® ‘‘Clarification: ¢ = a’’

6: return arg max, po(y | «’)

7: else

8: return y;

9: end if

example, with probability 0.55, we append a structured clar-
ification string derived from task-relevant attributes extracted
from the gold action label. The generated strings use slot-
value templates such as Clarification: direction
= left, Clarification: angle = 90 degrees,
or Clarification: traversal = through. The
procedure does not append the full action label; it appends
only a small attribute value extracted using deterministic
regular-expression rules. Validation and test instructions are
left unmodified before the ask policy decides whether to
append a clarification at evaluation time.

D. Models

Our text-only neural model is a RoBERTa-base sequence
classifier over the grounded action label space, with TF-
IDF plus logistic regression as a lightweight baseline. We
tokenize commander instructions with the RoBERTa tok-
enizer using a maximum sequence length of 256. The text
model is trained with learning rate 1 x 1072, batch size 8,
evaluation batch size 16, gradient accumulation of 2, weight
decay 0.01, warmup ratio 0.06, and 8 training epochs. We use
random seed 42 and select the best checkpoint by validation
accuracy. Our multimodal model uses late fusion. We encode
the command text with ROBERTa-base and concatenate the
RoBERTa text representation with a frozen CLIP image
embedding from openai/clip-vit-base-patch32.
The fused representation is passed through dropout 0.1 and
a linear classification head. The multimodal model is trained
with AdamW using learning rate 2 x 10~°, batch size 8,
evaluation batch size 16, gradient accumulation of 2, and
6 training epochs. We keep the CLIP encoder frozen and
optimize the text encoder and fusion head. This design lets
us test the effect of command-time visual grounding without
introducing additional complexity from end-to-end vision-
language finetuning.

V. EXPERIMENTS

We ask three questions: (1) does selective clarification
improve text-only grounded action prediction, (2) how does
command-time perception change the ask-vs-act tradeoff,
and (3) can simple uncertainty features detect ask-beneficial
ambiguity? We report top-1 accuracy, questions per episode,

answerable @top5, and wasted@top5. For ambiguity detec-
tion we report AUROC and AUPRC.

For append-and-rerun, each training example is indepen-
dently augmented with probability 0.55 using a structured
clarification string derived from task-relevant attributes ex-
tracted from the gold action label. Validation and test ex-
amples are not pre-augmented. We also train a lightweight
logistic regression ask policy using margin, entropy, and in-
struction length as features. All operating points are selected
on the validation split and reported once on the grouped held-
out test split. The full experimental setup is summarized in
Table 1.

TABLE I
DATASET AND EVALUATION SETUP USED FOR ALL EXPERIMENTS.

Property Value
Command-label-image rows 12,000
Usable examples 11,989

Grounded action labels 382
Split strategy Grouped by file name
Train / validation / test 9,591/ 1,198 / 1,200

Random seed 42

Text model RoBERTa-base classifier

Multimodal model RoBERTa-base + frozen CLIP
ViT-B/32

Ask budget At most one clarification
query

Interaction penalty A 0.02

Threshold sweep 7 € [0.0,0.9], step 0.05

Primary metrics Accuracy, Q/E,

answerable @5, wasted@5

a) Evaluation intuition: The key distinction in our
evaluation is between episodes where clarification could
plausibly recover the correct action and episodes where ask-
ing would only delay an inevitable error. Answerable @top5
measures the former, while wasted @top5 measures the latter.
This distinction is important for interpreting question rates:
a system that asks often is only useful if those questions are
concentrated on episodes where the correct action is already
within reach.

VI. RESULTS

A. Text-only Ask-to-Act improves grounded decision quality

The text-only RoOBERTa baseline reaches 0.8225 accuracy
as an always-act model. Under a single-question budget,
Ask-to-Act improves this tradeoff. The best append-and-
rerun operating point reaches 0.8308 accuracy while asking
in 0.2350 of episodes, with answerable@top5 = 0.6773 and
wasted@topS = 0.3227. The selected text-only operating
point uses 7 = 0.75 under A = 0.02 and is summarized
in Table II. These results show that a subset of errors are
recoverable: the correct action is often already among the
model’s plausible candidates and can be recovered with a
small amount of additional grounding information.

Structured pruning is useful as an analysis tool because it
isolates the value of the ask decision from the model’s ability



TABLE I
ASK-TO-ACT PERFORMANCE UNDER THE SELECTED OPERATING

POINTS.
Method Acc. Q/E Ans.@5 Waste@5
Text always act 0.8225  0.0000 - -
Text Ask-to-Act 0.8308  0.2350 0.6773 0.3227
Multimodal always act 0.8503  0.0000 - -
Multimodal Ask-to-Act  0.8545  0.1277 0.7020 0.2980

to consume appended clarification text. In contrast, append-
and-rerun becomes effective only when the text model is
trained with clarification augmentation; otherwise, the model
tends to ignore short follow-up strings and the optimal policy
shifts toward asking less. This supports the broader argument
that clarification should be modeled as part of the learning
setup rather than treated as a purely symbolic post-processing
step.

B. Multimodal grounding reduces the amount of clarification
needed

As shown in Fig. 2, multimodal grounding shifts the
operating region toward higher accuracy with fewer ques-
tions. In the multimodal setting, late fusion reaches 0.8503
accuracy as an always-act policy. Under the same cost-
sensitive model selection procedure, the best multimodal
Ask-to-Act operating point reaches 0.8545 accuracy while
asking in 0.1277 of episodes, using 7 = 0.50 under A = 0.02.
This improves over the multimodal always-act baseline while
asking less often than the text-only Ask-to-Act policy.

This result shows that Ask-to-Act remains useful across
grounding regimes while adapting its interaction rate to
the available evidence. In the text-only setting, the policy
asks more often because language alone leaves more ac-
tion choices underdetermined. With command-time visual
grounding, the base model becomes stronger, and Ask-to-Act
selects a lower question rate while still improving accuracy
over always acting. The key result is therefore not that
clarification is always needed, but that the ask policy can
adjust when additional interaction is worth the cost.

C. Uncertainty detects clarification-worthy episodes

TABLE III
AMBIGUITY DETECTION QUALITY USING SIMPLE UNCERTAINTY
SIGNALS.
Setting Ambig.@5 AUROC AUPRC
Text-only 0.0783 0.8374 0.2332
Multimodal 0.0888 0.8718 0.3103

Using ask-beneficial ambiguity as the target, we evaluate
uncertainty-based detectors. Probability margin remains the
strongest simple signal in both settings. The resulting ambi-
guity detection performance is shown in Table III. In the text-
only setting, the model reaches Ambig.@5 = 0.0783, with
margin-based AUROC = 0.8374 and AUPRC = 0.2332. In
the multimodal setting, Ambig.@5 = 0.0888, with AUROC

= 0.8718 and AUPRC = 0.3103. Representative values are
summarized in Table IV.

TABLE IV
MAIN QUANTITATIVE SUMMARY.

Setting Acc. Q/E Ambig.@5 AUROC
Text-only always act 0.8225  0.0000 0.0783 0.8374
Text-only Ask-to-Act 0.8308  0.2350 - -
Multimodal always act ~ 0.8503  0.0000 0.0888 0.8718
Multimodal Ask-to-Act  0.8545  0.1277 - -

These results show that uncertainty signals remain in-
formative even when visual grounding is available. The
multimodal model improves overall action accuracy and
supports a lower selected question rate, but ask-beneficial
ambiguity is not eliminated. This reinforces the role of Ask-
to-Act as a selective decision layer: the policy does not
assume clarification is always useful, but uses uncertainty to
identify cases where an additional grounding cue may still
improve the final action.

VII. DISCUSSION

Ask-to-Act reframes clarification as a decision layer inside
grounded robot learning. Rather than treating clarification as
always helpful or always costly, the policy evaluates whether
an additional grounding cue is worth the interaction cost for a
given episode. In the text-only setting, selective clarification
improves execution reliability because language alone often
leaves multiple grounded actions plausible. In the multimodal
setting, command-time visual context strengthens the base
action predictor and reduces the selected question rate, but
Ask-to-Act still provides an additional improvement over
always acting.

This pattern supports the main claim of the paper: clarifi-
cation should be adaptive to the robot’s current evidence.
A weaker grounding regime benefits from asking more
often, while a stronger multimodal regime can act more
often without losing the ability to ask when uncertainty
remains. The value of Ask-to-Act is therefore not only in
increasing accuracy, but in exposing the tradeoff between
task performance and interaction burden.

From a robot learning perspective, this matters because
the decision to gather more information is itself part of the
control problem. A robot should not ask merely because
an instruction is linguistically underspecified; it should ask
when the current belief over grounded actions suggests
that clarification is likely to change the final decision. The
ask-beneficial ambiguity formulation provides one way to
measure this condition offline by identifying cases where the
gold action is plausible but not top-ranked.

These results also show that perceptual grounding and clar-
ification are complementary. Visual context resolves many
action-selection errors directly, while selective clarification
remains useful for cases where the available evidence is still
insufficient. This suggests that future grounded instruction-
following systems should integrate clarification policies with
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the robot’s sensing capabilities rather than treating dialogue
as a separate module.

VIII. LIMITATIONS

Our evaluation uses a deterministic clarification oracle.
This design makes the ask-vs-act tradeoff reproducible and
isolates whether the policy asks in cases where an additional
grounding cue can recover the correct action. However, it
abstracts away noisy, incomplete, delayed, or differently
phrased human responses. The reported clarification gains
should therefore be interpreted as offline estimates under
idealized user responses, not as deployed human-in-the-loop
performance. Evaluating Ask-to-Act with human users or
realistic dialogue models is an important next step.

Our experiments are also offline benchmark evaluations.
We evaluate grounded action prediction and clarification
decisions, but do not execute actions on a physical robot
or measure task completion, recovery behavior, response
latency, or user experience in an embodied interaction.
The results support the value of selective clarification for
grounded action selection, but physical robot execution re-
mains necessary before making stronger HRI deployment
claims.

The benchmark label space is long-tailed, with many
infrequent grounded action labels. Aggregate top-1 accuracy

may therefore obscure performance differences on rare but
important actions. Future work should evaluate rare-label be-
havior more directly and study whether clarification provides
larger benefits for low-frequency actions.

Finally, the ask policies use raw softmax probabilities
rather than calibrated probabilities, and the reported neural
results use a fixed random seed. Additional calibration meth-
ods, conformal or abstention-style baselines, noisy-oracle
sensitivity analyses, and multiple-seed evaluations would
further strengthen the robustness claims.

IX. CONCLUSIONS

We presented Ask-to-Act, a framework for learning when
a robot should ask for clarification before acting on an
ambiguous grounded instruction. Ask-to-Act treats clarifi-
cation as a cost-sensitive decision under uncertainty rather
than as a fixed dialogue behavior. On SCOUT++, selective
clarification improves grounded action prediction in both
text-only and multimodal settings. In the text-only setting,
Ask-to-Act improves accuracy from 0.8225 to 0.8308 while
asking in 0.2350 of episodes. In the multimodal setting,
command-time visual grounding improves the always-act
baseline to 0.8503, and Ask-to-Act further improves accuracy
to 0.8545 while reducing the selected question rate to 0.1277.



These results show that clarification and perceptual
grounding are complementary. Stronger visual grounding
improves immediate action selection and reduces the need for
interaction, while selective clarification remains useful when
the available evidence is still insufficient. More broadly, Ask-
to-Act positions clarification as an adaptive component of
grounded robot learning: robots should ask not whenever
language is ambiguous, but when asking is likely to improve
the final grounded action decision enough to justify the
interaction cost.
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