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Abstract

Instruction-tuned LL.Ms often respond to am-
biguous instructions by guessing missing de-
tails rather than asking clarifying questions.
Clarification-seeking improves reliability by
aligning responses with user intent and avoid-
ing under-specified assumptions. This is espe-
cially important for embodied Al, where mis-
interpretations can translate into task failure
or safety risks. We propose ClarifySAE, an
inference-time method that steers clarification-
seeking by intervening on Sparse Autoencoder
(SAE) features. ClarifySAE ranks SAE fea-
tures using ClarifyScore, which measures as-
sociation with clarification contexts, and fil-
ters them with OutputScore to retain features
that measurably affect the model’s output dis-
tribution. During decoding, we apply additive
biases to the selected features, increasing the
likelihood of generating a clarifying question
without updating model weights. We evalu-
ate our method on two datasets with ambigu-
ous instructions (AmbiK and ClarQ-LLM) and
two Gemma instruction-tuned models (2B and
9B) using pretrained 16k-feature SAEs. On
AmbiK with Gemma-2-9B-IT, ClarifySAE in-
creases clarification rate from 0.61 to 0.95 and
improves task success from 0.06 to 0.21. Our
code will be publicly available.

1 Introduction

Large Language Models (LLMs) are increasingly
used as high-level planners in interactive robotic
systems, where natural-language instructions must
be translated into concrete actions (Driess et al.,
2023; Zitkovich et al., 2023). In human—robot in-
teraction (HRI) users often rely on shared context
rather than explicit specification (Ivanova et al.,
2025; Park et al., 2023; Liang et al., 2024; Ren
et al., 2023). As a result, an instruction such as
“serve mashed potato with a side of chips” can be
ambiguous when the environment contains multi-
ple plausible “chip” options (e.g., jalapefio, potato,
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Figure 1: Overview of ClarifySAE. The method con-
sists of constructing a clarification signal, identifying
clarification-related SAE features, and applying feature-
level steering during inference.

or rice chips), and the user does not specify which
one they mean. If a robot acts on an incorrect in-
terpretation, the result may range from task failure
to unsafe behavior (Zhang et al., 2024a). In safety-
critical, user-facing HRI deployments, agents must
act in the physical world under underspecified
natural-language instructions. Proceeding without
clarification can significantly limit the reliability
and trustworthiness of LLM-driven agents (Amodei
et al., 2016).

Despite their strong instruction-following per-
formance (Ouyang et al., 2022; Wei et al., 2021),
current LLMs rarely ask clarifying questions when
ambiguity is present. Instead, they tend to produce
fluent and confident responses, often implicitly
guessing missing details (Lin et al., 2022; Ji et al.,
2023). This tendency is particularly problematic
for robots operating in the physical world, where
incorrect assumptions may translate directly into
irreversible physical actions (Hundt et al., 2025;
Ahn et al., 2022). While prompting techniques
can encourage clarification in isolated cases (Wei
et al., 2022; Aliannejadi et al., 2019), their effects
are brittle and inconsistent across tasks and do-
mains. As a result, clarification-seeking behavior
remains difficult to elicit reliably, especially in set-
tings where the agent must decide when and how
to ask a follow-up question.



Existing approaches to inducing clarification be-
havior largely operate at the level of inputs or out-
puts (Kuhn et al., 2022; Zhang et al., 2024b). Prior
work has explored prompting strategies, supervised
fine-tuning, and reinforcement learning to encour-
age question asking (Wei et al., 2021; Ouyang et al.,
2022). However, these methods offer limited con-
trol over when clarification is triggered and provide
little insight into the internal mechanisms responsi-
ble for the behavior. Consistent with this limitation,
recent benchmarks such as AmbiK (Ivanova et al.,
2025) and ClarQ-LLM (Gan et al., 2024) demon-
strate that even strong LL.Ms struggle to resolve
ambiguity by asking appropriate questions.

In this work, we take a mechanistic approach
to clarification seeking by intervening directly
on internal model representations. We intro-
duce ClarifySAE (Figure 1), a method that steers
LLMs toward clarification behavior by selec-
tively activating features in a Sparse Autoencoder
(SAE) (Bricken et al., 2023; Cunningham et al.,
2023) trained on hidden states of an instruction-
following model (Bricken et al., 2023). Rather than
modifying prompts or retraining the LLM, Clari-
fySAE operates at inference time by identifying
and amplifying internal features associated with
clarification-relevant contexts.

To identify clarification-related features, we
construct a clarification vocabulary from AmbiK
and ClarQ-LLM datasets. We score all SAE
features using ClarifyScore, an instantiation of
ReasonScore (Galichin et al., 2025) adapted to
clarification-seeking by replacing its original tar-
get signal with a clarification-specific vocabulary.
This highlights that ReasonScore is a general,
vocabulary-driven metric that can be repurposed
for behaviors beyond its original application. We
then filter features using OutputScore, which quan-
tifies their causal influence on the model’s output
distribution (Arad et al., 2025). The resulting fea-
tures are activated during inference on tasks where
clarification is expected.

We evaluate ClarifySAE on AmbiK and ClarQ-
LLM using Gemma-2B-IT and Gemma-2-9B-IT.
Activating a small set of selected SAE features
increases clarification question-asking on Am-
biK—e.g., for Gemma-2-9B-IT the clarification
rate rises from 0.61 to 0.95 while task success
improves from 0.06 to 0.21 (Figure 3). Effects
are smaller and less stable for Gemma-2B-IT and
on ClarQ-LLM (Section 6). Our key contributions
are:

* We introduce ClarifySAE, an inference-time
method for inducing clarification-seeking be-
havior via feature-level steering with SAEs.

* We evaluate ClarifySAE on AmbiK and
ClarQ-LLM datasets across two instruction-
tuned model scales (2B and 9B), observing
increased clarification behavior relative to
prompt-based baselines.

* We adapt ReasonScore to clarification-seeking
by instantiating it with a task-specific vocab-
ulary, demonstrating that the metric can be
repurposed to identify steerable SAE features
for new behaviors.

2 Related Work
2.1 SAE:s for Interpretability and Steering

SAEs have recently been used to uncover inter-
pretable internal features in LLLMs and to control
their behavior. Closely related, He et al. (2025) pro-
pose SAE-SSV, which performs supervised steer-
ing directly in sparse representation spaces, offer-
ing an alternative methodology for selecting and
applying steering directions (He et al., 2025). Arad
et al. (2025) introduce Output Score, a metric that
quantifies how much intervening on an individual
SAE feature affects the model’s output. They show
that selecting features with higher Output Scores
yields more reliable and semantically meaningful
steering. Relatedly, Wu et al. (2025) introduce
AutoSteer, an inference-time intervention frame-
work for safe multimodal LLMs that automates the
choice of steering signals.

Complementary to this line of work, Galichin
et al. (2025) propose ReasonScore as a method
for linking SAE features to a target lexical sig-
nal. While they apply it to “reasoning moments,”
the metric is vocabulary-driven: it measures how
strongly feature activations are associated with oc-
currences of a user-specified token (or n-gram) set.
By changing this vocabulary, ReasonScore can be
used to study other behaviors.

We adopt the same ReasonScore metric but
change both its target signal and its role in the
pipeline: rather than analyzing reasoning moments,
we score features against a clarification vocabulary
and use the result to retrieve candidate features for
steering. We then rank and filter these candidates
using Output Score, selecting features that reliably
affect generation. To avoid confusion with the orig-
inal “reasoning moments” setting, we refer to the



clarification vocabulary-driven instantiation of Rea-
sonScore as ClarifyScore throughout the paper.

A common alternative to steering internal rep-
resentations is to induce question asking at the
level of inputs or outputs, e.g., by prompting the
model to reflect or reason step-by-step, or by post-
training on clarification-oriented data. Techniques
such as chain-of-thought prompting (Wei et al.,
2022) can improve reasoning performance, but they
do not consistently induce targeted clarification
questions under underspecification. Moreover, AR-
Bench (Zhou et al., 2025) shows that advanced
prompting and post-training methods still show
limited gains on interactive information-seeking
tasks.

In contrast, our work explores a mechanistic
route: we intervene directly on internal model ac-
tivations to encourage clarification-seeking when
ambiguity is detected. This perspective is com-
plementary to prior datasets and prompting meth-
ods, and tests whether clarification behavior can
be shaped through interpretable internal features
identified by SAEs.

2.2 Clarification Under Ambiguity

Clarification-seeking (Ren et al., 2023; Liang et al.,
2024) has long been studied in dialogue and
instruction-following settings, where systems must
decide when to ask a question rather than commit
to an uncertain interpretation. Recent benchmarks
study this behavior explicitly in LLM settings. Am-
biK (Ivanova et al., 2025) targets ambiguous in-
structions in an embodied-assistant setting, while
ClarQ-LLM (Gan et al., 2024) evaluates models’
ability to ask useful follow-up questions in conver-
sational instruction following.

Beyond dialogue-style datasets, several bench-
marks formalize information gathering as part of
solving underspecified tasks. QuestBench (Li et al.,
2025) frames question asking as selecting minimal
information to make a constraint satisfaction prob-
lem solvable, and reports that performance remains
low even for models that perform well when tasks
are fully specified. Similarly, AR-Bench (Zhou
et al., 2025) evaluates “active reasoning” in multi-
round interactive settings (e.g., detective cases and
situation puzzles) and finds that current models
struggle to reliably acquire and exploit the missing
information needed for correct solutions.

Together, these results suggest that strong pas-
sive reasoning does not automatically translate into
effective clarification behavior, motivating meth-

ods that provide more targeted and controllable
mechanisms for eliciting clarification.

3 Background

Let M denote the base instruction-tuned language
model whose hidden states we analyze and steer.
SAEs provide a linear, sparsity-constrained decom-
position of model hidden states into interpretable
features. Given a hidden representation h € R?,
the encoder produces nonnegative sparse activa-
tions z = ReLU(Wench + benc) with z € RZ,
and the decoder reconstructs i = Waec?z + bdec
with b € RY. Here Wy € RI*m maps fea-
ture activations back into the hidden-state space,
and bgec € R is a learned bias term added to
the reconstruction. SAEs are typically trained by
minimizing a reconstruction objective with a spar-
sity penalty, Lsan = By [||h — b3 + All2]1 ],
where H denotes the distribution of hidden states
extracted from M and A controls sparsity. Recent
work shows that individual SAE features often cor-
respond to meaningful directions and that interven-
ing on selected features can steer model behavior
(Bricken et al., 2023; Huben et al., 2023).

We steer the model by applying additive inter-
ventions to selected coordinates of the SAE latent
activations z (Turner et al., 2023; Arad et al., 2025).
For a set of features S C {1,...,m} and an inter-
vention strength a, we define the steered activation
vector as

Z;:{zija, ]:ES, )
Zjs J ¢ S,
and reconstruct the modified hidden state as i’ =
Waee?' + bgee. The model then continues genera-
tion using R in place of h at the chosen layer. We
treat « as a hyperparameter; larger values increase
the steering effect but can degrade generation qual-
ity, so we tune « on validation data.

To select S, we use two established metrics.
Let V denote a target vocabulary and let = range
over inputs. ClarifyScore (adapted from Rea-
sonScore (Galichin et al., 2025)) measures how
strongly a feature’s activation is associated with
occurrences of tokens from V. Output Score (Arad
et al., 2025) measures how much intervening on a
feature changes the model’s next-token distribution.
We use ClarifyScore to retrieve candidate clarifica-
tion features and Output Score to prioritize those
with a measurable causal effect on generation.



Following AmbiK (Ivanova et al., 2025), we call
an instruction ambiguous if, given the current state
of the environment, constructing a plan to satisfy
the instruction contains at least one decision point
with multiple plausible choices (e.g., selecting the
target object or destination), where an incorrect
choice can lead to an undesirable outcome. For-
mally, given an instruction u (and, in robotic tasks,
an optional scene description s), the model chooses
between producing an answer a or a question ¢ that
requests missing information.

4 Method

When an instruction is underspecified or admits
multiple interpretations, a reliable robot-assistant
should ask for missing information rather than
guess. We therefore aim to steer an instruction-
tuned language model M toward generating a clar-
ification question in such cases.

We propose ClarifySAE method for steering de-
coding by intervening in a SAE feature space. At
each step ¢, we map the hidden state h; to sparse
activations z;, select a small set of features that are
associated with clarification contexts and whose
amplification affects the output distribution, and
then add learned biases to these features at infer-
ence time. Decoding the modified activations back
to a hidden state nudges next-token probabilities to-
ward clarification while leaving unambiguous cases
largely unchanged. The full procedure is illustrated
in Figure 2 and specified in Algorithm 1.

4.1 Clarification Vocabulary

We use a lexical signal as a lightweight form of
supervision: explicit clarifying turns provide a reli-
able source of text whose surface form often con-
tains characteristic clarification markers. This is in
line with ClarifyScore-style analyses, which link
SAE features to behaviors via user-defined vocab-
ularies (originally for reasoning tokens) (Galichin
et al., 2025). To obtain a focused set of markers,
we extract terms that are statistically overrepre-
sented in clarifying turns relative to non-clarifying
text, following standard corpus frequency-profiling
methods (Rayson and Garside, 2000). This assump-
tion is supported by prior dialogue work show-
ing that clarification requests exhibit recurring lex-
ical forms (e.g., “what do you mean”, “which
one”) (Purver et al., 2003). From AmbiK, we
include all annotated clarifying questions. From
ClarQ-LLM, we collect seeker utterances that sat-

isfy simple interrogative heuristics (e.g., ending
with a question mark; starting with a wh-word or a
modal verb; or containing short clarification cues
such as “do you mean” or “could you tell me”).
These heuristics provide an automatic filter for iso-
lating seeker turns that are likely to be clarifica-
tion requests in multi-turn dialogues. We remove
provider responses, speaker prefixes, and polite
fillers to prevent dataset artifacts from dominating
the derived vocabulary.

To form a contrast corpus, we also collect non-
clarifying text from the same datasets, including un-
ambiguous instructions, final answers, and provider
turns. The two corpora thus approximate contexts
where clarification is versus is not required. To
identify lexical markers characteristic of clarify-
ing questions, we perform a two-corpus frequency
comparison. After normalization and tokenization,
we extract all contiguous 3-5-gram sequences and
compute, for each phrase, its frequency in the clar-
ifying corpus and the baseline corpus. We then
apply the log-likelihood statistic commonly used in
corpus linguistics for keyword extraction (Rayson
and Garside, 2000), retaining only n—grams that
occur significantly more often in clarifying text.
Low-frequency, stopword-dominated, or dataset-
specific phrases are removed, and candidates are
required to contain at least one interrogative or clar-
ification cue.

Finally, we collapse nested or overlapping
phrases and select a small set of twenty broadly
applicable clarification phrases (e.g., “do I need”,
“what should I””, “which type of”, “is there a spe-
cific”, “can you tell me”). We choose a fixed list of
20 phrases as a practical trade-off between cover-
age and specificity: a very small list risks missing
common clarification forms, while a much larger
list tends to introduce dataset-specific or overly nar-
row n—grams that dilute the signal. This choice is
also consistent with prior ReasonScore-style anal-
yses, which use compact, hand-curated vocabular-
ies (e.g., 10 reasoning-related phrases in (Galichin
et al., 2025)). This vocabulary provides a com-
pact lexical signal for clarification behavior and is
later used in identifying clarification-related SAE
features. Full vocabulary lists are provided in Ap-
pendix B.

4.2 Identifying SAE Features

To steer clarification behavior, we select a small
subset of SAE features. We combine ClarifyScore
to retrieve features associated with a clarification
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Figure 2: ClarifySAE method overview. ClarifySAE induces clarification-seeking by identifying a small set of
SAE features that act as an internal “clarification” control knob and amplifying them at inference time. Offline,
we construct a lexical signal for clarification from clarifying vs. non-clarifying corpora and use it to find SAE
features whose activations co-occur with clarification cues; we then retain features that also have a measurable
causal influence on the model’s output distribution. Online, we add a bias to these selected features during decoding,

nudging generation toward asking a clarifying question.

vocabulary and OutputScore to keep only those
with measurable causal influence on generation;
their full formal definitions are provided in Ap-
pendix E.1 and Appendix E.2.

ClarifyScore. ClarifyScore measures how selec-
tively a feature activates around occurrences of a
clarification vocabulary in a clarifying corpus com-
pared to a baseline corpus. Concretely, for each
feature 7 we compute its mean activation on token
positions matched by the clarification vocabulary
(positive contexts) and on all other positions (nega-
tive contexts), optionally weighted by an entropy-
based concentration term over vocabulary groups.
Features with high ClarifyScore activate strongly
in clarification contexts while remaining relatively
inactive elsewhere.

OutputScore. ClarifyScore captures correlation
but does not guarantee that amplifying a feature
changes generation. OutputScore therefore filters
features by a simple intervention test: we increase
feature 7 by a fixed amount at a chosen layer during
decoding and measure whether this increases the

probability of an interpretable representative token
for that feature (e.g., defined via a logit-lens projec-
tion). We retain features with OutputScore > 0.

Final Feature Set. We take the top-K features
by ClarifyScore, filter them by OutputScore > 0,
and then apply a lightweight manual coherence
check by inspecting each feature’s top decoded
tokens. Only features judged semantically coherent
are included in the final steering set F'.

4.3 Feature Steering

We apply feature-level steering during decoding.
At each generation step ¢, the SAE maps the hidden
state h; to a feature vector z;. For each selected
feature j € F', we apply a fixed additive shift:

25+ 25 + By, (2)

where 3; controls the intervention strength. The
modified activations are decoded back into hy, after
which the model proceeds with standard autore-
gressive generation (Radford et al., 2019).

This intervention provides a simple and inter-
pretable mechanism for biasing the model toward



Algorithm 1 ClarifySAE

1: Inputs: Instruction I, model M, SAE,
strengths {3; }
2: Output: Response y
3: Part I: Offline feature discovery (run once)
4: Build clarifying corpus C',, and baseline cor-
pus Chase
5: Extract clarification vocabulary Vi,
6: for each SAE feature j do
Compute ClarifyScore;
OutputScore; (Eq. E.2)
8: end for
9: Select features F' with high scores
10: Part II: Online inference-time steering (per
prompt)
11: Initialize model state on x
12: for each decoding step ¢ do
13: 2t SAE(ht)
14:  foreach j € F do
15: Ztj < 2zt + Bj
16:  end for
17: hy < SAEil(Zt)
18:  Generate next token
19: end for
20: return y

(Eq. E.1) and

clarification-seeking behavior without retraining:
we modify a small set of SAE features whose
semantics are inspected via their representative
tokens and activation patterns, and the steering
strength is controlled by explicit coefficients. By
modifying one feature at a time, we can separately
analyze the behavioral impact of individual fea-
tures, though this simplification does not capture
potential interactions between features.

5 Experimental Setup

We conduct experiments with two instruction-
tuned language models, gemma-2b-it and
gemma-2-9b-it, and fixed residual-stream SAE
feature bases for each model. We evaluate on two
benchmarks: AmbiK (single-turn) and ClarQ-LLM
(multi-turn). Using this setup, we aim to answer
the following research questions (RQ):

¢« RQ1: Clarification Behavior. Does feature
steering improve ambiguity resolution and task
success?

* RQ2: Vocabulary Choice. How sensitive
is offline feature discovery to the vocabulary

signal—i.e., using question tokens (Q) versus
clarification-context tokens (C)?

* RQ3: Strength sensitivity. How does steer-
ing strength « affect model behavior and per-
formance?

* RQ4: Random Features. Are gains specific to
discovered features, compared to random-feature
steering?

5.1 Benchmarks

To cover both immediate and interactive clarifi-
cation, we use AmbiK (Ivanova et al., 2025) for
single-turn ambiguity and ClarQ-LLM (Gan et al.,
2024) for multi-turn clarification dialogues.

AmbiK is a fully textual kitchen-robot dataset
with 1000 paired ambiguous/unambiguous tasks
spanning three ambiguity types: preferences,
common-sense knowledge, and safety. Each ex-
ample includes an environment description, an am-
biguous instruction plus two unambiguous rewrites
(direct/indirect), a reference clarifying question
with an answer, and step-by-step plans for both
the ambiguous and unambiguous versions (with an
index marking where ambiguity begins).

ClarQ-LLM is a bilingual (English—Chinese)
benchmark for clarification in task-oriented dia-
logue. It comprises 31 task types with 10 task
instantiations each, organized into 26 test types and
5 development types. Each task includes a back-
ground and seeker—provider interaction designed to
contain multiple underspecified details; models are
evaluated as seeker agents via interactive dialogue
with a provider agent that replicates the original
provider behavior.

5.2 Models and SAE Feature Bases

We conduct experiments using two instruction-
tuned language models: gemma-2b-it and
gemma-2-9b-it. We use publicly released
residual-stream SAE (Bricken et al., 2023; Cun-
ningham et al., 2023) checkpoints with 16k features
for both models (community-released SAEs for
gemma-2b-it and Gemma Scope SAEs (Lieberum
et al., 2024) for gemma-2-9b-it), ensuring a fixed
and reproducible feature basis.

5.3 Feature Discovery Conditions

To identify candidate SAE features offline, we
score features on subsets of contexts defined by
lightweight lexical signals. We evaluate two vo-
cabularies: (i) a dataset-derived Clarification
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Figure 3: AmbiK evaluation on 100 examples. Clarifi-
cation rate (left) and task success (right) for Gemma-2B-
IT and Gemma-2-9B-IT. “Steering (Q)” and “Steering
(C)” use features discovered with the question-words
vs. dataset-derived clarification vocabulary. Question-
vocabulary steering strongly increases clarification for
9B, whereas clarification-vocabulary steering slightly
reduces clarification rate for 9B, despite improving task
success over baseline.

vocabulary (|C| = 20) and (ii) a minimal
Question-words vocabulary (|Q| = 11); e.g.,
what, where, how). As a control (RQ4), we also
evaluate randomly sampled SAE features from the
same layer. Appendix B lists the vocabularies.

5.4 Steering and Evaluation Protocol

We steer a single SAE feature by adding its activa-
tion direction to the residual stream with strength
a (Algorithm 1), analogous to vector-based ac-
tivation steering methods that add directions in
hidden-state space (Konen et al., 2024). We sweep
« to characterize sensitivity and also report the
best-performing configuration per vocabulary. Ap-
pendix D contains evaluation prompts, and Ap-
pendix C defines metrics.

6 Results and Discussion

In this section, we present and analyze the main
findings on two datasets: AmbiK (single-turn) and
ClarQ-LLM (multi-turn).

6.1 RQI1: Clarification Behavior

We first evaluate whether feature-level steering in-
creases the model’s propensity to ask clarification
questions. On AmbiK, we measure clarification
rate (fraction of examples where the model asks
at least one question) and task success, which is
the fraction marked as resolved by the proxy crite-
rion, Acc = + SN | 1[resolved_proxy;] (more
details in Appendix C). On ClarQ-LLM, we re-
port success rate, i.e. the fraction of dialogues in
which the seeker elicits all gold task details from
the provider.

ClarQ-LLM: success_rate vs steering strength

Model

0.101 = 20
9b

success_rate
o
o
()]
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Figure 4: ClarQ-LLM: Success rate vs. steering
strength. We report the mean strict success rate over
features discovered with clarification vocabulary (C)
for each steering strength « ; error bars show +SEM
across features. Steering strength shows no consistent
monotonic effect: 2B varies modestly across «, while
9B remains near zero success for most strengths.

Figure 3 shows that steering can substantially
increase question-asking, but the effect depends
on the vocabulary used for feature discovery. On
Gemma-2-9B-IT, Q-vocabulary steering yields a
large gain in clarification rate (0.61 — 0.95) and
also improves task success (0.06 — 0.21). In con-
trast, C-vocabulary steering slightly reduces clari-
fication rate for 9B while still improving task suc-
cess over baseline, suggesting a trade-off between
eliciting questions and improving downstream res-
olution under the proxy metric.

On ClarQ-LLM, Figure 4 indicates that success
remains low and is not monotonic in a: Gemma-
2B-IT varies modestly across strengths, while
Gemma-2-9B-IT stays near zero for most o This
suggests that inducing question-asking alone is in-
sufficient for the strict success criterion on this
benchmark, and that the intervention may need
more targeted feature sets or different calibration
for multi-turn settings.

6.2 RQ2: Vocabulary Choice

We compare two lexical signals for offline feature
discovery: a dataset-derived clarification vocabu-
lary (C) and a minimal list of question words (Q).
Table 1 shows that the resulting feature sets can dif-
fer substantially (e.g., low Jaccard overlap in some
settings), and Figure 5 shows that these differences
translate into different robustness profiles under o
sweeps.

6.3 RQ3: Strength Sensitivity

Steering is sensitive to the intervention strength o
(Figure 5). On AmbiK, moderate o can improve
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Figure 5: o sweeps comparing Q- vs. C-derived feature
discovery on different layers (2B: L12; 9B: Q@L20,
C@L20, C@L31) for AmbiK dataset. Dashed red in-
dicates the unsteered baseline and error bars are SEM.
Vocabulary choice strongly affects robustness: on 9B,
Q features preserve clarification and task success across
moderate «, while C features (especially at L31) dete-
riorate at higher strengths. On 2B, both vocabularies
become harmful as o grows, suggesting that effective
steering occurs only in a lower-« regime.

Table 1: Overlap of K=50 ClarifyScore-selected candi-
dates after filtering by OutputScore > 0. Vocabulary
choice substantially affects which features survive filter-
ing, but the effect is not uniform across settings. Some
conditions show very low agreement between question-
and clarification-derived sets (e.g., Jaccard ~ 0.15),
while others show high agreement (e.g., Jaccard ~ 0.72).
This indicates that offline feature discovery can be sensi-
tive to the vocabulary signal in some layers/chunks and
relatively robust in others.

M  (Lchunk) |Fgo| |Fe| |FgNFe| Jaccard
9B (20,0) 12 8 6 0.429
2B (12,0) 10 13 3 0.150
2B (12,1) 31 31 26 0.722

task success and/or clarification rate, but larger
strengths can saturate or degrade performance, es-
pecially for C-derived features (notably at 9B L31).
On 2B, both vocabularies become harmful as «
increases, indicating that effective steering occurs
primarily in a low-a regime.

6.4 RQ4: Random Features

Finally, we compare vocabulary-selected features
against a random-feature control: 10 SAE features
are uniformly sampled from Gemma-2-9B-IT SAE
at layer 20 (IDs: 1250, 1715, 2856, 3529, 8734,
8771, 10885, 11167, 12423, 13344) and steered
with the same protocol.

Figure 6 shows that improvements are not ex-
plained by generic distribution shift: random-

AmbiK trade-off: A from baseline

0.075 1 % Baseline
@ Selected
0.050 % Random
0.025 2
. ——
3 H
2 0.000 f--n-mmmmemeee ok 2ase
o i
© : ]
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k] 3
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—0.075 A
1D
—0.100 A
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A Task success

Figure 6: Trade-off between clarification rate and task
success on AmbiK, shown as differences from the un-
steered baseline. Points correspond to individual runs on
9B model for clarification vocabulary (C) with steering
strengths «; error bars are SEM across steered features
(selected) or random feature samples (random). Se-
lected features improve clarification without the degra-
dation observed under random steering at comparable
distribution shifts.

feature steering produces larger degradations at
comparable shifts, whereas vocabulary-selected
features achieve a better clarification—success trade-
off. This supports that the gains are specific to the
discovered feature sets rather than an artifact of
activating arbitrary directions.

7 Conclusion

In this work, we introduce ClarifySAE,
an inference-time method for encouraging
clarification-seeking in instruction-following
LLMs by amplifying SAE features selected via
ClarifyScore (a vocabulary-driven adaptation of
ReasonScore) and Output Score. On AmbikK,
ClarifySAE can substantially increase clarification
question-asking and improve task success under
proxy resolution metrics — for example, on
Gemma-2-9B-IT with Q-discovered features,
clarification rate rises from 0.61 to 0.95 while task
success improves from 0.06 to 0.21. These results
indicate that feature-level SAE interventions
can modulate clarification behavior without any
additional model training, complementing prompt-
or training-based approaches to eliciting question
asking.



Ethical Considerations

In this paper we study clarification-seeking in a
text-only setting, motivated by embodied assistants
that receive an instruction together with a scene
description. We use public benchmarks (AmbiK
and ClarQ-LLM) and pretrained models/SAEs, and
we do not collect new personal data or deploy the
system in a physical robot.

Potential risks of LLM-based text generation
include toxic or abusive content, social biases,
and hallucinations. In our setting, these risks are
mitigated by the task domain (robot instructions
grounded in kitchen-like scenes), which is typically
non-sensitive, and by the fact that the datasets are
curated and human-validated.

A separate concern is misuse of behavior steer-
ing: feature-level interventions can be used to
shape model outputs in ways that are not trans-
parent to end users. In our work, the intervention
is narrowly targeted to increase clarification ques-
tions under underspecification, and we report both
benefits and trade-offs (e.g., over-asking) using es-
tablished evaluation protocols.

Limitations

Model coverage. We tested our method on two
Gemma instruction-tuned models (2B and 9B) be-
cause pretrained SAE checkpoints are available
for them; training SAEs for additional models or
layers was beyond our available compute budget.
Extending ClarifySAE to larger models and other
architectures as more SAE checkpoints become
available is a clear next step.

Dataset coverage. AmbiK and ClarQ-LLM cap-
ture ambiguity in specific formats (kitchen-robot
instructions and task-oriented dialogue) and may
underrepresent other underspecification (e.g., miss-
ing constraints, preferences, or conflicting goals).
This can be mitigated by adding broader bench-
marks and using lightweight human evaluation of
question necessity/helpfulness.

Interaction length. Our analysis primarily tar-
gets the decision to ask clarification questions
rather than longer-horizon clarification strategies
(e.g., iterative follow-ups, adapting questions based
on user replies, or optimizing dialogue-level out-
comes over multiple turns).

Feature interactions. For simplicity we mostly
analyze single-feature interventions; clarification

behavior may instead be encoded in interacting
or distributed feature patterns. Future work can
jointly steer feature subsets (e.g., sparse sets or
learned linear combinations) to study interactions
and reduce the required steering strength.
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A Appendix — Reproducibility and Code

To support reproducibility, we include the imple-
mentation of the proposed ClarifySAE method and
the code used to reproduce the experiments as sup-
plementary material. The code will be released as
open source upon paper acceptance.

B Appendix — Vocabularies

In this appendix we list the exact vocabularies used
to define clarification-related lexical signals for fea-
ture discovery.

Question words vocabulary. This vocabulary
is a small, hand-written list of common question-
forming tokens. We include it as a simple alter-
native signal to the dataset-derived vocabulary, to
test whether a compact, manually specified list can
identify SAE features that steer clarification behav-
ior comparably well or better than a data-driven
construction. The vocabulary consists of 11 words:

"what"
"where"
"when"
"why”
"who
"how"

n
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"which”
"could”
"would"”
"can
"will".

n

Clarification vocabulary. This vocabulary is
constructed using two-corpus frequency profil-
ing (Rayson and Garside, 2000). We extract can-
didate n—grams from the ambiguous- instruction
corpora and retain those that are substantially more
frequent than in a general instruction corpus. The
resulting list is intended to capture lexical markers
that co-occur with underspecification and clarifica-
tion contexts. We use this vocabulary as the pri-
mary signal for feature discovery. The vocabulary
consists of 20 n—grams:

"do i need”

"what should i"

"should i take”

"should i use”

"can i use”

"where should i”

"which of my”

"which type of”

"is there a specific”

"to clarify”

"advise me on how"
"advise me on the best”
"you advise me on the"
"can you tell me”

"could you tell me where"
"could you please tell me
"can you guide me on”
"else i should be aware”
"i should be aware of"
"else i need to know”

n

C Appendix - AmbiK Metrics

This appendix defines the evaluation metrics we
use for AmbiK. For reproducibility, we provide
an implementation in our codebase; the definitions
below are the metrics reported in the paper.

Notation. Each example ¢ has an ambiguity type
¢; € C, a gold clarifying question g;, and a (pos-
sibly empty) list of model-generated questions
Qi ={ain, .-, @k, } with k; = |Q;].

Best-match similarity and resolution indicators.
We define the embedding-based (Reimers and



Gurevych, 2019) best-match similarity as

s; = maxBM(q, gi), 3)

q€Q;

where BM(+,-) denotes the best-match scoring
function. We then define the proxy resolution indi-
cator

“)

where 7 is the threshold
(embed_threshold).
Analogously, we define an NLI-based best-

match similarity

embedding

s — max NLI(q, g:), ®)
q€Qs
and the corresponding resolution indicator
i = 1[N > ] (6)

where 71 is the NLI threshold. If not specified,
we set TN, = 7.

Resolved rates. Let IV be the number of exam-
ples. The embedding-based resolved rate is

ResolvedProxyRate
and the NLI-based variant is
ResolvedProxyRatey;; =

1 N
NLI
N

i=1

Question count statistics. We report a histogram
of k; and the mean number of questions:

N
) 1
AvgNumQuestions = N Z; k;. 9
1=
Per-category similarity (asked-only). Let . =

{7 :¢ = cAk; >0} denote the set of indices
associated with class c. For each category ¢ € C,
we define the per-category similarity as the aver-
age best-match similarity over examples where the
model asked at least one question:

|I|ZS’

and similarly Simyyy(c) using S?ILI.

(10)

Sim(c
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Necessity precision/recall and necessity score.
AmbiK considers preferences as the category in
which a clarification question is necessary. Define

Asked; = 1[]{1' > 0]. (11)

Let Ik = {7 : Asked; = 1} and I =
{i: ¢; = preferences }. We compute true/false

positives and false negatives as:

P= ‘Ipref N Iask|- (12)
FP = |(prer) N Lask|- (13)
’ pref ﬂ( ask)’ (14)
Then
TP
N ityPrecision = ————— 15
ecessityPrecision TP + FP’ (15)
TP
N it = ———. 16
ecessityReca TP 1 TN (16)
Let Norer = [{i : ¢ = preferences}|.

We also calculate a necessity score (recall on the
preferences class):

NecessityScore = 17)

pref
Brevity score. Let b be brevity_max (default
b =1). We define

BrevityScore (18)

1 N
=) 1k < b,
fV>i:1

Overall similarity (asked-only). We define over-
all similarity as the mean of s; over examples where
the model asked at least one question:

OverallSimilarity =

19)

>

| a8k| Ze[ask

and similarly OverallSimilarityy; using sN"L.

Overall weighted score.
above components into:

Finally, we combine the

OverallWeighted = 0.5 NecessityScore  (20)
+ 0.4 OverallSimilarity
+ 0.1 BrevityScore.



D Appendix — AmbiK Evaluation
Prompts

We list the prompts used in our AmbiK evalua-
tion. For each example, we fill <DESCRIPTION>
with the scene description (environment_full)
and <TASK> with the ambiguous instruction
(ambiguous_task). The model is required to
return exactly one JSON object with fields
ambiguous and question.

We: You are a robot operating in an office
< kitchen. You are in front of

a counter with two closed drawers, a top one and
< a bottom one. There is

also a landfill bin, a recycling bin, and a
compost bin.

We: Apart from that, in the kitchen there is
< <DESCRIPTION>.

We: You have received the task "<TASK>".
Decide whether this task is ambiguous.

If it is ambiguous, generate one or more
clarifying questions that

would help you perform it correctly.

—

—

Return your final answer only as a JSON object in

— the following format:
{

"ambiguous"”: true or false,

"question”: ["question 1", "question 2", ...]
}

Formatting rules:

- Always output exactly one JSON object.

- If the task is not ambiguous, use "ambiguous”:

— false and "question”: [].

- If the task is ambiguous, use "ambiguous”: true
and provide at least

one question.

- Never output explanations or text outside the

— JSON.

- If unsure, make your best judgment and still

« output a valid JSON.

—

Now analyze the following task:
"<TASK>"

E Appendix — Scoring Details

E.1 ReasonScore definitions

Let {G1,...,Gx} be vocabulary groups (phrase
occurrences) and z; ; be the activation of feature j
at token position ¢.

Group-wise means and entropy. For each fea-
ture j and group Gy, define the group-wise mean

activation
E Zt,j .
teGy

1
Hik = T 1)
G
Normalize the group means into a discrete distribu-
tion
_ .k
Pjk

= (22)
K )
Zk':1 K k!
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and compute normalized entropy
T
= gk kZPj,k log pj ks

p (23)

with the convention H; = 1 when K = 1.

Normalizers. Let K% and K"°® denote the sets
of groups treated as positive and negative, respec-
tively. Define the aggregated mean activations

ZaelD DN A ST
keros k‘EKan
(24)
We use the global normalizers
SPos = (25)

0OS ne,
> b, sE =l

J J
5’ 7’

E.2 OutputScore definitions

For feature 7, let f; € R? denote its SAE decoder
vector and Wy € R4 IVI the model unembedding
matrix. We compute the logit-lens projection (Bel-
rose et al., 2023)

li=f Wy e RIVI, (26)

and define the representative token as v}
arg max, ;(v).

Feature-level intervention. Let z(h) denote
SAE activations for hidden state h, and let zmax i
be the maximum observed activation of feature ¢
over a large corpus. At the intervention layer, we
modify the activation

27)

/
Zi =2z + K Zmax,is

where k is a fixed coefficient. Decoding the mod-
ified activations yields an output distribution p;(-)
at the final generation position. We define

p; = pi(v}) (28)

and let r; be the rank of v} under p;(-).

F Appendix — Examples

We provide qualitative context for the steering fea-
tures used in the main experiments. Table 3 lists
representative ClarifyScore-selected features (af-
ter OutputScore filtering) together with their top-
decoded tokens, illustrating the types of lexical
cues captured by each feature. Table 2 shows
paired generations for the same input under base-
line vs. steering settings, highlighting how steer-
ing changes question-asking behavior. Table 4 re-
ports the manually selected features used in ex-
periments, including their OutputScore values and
top-decoded tokens for interpretability.



Table 2: Paired baseline vs. steered examples of clarification questions on AmbiK dataset. Each pair uses the same
task instance with different steering settings.

Task
1D

Feature
1D

Steering
strength

Gold question

Baseline questions

Steered questions

Steering improves question quality:

be combined in the bowl?

2. What type of spread would you
like me to use?

14 93 1.0 Where should you serve the pat-| 1. Which pan should I use? 1. Which pan should I use?
ties after cooking them? 2. Where is the sour cream? 2. Do you have sour cream available?
3. Do you have chopped green | 3. Where are the green onions?
onions, or should I chop some?
51 344 4.0 Where should I place the eggs? | 1. What is the specified location? 1. Where should I place the eggs?
59 480 15.0 ‘What should be used to blend all | 1. Where is the "suitable appliance’? | 1. What appliance should I use to
the ingredients together? blend the ingredients?
2. Where are the bowls located?
127 | 550 3.0 Which ingredient should I use for | 1. Which cheese would you like me | 1. Which of the available ingredients
the omelette, apart from eggs? to use? should I use for the omelette?
2. Do you have a preference for ched-
dar or cottage cheese?
309 | 166 15.0 Which seedless grapes should I | 1. Which plate should I wash? 1. Which plate should I wash?
use for serving? 2. What kind of seedless grapes
should I use?
341 | 12423 | 15.0 What specific vegetables should | 1. Which bread should I use? 1. What kind of spread should I use

on the bread?
2. What vegetables should I combine
in the bowl?

Steering makes no improvement:

to arrange the donuts?

pastries?
2. Where is the table located?

113 | 493 15.0 Which type of bread should be | 1. Is there a bowl available? 1. Is there a bowl available for me to
toasted in the toaster for this task? | 2. Which type of bread should I use? | use?
312 | 2856 3.0 Which type of plate should I use | 1. Which plate should I use for the | 1. Which resource is designated as

"the table’?

2. What type of resource constitutes
*other resources’?

3. Which resource is designated as "a
cup’?

Table 3: Representative features from the K=50 sets (OutputScore > 0). For each condition, we report the top-
ranked feature within each partition (Q-only, Overlap, C-only), ranked by OutputScore within that partition, together
with its id and top-tokens. The examples show that question- and clarification-derived feature sets can emphasize
different surface cues. Token glosses are not unique identifiers: distinct features can share very similar top tokens

while still being different features with different scores.

Model Layer Chunk Set Feature ID OutputScore Top tokens

9B 20 0000  Q-only 232 0.117 ["is", "represents”, "defaultstate”, "verhe"]

9B 20 0000  Overlap 527 0.0061 ["", "Ready"”, "Private", "Practice”, "John"]

9B 20 0000  C-only 218 0.0006 ["\n\n", "WebServlet", "werb"”, "DeltaTime"]

2B 12 0000 Q-only 103 0.979 ["<bos>", "fta", "ftu"”, "effe”, "desir"]

2B 12 0000  Overlap 210 0.00001 ["yourself”, "your", "personally"]

2B 12 0000 C-only 439 0.0201 ["However"”, "Therefore”, "But”, "Yet"”, "antik"]

2B 12 0001  Q-only 538 0.0063 ["wasn”, "seemed”, "was", "resulted”, "reflects"]

2B 12 0001  Overlap 505 0.9995 ["<bos>", "GEBURTSDATUM" | "expandindo”,
"betweenstory”, "Autoritni”]

2B 12 0001  C-only 492 0.9999 ["<bos>", "GEBURTSDATUM" | "expandindo”,
"betweenstory”, "Autoritni"]

14



Table 4: Manually selected features used in experiments and their corresponding Output scores and top-decoded
tokens.

Model Vocab Layer Chunk Feature ID OutputScore Top tokens

2B C 12 0000 439 0.0201 ["However"”, "Therefore"”, "But", "Yet”, "antik"]

2B C 12 0001 375 0.0008 ["none”, "only"”, "most”, "ones", "one"]

2B C 12 0001 432 0.9736 ["physical”, ‘"physical”, "Physical”, "Physical”,
"PHYSICAL"]

2B C 12 0001 557 0.2422 ["it", "there", "they", "if", "we"]

2B Q 12 0000 231 0.3613 ["you", "your”, "please”, "youre", "your"]

2B Q 12 0000 700 0.0006 ["options”, "providers”, "brands”, "Options”,
"options"]

2B Q 12 0000 791 0.0001 ["should”, "needs"”, "solutions”, "implementation"]

2B Q 12 0001 375 0.0008 ["none”, "only", "most"”, "ones"”, "one"]

2B Q 12 0001 538 0.0062 ["wasn", "seemed”, "was"”, "resulted”, "reflects"]

2B Q 12 0001 557 0.2422 ["it", "there”, "they”, "if", "we"]

2B Q 12 0001 688 0.0005 ["strict”, "rigid”, "precision”, "uniform”,
"disciplined”]

9B C 20 0002 344 0.0267 ["both", "begge”, "Both", "ambos”, "both"]

9B C 20 0002 383 0.0008 ["everything”, "enterQuterAlt”, "Everything",
"Everything”, "Bronnen"]

9B C 20 0002 565 0.0002 ["price"”, "Price", "priced”, "price"”, "Price"]

9B C 20 0002 591 ~0 ["now", "Now", "Now"”, "now", "ahora"]

9B C 20 0002 688 0.0002 ["system”, "systeme”, "systeem”, "sistema"”,
"ssystem"]

9B C 20 0002 771 0.9917 r".", ",", ";", "because"”, ".."]

9B C 31 0000 124 0.2031 ["we", "you", "it", "they", "I"]

9B C 31 0000 158 0.6313 ["some"”, "quelques”, "some", "einige", "Some"]

9B C 31 0000 294 0.0007 ["tell”, "Tell", "tale", "Tell”, "TELL"]

9B C 31 0000 308 0.0875 ["how"”, "why", "cémo"”, "bagaimana”, "how"]

9B C 31 0000 540 ~ 0 ["Java", "java”, "Java"”, "Javan", "JAVA"]

9B C 31 0000 550 0.0690 ["my", "myself”, "mijn"”, "I", "meiner"]

9B C 31 0000 631 0.6533 ["be", "have", "become"”, "take", "come"]

9B C 31 0000 778 0.0083 ["she", "he", "they”, "you", "we"]

9B C 31 0001 52 0.9976 [",", "highly", "yet"”, "colourful”]

9B C 31 0001 93 0.5488 ["thorough”, "thoroughly”, "comprehensive”,
"Thorough”, "exhaustive"]

9B C 31 0001 124 0.2031 ["we", "you", "it", "they", "I"]

9B C 31 0001 130 0.0528 ["empty"”, "vacant”, "missing”, "emptied”, "Empty"]

9B C 31 0001 294 0.0007 ["tell”, "Tell", "tale", "Tell”, "TELL"]

9B C 31 0001 467 0.9956 ["-", "-", "chrétien”, "-", "Inscrivez"]

9B C 31 0001 720 0.9551 "¢, ", "{", "","]

9B Q 20 0000 229 0.001155 ["global", "worldwide”, "globally"”, "weltweit”,
"global”]

9B Q 20 0000 480 0.0003 ["similar"”, "other”, "same", "another”, "same"]

9B Q 20 0000 748 ~0 ["I", "1", "\n", "\n\n", "Is"]

9B Q 20 0001 113 ~ 0 ["free", "gratis”, "free", "FREE", "gratuite"]

9B Q 20 0001 166 ~ 0 ["also", "numerous”, "an", "two", "many"]

9B Q 20 0001 318 0.0005 ["December”, "month", "June"”, "December"”, "January"]

9B Q 20 0001 455 ~ 0 ["goal", "Goal"”, "goal"”, "Goal"”, "GOAL"]

9B Q 20 0001 493 ~ 0 ["member”, "member”, "Member"”, "Member”, "members"]

9B Q 20 0001 711 0.0016 ["simple", "tiny", "simple"”, "piccoli”, "semplici”]

9B Q 20 0001 771 0.9917 r".", ",", ";", "because”, ".."]
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