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ABSTRACT

Tool-using LLM agents exhibit anchoring bias on ambiguous queries, dispropor-
tionately selecting the first-listed candidate regardless of correctness. We test
whether forcing clarification before retrieval exposure—an Intent Reconstruc-
tion Gate (IRG)—can mitigate this bias. Through controlled experiments on
InteractComp-Anchor (210 instances) with Qwen2.5-7B-Instruct, we compare
three conditions: search-first baseline, IRG clarify-first, and a candidate-order
control. Our results show that IRG produces negligible improvement (+0.95
percentage points, p = 0.42) over the search-first baseline, while simply re-
ordering candidates to place the target first achieves 13.33 percentage point gains
(p < 0.001). The dominant factor in anchoring bias is candidate presentation or-
der, not clarification timing. Practitioners should focus on candidate presentation
strategies rather than clarification timing to mitigate anchoring bias in tool-using
agents.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Tool-using LLM agents are increasingly deployed for information retrieval tasks, combining lan-
guage reasoning with external tools such as search and databases (Qu et al., 2024; Yao et al., 2022).
However, these agents exhibit systematic biases that degrade performance on ambiguous queries.
Anchoring bias—the tendency to over-rely on initially encountered information—is particularly
problematic: when presented with multiple plausible candidates, agents disproportionately select
the first-listed option regardless of its correctness (Valencia-Clavijo, 2025; Yin et al., 2025). This
bias is especially costly in interactive settings where agents must clarify user intent before commit-
ting to an answer.

A natural hypothesis is that anchoring occurs because agents commit to candidate interpretations
before fully understanding user intent. If the agent sees retrieval results early, the first candidate
may anchor subsequent reasoning and clarification questions. The Intent Reconstruction Gate (IRG)
intervention addresses this by forcing clarification before retrieval exposure, potentially prevent-
ing premature commitment to the first candidate. This approach is motivated by cognitive science
research showing that anchoring effects can be mitigated through deliberation before anchor expo-
sure (Sumita et al., 2024).

We conduct controlled experiments to test the IRG hypothesis on InteractComp-Anchor (Deng et al.,
2025), a benchmark for ambiguous queries requiring clarification. We compare three conditions
under identical interaction budgets: (A) search-first baseline where the agent sees candidates before
clarification, (B) IRG clarify-first where clarification precedes retrieval, and (C) candidate-order
control where the target is listed first. This design isolates the effect of clarification timing from
candidate presentation order.

Our results reveal a surprising negative finding: IRG does not work. The timing manipulation
produces a negligible +0.95 percentage point improvement over the search-first baseline (p = 0.42),
while simply reordering candidates to place the target first achieves a 13.33 percentage point gain

1https://gitlab.com/fars-a/intent-reconstruction-anchoring

1

https://gitlab.com/fars-a/intent-reconstruction-anchoring


(p < 0.001). The dominant factor in anchoring bias is candidate presentation order, not clarification
timing. This suggests that for 7B-scale models, anchoring operates at the candidate presentation
stage rather than intent formation.

Our contributions are:

• The first controlled test of whether clarification timing can mitigate anchoring bias in tool-
using LLM agents, with pre-registered success criteria.

• Empirical evidence that candidate presentation order dominates timing effects: reordering
candidates is 14× more effective than the IRG intervention.

• Actionable guidance for practitioners: focus on candidate presentation strategies (e.g., ran-
domization, confidence-based reordering) rather than clarification timing to mitigate an-
choring bias.

2 RELATED WORK

Anchoring Bias and Order Effects in LLMs. Large language models exhibit systematic cog-
nitive biases that mirror human decision-making patterns (Sumita et al., 2024). Anchoring bias,
where initial information disproportionately influences subsequent judgments, has been documented
across multiple LLM architectures (Valencia-Clavijo, 2025). Yin et al. (2025) demonstrate that
LLMs exhibit fragile preferences sensitive to option ordering, with models systematically favoring
earlier-presented alternatives. These order effects persist across model scales and task types, sug-
gesting a fundamental architectural susceptibility rather than superficial pattern matching. While
prior work has focused primarily on detecting and characterizing these biases, mitigation strategies
remain underexplored, particularly in agentic settings where models interact with external tools and
information sources.

Clarification in Dialogue and Agent Systems. Resolving ambiguity through clarification is es-
sential for effective human-AI interaction. Zhang & Choi (2023) propose a framework for determin-
ing when clarification is necessary and generating appropriate clarifying questions, demonstrating
that targeted clarification can substantially improve task performance. The ClariQ challenge (Alian-
nejadi et al., 2020) established benchmarks for clarifying question generation in open-domain dia-
logue. Recent work has extended clarification mechanisms to LLM agents: Suri et al. (2025) intro-
duce structured uncertainty-guided clarification for tool-calling agents, while Acikgoz et al. (2025)
propose multi-agent frameworks for coordinating clarification in complex conversations. Qian et al.
(2024) address implicit user intention understanding, and Kobalczyk et al. (2025) formalize active
task disambiguation. However, these approaches do not explicitly address whether the timing of
clarification relative to information retrieval affects anchoring susceptibility.

Tool-Using Agents and Benchmarks. Tool learning enables LLMs to extend their capabilities
through external APIs and information retrieval (Qu et al., 2024). The ReAct framework (Yao et al.,
2022) established the paradigm of interleaving reasoning and action for tool-augmented agents. Sub-
sequent benchmarks have evaluated agent capabilities across diverse domains: τ -bench (Yao et al.,
2024) tests tool-agent-user interaction in real-world scenarios, while GAIA (Mialon et al., 2023)
and BrowseComp (Wei et al., 2025) assess general assistant and web browsing capabilities. Inter-
actComp (Deng et al., 2025) specifically targets ambiguous queries requiring clarification, providing
a controlled setting for studying how agents handle uncertainty. Our work builds on this foundation
by conducting the first controlled test of whether clarification timing can mitigate anchoring bias in
tool-using agents.

3 METHOD

We design a controlled experiment to test whether clarification timing affects anchoring bias in tool-
using agents. Our experimental framework, illustrated in Figure 1, compares three conditions that
vary only in the timing of retrieval exposure relative to clarification interactions.
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Figure 1: Overview of the three experimental conditions for testing clarification timing effects on
anchoring bias. Condition A (search-first): agent retrieves candidates before clarification, exposing
it to anchoring. Condition B (IRG, clarify-first): agent asks clarification questions before seeing
candidates. Condition C (candidate-order control): target entity listed first to isolate position effects.

3.1 PROBLEM SETUP

We study ambiguous query resolution tasks where an agent must identify a correct target entity
from among plausible candidates. Each task instance consists of an ambiguous query q, a hidden
context c containing distinctive attributes of the target, a correct answer a (target), and a distrac-
tor d (a popular alternative sharing attributes with the target). The agent has access to two tools:
SEARCH(q), which returns a deterministic candidate list {d, a} or {a, d} depending on the condi-
tion, and INTERACT(h), which submits a hypothesis h about the intended target and receives a
response from a simulated user with access to the hidden context.

3.2 EXPERIMENTAL CONDITIONS

We define three conditions that share the same interaction budget k but differ in the timing of retrieval
exposure:

Condition A: Search-First (Distractor-First). The agent first calls SEARCH, receiving candi-
dates [d, a] with the distractor listed first, then performs k INTERACT calls, and finally produces an
answer. This represents the standard agent workflow where retrieval precedes clarification.

Condition B: IRG (Clarify-First). The Intent Reconstruction Gate (IRG) intervention forces the
agent to perform k INTERACT calls before seeing any candidates. Only after these clarification
interactions does the agent call SEARCH (receiving [d, a]) and produce an answer. This tests whether
delaying retrieval exposure reduces anchoring.

Condition C: Candidate-Order Control (Target-First). Identical to Condition A except that
SEARCH returns [a, d] with the target listed first. This baseline isolates the effect of candidate
presentation order from clarification timing.
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Table 1: Main experimental results on InteractComp-Anchor (n = 210). IRG (Condition B) shows
negligible improvement over the search-first baseline (A) and underperforms the candidate-order
control (C). Best result in bold. n.s. = not significant; ∗∗∗p < 0.001.

Condition Description Accuracy Correct/Total vs Aopt vs C

Aorig Search-first (broken NLI) 27.62% 58/210 −6.19pp −13.33pp∗∗∗
Aopt Search-first (NLI fix) 33.81% 71/210 – −7.14pp
Bopt IRG, clarify-first (NLI fix) 34.76% 73/210 +0.95pp (n.s.) −6.19pp
C Candidate-order (target-first) 40.95% 86/210 +7.14pp –

3.3 HYPOTHESIS

If anchoring bias operates at the intent formation stage, then IRG (Condition B) should outperform
the search-first baseline (Condition A) because the agent clarifies intent before being exposed to
the distractor anchor. If anchoring operates primarily at the candidate presentation stage, then the
candidate-order control (Condition C) should outperform both conditions, and IRG should provide
minimal additional benefit over the search-first baseline.

3.4 IMPLEMENTATION

We use Qwen2.5-7B-Instruct (Yang et al., 2024) as the agent model, served via vLLM with greedy
decoding (temperature=0). The INTERACT responder uses DeBERTa-v3-large (He et al., 2021)
fine-tuned on MNLI for natural language inference: given the hidden context c as premise and the
agent’s hypothesis h, the model predicts entailment (YES), contradiction (NO), or neutral (UN-
KNOWN). We set the interaction budget k = 2 and evaluate on InteractComp-Anchor, a controlled
variant of InteractComp (Deng et al., 2025) containing 210 instances across 9 domains. The harness
enforces action order by restricting available tools at each step.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate on InteractComp-Anchor, a controlled variant of InteractComp (Deng et al., 2025)
containing 210 instances across 9 domains (Academic & Research, Business & Economics, Enter-
tainment, General Knowledge, Humanities, Law & Politics, Medicine & Life Sciences, Science &
Engineering, and Sports). Each instance contains an ambiguous query, a hidden context with dis-
tinctive attributes of the target, a correct answer, and a distractor. We use accuracy (exact match to
target) as the evaluation metric and report 95% confidence intervals via paired bootstrap with 10,000
resamples. We also compute Cohen’s h for effect size and McNemar’s test for paired comparisons.

4.2 MAIN RESULTS

Table 1 presents the main experimental results. The search-first baseline with the original NLI
responder (Aorig) achieves only 27.62% accuracy, with the agent selecting the distractor (first-listed
candidate) 67.14% of the time—well above the 50% random baseline, confirming strong anchoring
bias. After fixing a critical NLI bug where questions rather than declarative statements were sent
to the NLI model (reducing the UNKNOWN rate from 94.3% to 60.5%), the search-first baseline
(Aopt) improves to 33.81%.

The IRG intervention (Bopt) achieves 34.76% accuracy, only 0.95 percentage points above the
fair comparison baseline Aopt. This difference is not statistically significant (p = 0.42, 95% CI
[−5.71pp,+7.62pp]). In contrast, the candidate-order control (C) achieves 40.95% accuracy, a 13.33
percentage point improvement over Aorig (p < 0.001, 95% CI [+6.67pp,+20.00pp]). Critically,
IRG underperforms the simpler candidate-order intervention by 6.19 percentage points.
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Table 2: Statistical analysis of pairwise condition comparisons. Neither success criterion is satisfied:
B does not reliably exceed A, and B underperforms C.

Comparison Diff (pp) 95% CI p-value Cohen’s h McNemar χ2 Criterion Met?

Bopt vs Aopt +0.95 [−5.71,+7.62] 0.42 0.02 (negligible) 0.07 (p = 0.79) ✗
Bopt vs C −6.19 [−13.81,+0.95] 0.96 −0.13 (small) 2.68 (p = 0.10) ✗

Figure 2: Per-domain accuracy differences for IRG (Condition B) relative to baselines. Left: B
minus A (search-first baseline) shows inconsistent gains ranging from −14.3pp to +25.0pp with
overall +0.95pp (n.s.). Right: B minus C (candidate-order baseline) shows IRG underperforms in
7/9 domains with overall −6.19pp.

4.3 STATISTICAL ANALYSIS

Table 2 presents detailed statistical comparisons for the two pre-registered success criteria. Neither
criterion is satisfied: the timing benefit (B vs A) is negligible with Cohen’s h = 0.02, and IRG does
not outperform the candidate-order baseline.

4.4 PER-DOMAIN ANALYSIS

Figure 2 and Table 3 show that the IRG effect is highly inconsistent across domains. IRG improves
over the search-first baseline in 5 of 9 domains (maximum +25.0pp in Academic & Research) but
degrades in 2 domains (Humanities: −9.6pp, General Knowledge: −14.3pp). More critically, IRG
underperforms the candidate-order control in 7 of 9 domains, with only Business & Economics
(+17.4pp) and Medicine (+9.1pp) showing positive B−C differences. This inconsistency suggests
no robust underlying mechanism by which clarification timing mitigates anchoring.

4.5 DISCUSSION

The results suggest that for 7B-scale models, anchoring bias operates primarily at the candidate
presentation stage rather than the intent formation stage. The agent may not effectively use pre-
retrieval clarification signals, or may still anchor on the first candidate after SEARCH regardless of
prior clarification. The 60.5% NLI UNKNOWN rate limits signal quality, but this does not explain
the null result since Aopt received the same fix. The dominant factor in anchoring bias is where the
target appears in the candidate list, not when clarification occurs relative to retrieval.
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Table 3: Per-domain accuracy breakdown (%). IRG shows inconsistent effects: gains in 5/9 domains
vs Aopt but underperforms C in 7/9 domains. n = sample size per domain. Best per row in bold.

Domain n Aopt Bopt C B−A B−C

Academic & Research 8 37.5 62.5 75.0 +25.0 −12.5
Business & Economics 23 39.1 52.2 34.8 +13.0 +17.4
Entertainment 42 26.2 33.3 40.5 +7.1 −7.1
Law & Politics 15 33.3 40.0 53.3 +6.7 −13.3
Medicine & Life Sci. 11 36.4 36.4 27.3 0.0 +9.1
Sports 18 22.2 22.2 38.9 0.0 −16.7
Science & Engineering 34 38.2 35.3 47.1 −2.9 −11.8
Humanities 52 40.4 30.8 38.5 −9.6 −7.7
General Knowledge 7 14.3 0.0 14.3 −14.3 −14.3

5 CONCLUSION

We conducted controlled experiments to test whether clarification timing can mitigate anchor-
ing bias in tool-using LLM agents. Our results show that the Intent Reconstruction Gate (IRG)
intervention—forcing clarification before retrieval exposure—does not work: the timing manipula-
tion produces a negligible +0.95pp improvement over the search-first baseline (p = 0.42, Cohen’s
h = 0.02). In contrast, simply reordering candidates to place the target first achieves a 13.33pp gain
(p < 0.001). The dominant factor in anchoring bias is candidate presentation order, not clarification
timing.

Implications. Practitioners seeking to mitigate anchoring bias in tool-using agents should focus
on candidate presentation strategies (e.g., randomization, confidence-based reordering) rather than
clarification timing. The IRG approach is not effective with 7B-scale models on this benchmark.

Limitations. Our findings are limited to a single model (Qwen2.5-7B-Instruct), a single dataset
(InteractComp-Anchor, 210 instances), and an NLI-based responder with 60.5% UNKNOWN rate.
Results may differ for larger models, different benchmarks, or alternative clarification mechanisms.

Future Work. Future research should explore whether larger models exhibit different anchoring
patterns, investigate alternative clarification mechanisms that may be more effective, and develop
candidate presentation strategies that directly address the position bias we identified.
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