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ABSTRACT

Large language models in iterative reasoning workflows are susceptible to contex-
tual drag—erroneous information in context biases subsequent generations even
when the model is instructed to verify first. We propose Draft De-anchoring
Decoding (D3), a training-free method that interpolates logits from draft-present
and draft-absent key-value caches to attenuate harmful anchoring. Evaluating on
Game of 24 with Qwen3-8B, we find that D3 fails both pre-registered success cri-
teria: it does not improve wrong-draft accuracy (−0.65pp vs. required +5pp) and
loses more than allowed on correct-draft accuracy (−2.21pp vs. allowed −1pp).
Analysis reveals a fundamental mechanism flaw: draft-absent logits are too weak
(∼46% accuracy) to serve as a useful reference, and the method cannot distinguish
beneficial from harmful anchoring. Our negative results suggest that decoding-
time logit interpolation is insufficient for mitigating contextual drag.

WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language models (LLMs) are increasingly deployed in iterative reasoning workflows where
they condition on previous outputs—prior attempts in refinement loops, tool outputs in agent sys-
tems, and retrieved passages in retrieval-augmented generation. In these settings, the model must use
context selectively: benefiting from helpful information while avoiding being misled by erroneous
content. Recent work has shown this is a major unsolved reliability problem. Cheng et al. (2026) in-
troduced the phenomenon of contextual drag, demonstrating that conditioning on an incorrect draft
solution can bias subsequent generations toward structurally similar mistakes, causing 10–20% ac-
curacy drops even when the model is explicitly instructed to verify the draft first. Similarly, Lee et al.
(2026) showed that reasoning models fail substantially when presented with contextual distractors.

Decoding-time logit manipulation has proven effective for related problems. Context-Aware De-
coding (Xu, 2023) reduces hallucination by contrasting context-present and context-absent log-
its. Classifier-Free Guidance (Sanchez et al., 2023) improves controllability through conditional-
unconditional interpolation. DoLa (Chuang et al., 2023) enhances factuality by contrasting logits
across transformer layers. These successes suggest that a similar approach might mitigate contex-
tual drag from erroneous drafts.

We propose Draft De-anchoring Decoding (D3), a training-free method that maintains dual key-
value caches—one for the original draft-containing prompt and one for a draft-redacted prompt—
and interpolates their logits at each decoding step. The hypothesis is that interpolating toward draft-
absent logits will attenuate harmful anchoring when the draft is wrong while preserving utility when
the draft is correct. We evaluate D3 on the Game of 24 task with Qwen3-8B using pre-registered
success criteria.

Our contributions are as follows:

1https://gitlab.com/fars-a/draft-deanchoring-contextual-drag
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• We confirm that contextual drag is a significant phenomenon: accuracy drops by 15.13
percentage points when conditioning on incorrect versus correct drafts, even with explicit
verification instructions.

• We propose D3, a principled training-free approach based on logit interpolation, and rigor-
ously evaluate it against pre-registered success criteria.

• We report that D3 fails both criteria: it does not improve wrong-draft accuracy (−0.65pp
vs. required +5pp) and loses more than allowed on correct-draft accuracy (−2.21pp vs.
allowed −1pp).

• We analyze why logit interpolation fails for this task: draft-absent logits are too weak
(∼46% accuracy), and the method cannot distinguish beneficial from harmful anchoring.

2 RELATED WORK

Decoding-Time Logit Manipulation. Several methods modify output logits at inference time to
improve generation quality without additional training. Context-Aware Decoding (Xu, 2023) re-
duces hallucination by contrasting logits from context-present and context-absent forward passes.
Classifier-Free Guidance (Sanchez et al., 2023) interpolates between conditional and unconditional
logits to improve controllability. DoLa (Chuang et al., 2023) contrasts logits from different trans-
former layers to improve factuality. DExperts (Liu et al., 2021) combines expert and anti-expert
models for controlled generation, while Contrastive Search (Su & Collier, 2022) balances likelihood
and diversity through token-level contrast. Our proposed D3 extends this paradigm to contextual
drag mitigation by contrasting draft-present and draft-absent logits.

Contextual Influence in LLMs. Recent work has examined how context affects LLM behavior.
Cheng et al. (2026) introduced the contextual drag phenomenon, showing that erroneous informa-
tion in context biases subsequent reasoning. Liu et al. (2023) demonstrated that LLMs struggle to
utilize information in the middle of long contexts. Zhou et al. (2024) studied robustness to noisy
rationales in chain-of-thought prompting, while Douglas et al. (2024) proposed prior-aware decod-
ing to mitigate distractor task influence. Lee et al. (2026) further showed that reasoning models fail
with contextual distractors. Our work addresses contextual drag specifically in iterative refinement
settings where models condition on potentially erroneous drafts.

Iterative Refinement. LLMs are increasingly used in iterative workflows where outputs are re-
fined over multiple passes. Self-Refine (Madaan et al., 2023) enables models to iteratively improve
their outputs through self-feedback. Reflexion (Shinn et al., 2023) uses verbal reinforcement learn-
ing for iterative improvement. Self-Consistency (Wang et al., 2022) samples multiple reasoning
paths and selects the most consistent answer. Chain-of-Thought prompting (Wei et al., 2022) and its
extensions such as Tree of Thoughts (Yao et al., 2023) and Plan-and-Solve (Wang et al., 2023) de-
compose complex reasoning into steps. These methods assume intermediate outputs are beneficial,
but do not address the problem of erroneous intermediate outputs biasing subsequent generation.

3 METHOD

3.1 PROBLEM SETUP

We address the problem of contextual drag in iterative reasoning workflows (Cheng et al., 2026).
Consider a setting where a language model is given a problem P along with a draft solution D in
context, and is instructed to verify the draft before producing a final answer R. When D is incorrect,
the model’s output R is often biased toward the errors in D, even when explicitly instructed to
verify first. This phenomenon, termed contextual drag, can cause substantial accuracy degradation
compared to solving from scratch.

Formally, let M denote a language model and let Acc(Dcorrect) and Acc(Dwrong) denote the model’s
accuracy when conditioned on correct and incorrect drafts, respectively. The contextual drag gap is
defined as:

∆drag = Acc(Dcorrect)− Acc(Dwrong)
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Figure 1: Overview of Draft De-anchoring Decoding (D3). The method maintains two parallel KV
caches: one with the original draft-containing prompt (O) and one with a draft-redacted prompt
(W ). At each decoding step, logits from both caches are interpolated using an adaptive coefficient
β scaled by Jensen-Shannon divergence, producing de-anchored logits for token selection.

Our goal is to reduce ∆drag by improving Acc(Dwrong) while preserving Acc(Dcorrect)—that is, to
make the model more robust to erroneous context without sacrificing its ability to benefit from
helpful context.

3.2 DRAFT DE-ANCHORING DECODING (D3)

We propose Draft De-anchoring Decoding (D3), a training-free decoding method that interpolates
logits from two parallel forward passes to reduce draft anchoring. As illustrated in Figure 1, the
key idea is to maintain two key-value (KV) caches during generation: one for the original draft-
containing prompt and one for a draft-redacted prompt. By interpolating toward the draft-absent
logits, we aim to attenuate the influence of potentially erroneous draft content.

Prompt Definitions. Given an original prompt O containing the problem and draft solution, we
construct a draft-redacted prompt W by replacing the draft span with a placeholder. Specifically,
W instructs the model to solve the problem directly without reference to any draft, avoiding the
contradictory instruction of verifying a nonexistent draft.

Decoding Procedure. At each decoding step t, we:

1. Compute logits ℓO,t from the original prompt O using its KV cache.
2. Compute logits ℓW,t from the redacted prompt W using its KV cache.
3. Compute the Jensen-Shannon divergence JSD(ℓO,t, ℓW,t) between the two distributions.

4. Calculate the effective interpolation coefficient: βeff = βmax · min
(
1,

JSD(ℓO,t,ℓW,t)
τ

)
,

where τ is a threshold parameter.
5. Interpolate: ℓ∗t = (1− βeff) · ℓO,t + βeff · ℓW,t.
6. Select the next token: yt = argmax ℓ∗t (greedy decoding).
7. Append yt to both sequences and update both KV caches.

The adaptive β scaling applies stronger de-anchoring only when the two distributions diverge sub-
stantially (indicating draft-induced bias), while preserving the original logits when they agree. We
use βmax = 0.3 and τ = 0.1 based on hyperparameter optimization.
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Greedy Decoding. We evaluate under greedy decoding (temperature = 0) to ensure that any per-
formance changes result from genuine shifts in the argmax sequence, not from increased sampling
diversity due to higher entropy.

3.3 HYPOTHESIS

The D3 method is motivated by the hypothesis that contextual drag operates through an anchoring
mechanism in logit space. When the draft is incorrect, the draft-conditioned logits ℓO are biased
toward draft-consistent tokens. By interpolating toward draft-absent logits ℓW , we hypothesize that
D3 can reduce this bias and improve wrong-draft accuracy.

Crucially, we expect this intervention to be selective: when the draft is correct, ℓO and ℓW should
produce similar distributions (since both lead to correct solutions), resulting in low JSD and minimal
interpolation. When the draft is wrong, the distributions should diverge more, triggering stronger de-
anchoring. This asymmetry would allow D3 to improve robustness to wrong drafts while preserving
utility from correct drafts.

As we show in Section 4, this hypothesis does not hold in practice. The fundamental flaw is that
the draft-absent logits ℓW are substantially weaker than the draft-present logits ℓO, and the method
cannot distinguish between beneficial and harmful draft anchoring.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Task and Dataset. We evaluate on the Game of 24 task, where the goal is to construct an arithmetic
expression using four given integers (each used exactly once) with basic operations (+, −, ×, ÷)
such that the result equals 24. We use 1,084 paired puzzles, where each puzzle has both a correct
draft solution and an incorrect draft solution generated by the model. This paired design allows us
to directly measure the contextual drag effect by comparing performance on the same puzzles with
correct versus incorrect drafts.

Model and Decoding. We use Qwen3-8B (Yang et al., 2025) with greedy decoding (temperature
= 0). For D3, we maintain dual KV caches and use adaptive β scaling with βmax = 0.3 and JSD
threshold τ = 0.1. All experiments use the same prompt format from Cheng et al. (2026), which
presents the problem and draft, then asks the model to verify the draft and produce a final answer.

Baselines. We compare against three baselines: (1) 1F Baseline: Standard single-forward-pass
decoding with the draft in context; (2) Drop-Draft: The draft is removed entirely from the prompt;
(3) Filler: The draft is replaced with length-matched neutral filler text to control for context length
effects.

Pre-registered Success Criteria. Following rigorous evaluation practices, we pre-registered two
success criteria before running experiments:

• Criterion 1 (Robustness): D3 should improve wrong-draft accuracy by at least 5 percent-
age points over the 1F baseline.

• Criterion 2 (Utility Preservation): D3 should lose at most 1 percentage point on correct-
draft accuracy compared to the 1F baseline.

4.2 MAIN RESULTS

Table 1 presents the main experimental results. We report four metrics: wrong-draft accuracy (ac-
curacy when conditioned on incorrect drafts), correct-draft accuracy (accuracy when conditioned on
correct drafts), mixed accuracy (50/50 weighted average), and the contextual drag gap (difference
between correct-draft and wrong-draft accuracy).
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Table 1: Main experimental results on Game of 24 with Qwen3-8B. D3 fails both pre-registered
success criteria: it does not improve wrong-draft accuracy (Criterion 1: needed ≥+5pp, achieved
−0.65pp) and loses more than allowed on correct-draft accuracy (Criterion 2: needed ≤1pp loss,
achieved −2.21pp). Best results in bold. N/A indicates the metric is not applicable for that condi-
tion.

Method Wrong-Draft Acc (%) Correct-Draft Acc (%) Mixed Acc (%) Drag Gap (pp)

1F Baseline 82.38 97.51 89.94 15.13
Drop-Draft 46.03 N/A N/A N/A
Filler 49.08 48.34 48.71 N/A
D3 (original) 75.74 87.92 81.83 12.18
D3 (optimized) 81.73 95.30 88.51 13.56

Table 2: Effect of interpolation coefficient β on D3 performance. Higher β reduces the drag gap
but also reduces overall accuracy. No β value achieves both improved wrong-draft accuracy and
preserved correct-draft accuracy relative to the 1F baseline.

Configuration Wrong-Draft Acc (%) Correct-Draft Acc (%) Mixed Acc (%) Drag Gap (pp)

1F Baseline 82.38 97.51 89.94 15.13
β = 0.1 (fixed) 80.26 98.06 89.16 17.80
β = 0.2 (fixed) 81.18 96.22 88.70 15.04
β = 0.3 (adaptive) 81.73 95.30 88.51 13.56
β = 0.5 (adaptive) 76.94 91.88 84.41 14.94

Contextual Drag is Significant. The 1F baseline reveals a substantial contextual drag effect: ac-
curacy drops by 15.13 percentage points when conditioning on incorrect drafts (82.38%) versus
correct drafts (97.51%). This confirms that contextual drag is a real and significant phenomenon,
even when the model is explicitly instructed to verify the draft before producing a final answer.

D3 Fails Both Success Criteria. The optimized D3 configuration fails to meet either pre-
registered criterion. For Criterion 1 (robustness), D3 achieves 81.73% wrong-draft accuracy com-
pared to the baseline’s 82.38%, a decrease of 0.65 percentage points rather than the required 5-point
improvement. For Criterion 2 (utility preservation), D3 achieves 95.30% correct-draft accuracy
compared to the baseline’s 97.51%, a loss of 2.21 percentage points that exceeds the allowed 1-
point threshold.

Draft Content Drives the Effect. The control experiments reveal that contextual drag is driven
by draft content, not context length or position. The Filler condition, which replaces the draft with
length-matched neutral text, achieves only 48.71% mixed accuracy—similar to the Drop-Draft base-
line (46.03%) and far below the 1F baseline with actual draft content (89.94%). This demonstrates
that the model benefits substantially from draft content when it is correct, but this same mechanism
causes harm when the draft is incorrect.

4.3 BETA SENSITIVITY ANALYSIS

To understand whether the failure of D3 is due to suboptimal hyperparameter selection, we conduct
a sensitivity analysis across different values of the interpolation coefficient β. Table 2 and Figure 2
present the results.

The results reveal a fundamental trade-off: increasing β reduces the contextual drag gap but also
reduces overall accuracy. At β = 0.1, the method slightly improves correct-draft accuracy (98.06%
vs 97.51%) but decreases wrong-draft accuracy (80.26% vs 82.38%), actually increasing the drag
gap to 17.80pp. As β increases, both correct-draft and wrong-draft accuracy decrease, with correct-
draft accuracy falling faster. The optimized β = 0.3 configuration achieves the smallest drag gap
(13.56pp) but still fails both success criteria. Critically, no value of β achieves both improved wrong-
draft accuracy and preserved correct-draft accuracy—the trade-off is monotonic with no sweet spot.
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Figure 2: Effect of interpolation coefficient β on D3 performance. Higher β values reduce the con-
textual drag gap (difference between correct-draft and wrong-draft accuracy) but also reduce overall
accuracy. The pre-registered β = 0.5 and optimized β = 0.3 configurations are annotated. No β
value achieves both improved wrong-draft accuracy and preserved correct-draft accuracy relative to
the 1F baseline.

4.4 WHY D3 FAILS

The failure of D3 can be attributed to a fundamental flaw in the logit interpolation mechanism. The
method assumes that interpolating toward draft-absent logits ℓW will selectively reduce harmful
anchoring while preserving beneficial anchoring. However, our analysis reveals three key issues.

Draft-Absent Logits Are Too Weak. The Drop-Draft baseline achieves only 46.03% accuracy,
indicating that the draft-absent logits ℓW are substantially weaker than the draft-present logits ℓO
(which achieve 89.94% mixed accuracy). Interpolating between strong (∼90%) and weak (∼46%)
logits necessarily degrades overall performance. The method cannot “borrow” robustness from ℓW
without also inheriting its lower accuracy.

Method Cannot Distinguish Draft Quality. The D3 hypothesis assumed that divergence between
ℓO and ℓW would be higher for wrong drafts (indicating harmful anchoring) than for correct drafts
(indicating beneficial anchoring). However, the average divergence rates are nearly identical: 5.57%
for wrong-draft conditions and 6.10% for correct-draft conditions. This means the adaptive β scaling
cannot distinguish between cases where de-anchoring would help versus hurt.

Interpolation Reduces Gap by Lowering Both. D3 does reduce the contextual drag gap (from
15.13pp to 13.56pp), but it achieves this by lowering both correct-draft and wrong-draft accuracy
rather than selectively improving wrong-draft performance. The 10.4% relative reduction in the gap
comes at the cost of 1.43 percentage points in mixed accuracy (89.94% → 88.51%). This is not a
useful trade-off for practical applications.

5 CONCLUSION

We proposed Draft De-anchoring Decoding (D3), a training-free method to mitigate contextual drag
by interpolating logits from draft-present and draft-absent forward passes. Despite its principled
design, D3 fails both pre-registered success criteria: it does not improve wrong-draft accuracy and
loses more than the allowed threshold on correct-draft accuracy. The fundamental flaw is that draft-
absent logits are too weak (∼46% accuracy) to serve as a useful reference, and the method cannot
distinguish beneficial from harmful anchoring. Our negative results suggest that future work should
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explore methods that can assess draft quality before deciding whether to de-anchor, or training-based
approaches that learn when to rely on versus ignore contextual information.
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