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Abstract

Chain-of-thought (CoT) faithfulness is mea-
sured almost exclusively in single-turn set-
tings, leaving open how the reasoning-trace-
to-answer relationship evolves as conversations
lengthen. We introduce turn-level CoT coun-
terfactual deletion: at every assistant turn we
regenerate the answer at five truncation levels
of the current-turn thinking block under greedy
decoding, and label a turn anchored—a descrip-
tive label for causal redundancy of the trace, not
a mechanistic claim—when all parseable regen-
erations agree on the same answer. Across 67
multi-turn sharded-GSM8K conversations from
DeepSeek-R1-Distill-Qwen-7B, the anchored
fraction grows 3.9× from short (< 10 turns,
7.2%) to long (>20 turns, 28.4%). Across nine
reasoning models grouped into five indepen-
dent training lineages, every lineage anchors
more in long conversations than in short ones
(sign test 5/5, p=0.031), although one model,
Qwen3-32B, is flat. The length gradient and the
cross-model analyses are exploratory, not pre-
registered. A surface-feature predictor flags an-
chored turns at AUC= 0.71 without additional
generation, although its operating point does
not transfer reliably from short to long con-
versations. The evidence is limited to sharded
multi-step, derivational reasoning with numeric
answers; broader domains remain open. Single-
turn CoT benchmarks, by construction, cannot
detect this gradient.

1 Introduction

Reasoning models that emit visible chain-of-
thought (CoT) traces are deployed in long-running,
multi-turn conversational interfaces under the im-
plicit assumption that the trace reflects what the
model is computing. Recent work has shown this
assumption holds imperfectly in single-turn set-
tings: under controlled cue injection, reasoning
models acknowledge an influencing hint in their

* Equal contribution.

trace between roughly 25% and 60% of the time
(Chen et al., 2025; Chua and Evans, 2025); even
without adversarial framing, naturally occurring
rationalizations appear on 0.4–13% of prompts
(Arcuschin et al., 2026). However, it is not clear
whether the same picture holds when the model is
under sustained conversational pressure: whether
the rate of causally redundant traces is constant
across a conversation, or whether the conversation
itself drives the dynamic.

Why this matters for NLP practice. Reason-
ing models are deployed in long-running multi-
turn interfaces — coding assistants, agentic sys-
tems, customer-facing chatbots — but are eval-
uated for faithfulness and safety on benchmarks
that are overwhelmingly single-turn. If CoT be-
comes progressively less causally necessary for the
model’s answer as conversations lengthen, then
single-turn measurements of CoT causal necessity
do not describe the long-conversation regime. We
do not study those deployment settings directly.
We quantify this gap in one controlled setting —
sharded multi-step reasoning with numeric answers
— show that its direction holds across five training
lineages, and provide a cheap online flag that re-
quires no additional generation.

We address this question by extending Lanham-
style counterfactual deletion (Lanham et al., 2023)
from a one-shot scalar to a turn-level binary time
series. At every assistant turn, we regenerate the an-
swer five times under greedy decoding, each time
with a different fraction of the current-turn ⟨think⟩
block visible (0%, 25%, 50%, 75%, 100%); all
prior conversational context, including prior assis-
tant answers, is held identical across the five re-
generations. We label a turn anchored when all
parseable regenerations agree on the same numeric
answer, and CoT-sensitive otherwise. “Anchored”
is a descriptive, non-mechanistic label: it means
the current-turn CoT is causally redundant for that
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output under our test, not that the trace is post-hoc
rationalisation or that the model is deceptive. We
remain agnostic about the underlying mechanism
throughout (§5).

Headline finding. The fraction of anchored turns
grows roughly 4× from short to long conversations
on our primary model (Figure 2). The direction
holds at the level of training lineage: grouping
nine reasoning models into five lineages, every lin-
eage has a higher anchored rate in long conversa-
tions than in short ones (sign test 5/5, one-sided
p=0.031; mean +30.5 pp), and six of six do under
a finer grouping (p=0.016; §4.3). Per model the ev-
idence is weaker: strict short<medium< long or-
dering holds in six of nine models and long> short
in eight of nine (Table 1). Overall anchoring rates
vary from 9.8% to 45.6%, and Qwen3-32B is the
only model without a positive late-vs-early contrast.
We name this length-driven property the length-
anchoring gradient, and our predictor and within-
conversation analyses (§4) suggest the gradient is a
property of the conversation, not just of the model.
The length gradient and the cross-model analyses
are exploratory. Of our pre-registered tests, H1
and H2 were null, and H2b was significant (partial
Spearman ρ=−0.343; §4.5, Appendix C).

Contributions.

1. Method. We introduce turn-level CoT coun-
terfactual deletion (§3.2): a per-turn binary
measurement of CoT causal necessity—to our
knowledge the first faithfulness primitive that
produces a time series within a multi-turn con-
versation rather than a single-shot scalar.

2. Finding. In an exploratory analysis, the per-
turn rate at which CoT is causally redundant
rises with conversation length in all five train-
ing lineages we test, covering nine reasoning
models (lineage sign test p=0.031); in a pre-
registered test, conversations with a higher an-
chored fraction update their answers less often
as new evidence arrives, after length control
(partial Spearman ρ=−0.343, p=0.007; §4.3,
§4.5).

3. Artifact. A surface-feature predictor (AUC=
0.71, +0.07 over a length-only baseline; §4.6)
flags anchored turns at inference time without
additional generation, although its operating
point does not transfer reliably from short to
long conversations.

Figure 1: Turn-level CoT causal necessity test. (a) Ex-
amples of the two turn-level outcomes: CoT-sensitive
(blue), where different truncation levels of the current-
turn CoT produce different answers, and anchored (or-
ange), where all parseable truncation levels agree on
the same answer. (b) Turn-level classification across a
44-turn sharded-GSM8K conversation, with each turn
labeled as CoT-sensitive or anchored.

2 Related Work

Single-turn CoT faithfulness. Lanham et al.
(2023) introduced the counterfactual-deletion test
we extend here: truncate a ⟨think⟩ block and check
whether the answer changes. Follow-up work
expanded the picture along several dimensions.
Turpin et al. (2023) found that injected biases shift
answers without appearing in the trace; Arcuschin
et al. (2026) catalogue 0.4–13% rates of naturally
occurring rationalization across 15 models; Chen
et al. (2025) report that frontier reasoning mod-
els acknowledge injected hints in their thinking
only 25–39% of the time; Chua and Evans (2025)
report that DeepSeek-R1 identifies the causal in-
fluence of injected cues 59% of the time, well
above the 7% of non-reasoning baselines. At larger
scale, Young (2026) test 12 open-weight reasoning
models (7B–685B) and find that thinking-token
acknowledgment of injected hints (87.5%) sys-
tematically exceeds answer-text acknowledgment
(28.6%); Shen et al. (2026) introduce a 1,000-
trajectory benchmark of instance-level faithfulness
across four domains (single-turn, one faithfulness
label per prompt). Each of these studies treats each
(model, prompt) pair as a unit; none tracks how
CoT causal necessity evolves across turns.

Multi-turn behavioural failures. Laban et al.
(2026) demonstrated that reasoning models lose
roughly 39 percentage points of accuracy when
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problems are revealed piece-by-piece across turns
(“lost in conversation”), with the dominant failure
pattern being premature commitment to an early an-
swer. A follow-up by Liu et al. (2026) reframes this
as an intent mismatch. Hong et al. (2025) measure
how reasoning models reverse their position under
user pushback in multi-turn dialogues; Wan et al.
(2026) propose mitigation strategies for the inertia
these failures produce. None of these works mea-
sure the relationship between the reasoning trace
and the answer during the multi-turn failure.

Within-generation analogs and the monitorabil-
ity frame. At the single-generation level, Bogdan
et al. (2025) identify sentences within a chain that
causally influence the answer (“thought anchors”);
Boppana et al. (2026) and Ye et al. (2026) docu-
ment a within-chain “reasoning theater” / “reason-
ing horizon” beyond which tokens have negligible
causal influence. Our anchored turns are a turn-
level analog: the entire current-turn trace can be
truncated without changing the answer. Korbak
et al. (2025) and Emmons et al. (2025) argue that
CoT monitoring is viable only when CoT is com-
putationally necessary for the output; our results
quantify how often this condition fails as conver-
sations lengthen. Meek et al. (2025) propose joint
faithfulness–verbosity monitoring; our anchoring
measure adds a turn-resolved dimension.

3 Method

3.1 Sharded multi-turn conversations

We adopt the sharded-conversation framework of
Laban et al. (2026): GSM8K (Cobbe et al., 2021)
problems are split into 3–20 shards revealed by a
user simulator (Qwen2.5-7B-Instruct; Yang et al.,
2024). The simulator re-presents shards across
turns rather than advancing strictly one shard per
turn, so a conversation runs considerably longer
than its shard count: the median is 3.1 assistant
turns per distinct shard revealed, and the longest
conversation reaches 76 turns. The reasoning
model under test — DeepSeek-R1-Distill-Qwen-
7B for the primary measurement (Guo et al., 2025)
— emits a ⟨think⟩ . . . ⟨/think⟩ block followed by a
numeric answer at every turn. This setup creates
sustained conversational pressure under which pre-
mature commitment is observed empirically (La-
ban et al., 2026); crucially for our measurement,
the entire token context that determines the model’s
output — the prior assistant answers and the shards

revealed so far — is recorded exactly and re-fed ver-
batim at counterfactual-deletion time, so the only
quantity that varies across the five regenerations is
how much of the current-turn trace is visible. We
collected data in two phases (Phase A: N = 24
across four random seeds, max shards 4–10; Phase
B: N = 43 across three random seeds, max shards
20), giving a combined N = 67 conversations and
1,289 raw faithfulness observations.

3.2 Per-turn counterfactual deletion
At every assistant turn t, we extract the thinking
block Tt and the model’s answer. We truncate Tt
to five fractions f ∈ {0.00, 0.25, 0.50, 0.75, 1.00}
of its original length, close each truncated prefix
with ⟨/think⟩, and regenerate the answer greed-
ily (temperature 0, max 128 tokens; raising the
cap to 512 tokens changes no turn labels on the
tested samples, §4.9). The five regenerations share
the same prior context (including all prior assis-
tant answers); the only variable is f . We extract
a numeric answer from each regeneration using
a shared regex ((-?[$0-9.,]{2,})|(-?[0-9]+))
that returns the last matched numeric token after
stripping currency symbols and trailing punctua-
tion; if no token is parseable the truncation level is
treated as missing. We then define

is_anchored(t) = 1[|{â(t, f)}f∈F | = 1] , (1)

where â(t, f) is the extracted numeric answer at
truncation f and F is the set of truncation lev-
els yielding a parseable numeric answer. Turns
where fewer than three of the five regenerations are
parseable are excluded (≈ 9.5% of turns), giving
1,167 assessable turns from 1,289 raw observations.

Why greedy decoding. The original turns are
generated with the DeepSeek-R1 sampling defaults
(T=0.6, top-p=0.95). The five counterfactual re-
generations use greedy decoding so that differences
across truncation levels reflect the causal effect of
the truncation, not residual sampling noise; with
stochastic decoding the five regenerations would
diverge even when truncation has no causal effect,
spuriously inflating the CoT-sensitive rate. The
original answer is recorded but plays no role in the
classification: anchoring compares the five greedy
regenerations to each other.

3.3 Within-conversation analyses
We address three within-conversation questions —
the length gradient (Q1), conversation-level struc-
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ture (Q2), and evidence integration (Q3); opera-
tionalisations in Appendix A.1

3.4 Cross-model evaluation
To test whether the length gradient is specific to one
distilled model, we ran the same sharded-GSM8K
protocol on eight additional reasoning models with
independent random seeds: DeepSeek-R1-Distill-
Qwen-14B and DeepSeek-R1-Distill-Llama-8B
(Guo et al., 2025; Grattafiori et al., 2024), Qwen3-
8B, Qwen3-14B, and Qwen3-32B (Yang et al.,
2025), QwQ-32B (4-bit, RL with R1 distillation
warmup; Qwen Team, 2025; Yang et al., 2024),
GLM-Z1-9B (Team GLM et al., 2024), and Phi-4-
mini-reasoning (Xu et al., 2025). Each model runs
at a single weight precision throughout (Table 1):
4-bit or 8-bit quantization for seven models, and
unquantized 16-bit (bf16) weights for GLM-Z1-9B
and Phi-4-mini-reasoning. Because precision is
constant within a model, each model’s comparison
across length bins is made at one precision; preci-
sion differences can affect comparisons of overall
anchoring level between models. On the primary
model, INT4 and INT8 give identical turn labels
(§4.9, item (c)). The same canonical is_anchored
from §3.2 is applied to all model traces, with no
model-specific tuning.

4 Results

4.1 A 3.9× length-anchoring gradient
Across the combined N = 67 conversations and
1,167 assessable turns, 23.3% of turns are anchored.
Conversation length is the strongest single descrip-
tor of this fraction (Figure 2):

• Short (<10 turns, n = 20): 7.2% anchored

• Medium (10–20 turns, n = 23): 12.8% an-
chored

• Long (>20 turns, n = 24): 28.4% anchored

The short-to-long ratio is 3.9×; jittered points
within each bin show the gradient is not driven by
outliers (Figure 2). Conversations collected with
longer shard budgets show higher raw anchored
rates (27–38% vs. 13%), but this difference disap-
pears after length-stratification, indicating that the

1H1 (run-length persistence), H2 (conversation-level out-
come correlation), H2b (length-controlled within-conversation
evidence integration), and the conversation ICC together con-
stitute our pre-specified analysis family for the multiplicity
correction reported in Appendix C. H2b was framed in our
analysis plan as the length-controlled adjunct to H2.

Figure 2: 3.9× length-anchoring gradient (N = 67).
Main panel: mean anchored fraction by conversation
length (< 10, 10–20, > 20 turns; n = 20, 23,
24). Right panel: variance-test p-values using sepa-
rate assessable-turn strata (≤ 10, 11–20, > 20; n = 25,
18, 24).

gradient follows conversation length rather than
collection batch (Appendix B).

4.2 Testing the information-saturation
account

The strongest alternative account of the length gra-
dient is information saturation: as shards accumu-
late, the answer becomes uniquely determined and
the model emits it regardless of CoT. An oracle-
onset comparison argues against this account (Ap-
pendix F). Anchored and oracle-solvable conver-
sations are disjoint: none of the 64 conversations
is both. Of the 42 anchored conversations, none
is oracle-solvable inside the 20-shard cap, and 12
anchor at turns 1–3, before significant information
has arrived — the reverse of the saturation predic-
tion. Neither this comparison nor the HotpotQA
control (Appendix I) rules saturation out as a con-
tributing factor.

4.3 The gradient extends across training
lineages

Table 1 reports anchoring rates for the primary
model and eight additional reasoning models.
Three observations follow from these rows:

Direction. The independent unit is the training
lineage, not the individual model, because several
rows share a base model or a post-training recipe.
We group the nine models by the Family / train-
ing column of Table 1, which gives six lineages,
and obtain five by merging the two R1-distilled
rows (Qwen-2.5 and Llama-3 bases) into a sin-
gle R1-distilled lineage. A lineage effect is the
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Table 1: Cross-model anchoring by conversation length. Short / medium / long = conversations of <10 / 10–
20 />20 total turns; each cell gives the anchored rate and, in parentheses, the number of assessable turns. Quant. =
weight precision: 4-bit or 8-bit quantization (4b, 8b), or unquantized bf16 (§3.4). The primary row uses the budget-
uniform pool and turn-level rates, so it differs from Figure 2, which uses the full corpus and conversation-level
means; both pools are defined in Appendix A. Table 2 (Appendix G) bins the same models by turn position.

Model Family / training Quant. N conv Short Medium Long S<M<L L>S L−S (pp)

R1-Distill-Qwen-7B (primary) R1 distilled (Qwen-2.5) 8b 51 12.7% (55) 14.4% (215) 30.5% (755) yes yes +17.8
R1-Distill-Qwen-14B R1 distilled (Qwen-2.5) 4b 18 0.0% (22) 4.7% (64) 30.9% (230) yes yes +30.9
R1-Distill-Llama-8B R1 distilled (Llama-3) 8b 43 0.0% (53) 3.2% (63) 23.5% (68) yes yes +23.5
Qwen3-8B RLVR (Qwen3) 8b 49 14.9% (101) 20.5% (88) 45.1% (379) yes yes +30.2
Qwen3-14B RLVR (Qwen3) 8b 15 15.8% (19) 13.7% (51) 67.7% (99) no yes +51.9
QwQ-32B QwQ (RL+R1-warmup) 4b 20 0.0% (34) 7.2% (69) 35.5% (186) yes yes +35.5
Qwen3-32B RLVR (Qwen3) 4b 20 24.4% (41) 15.4% (39) 23.9% (109) no no −0.5
GLM-Z1-9B RL (GLM-4) bf16 20 10.8% (37) 10.7% (28) 36.8% (231) no yes +26.0
Phi-4-mini-reasoning Distilled+RL (Phi-4-mini) bf16 20 6.1% (33) 16.7% (36) 45.7% (254) yes yes +39.6

unweighted mean of the long-minus-short differ-
ences of its member models, taken from the fi-
nal column of Table 1. The five lineage effects
are R1-distilled +24.1 pp (three models), RLVR-
Qwen3 +27.2 pp (three models), QwQ +35.5 pp,
GLM-4 RL +26.0 pp, and Phi-4-mini distilled+RL
+39.6 pp. All five are positive (sign test 5/5, one-
sided p=0.031); under the six-lineage split, where
R1-distilled separates into +24.4 pp (Qwen-2.5
base) and +23.5 pp (Llama-3 base), the test is 6/6
(p=0.016). The mean of the five lineage effects is
+30.5 pp; a one-sample t-test of those five values
against zero gives one-sided p=2.7×10−4 (df=4).
In Table 1, strict short<medium< long order-
ing holds for six of nine models and long> short
for eight of nine. Two models needed second-
seed repair runs to populate the late-turn bin (Ap-
pendix G). In the turn-index bins of Table 2 (Ap-
pendix G), R1-Distill-Llama-8B is non-monotone
(Mid<Early but Late≫ both) yet still satisfies
Late>Early; Qwen3-32B is the lone model vi-
olating Late>Early (flat at 0.94×; discussed sepa-
rately below).

The gradient is not exclusive to distilled mod-
els. Qwen3-8B and Qwen3-14B, trained with
RLVR (Reinforcement Learning with Verifiable
Rewards) rather than by knowledge distillation
from R1, also show the gradient. The gradient is
therefore not driven by R1-imitation memorisation
alone, although the data do not exclude convergent
post-training effects across pipelines.

Magnitude varies with architecture and train-
ing. At comparable scale, R1-Distill on a Llama-3
base (Grattafiori et al., 2024) anchors 2.4× less
than on a Qwen-2.5 base (9.8% vs. 23.4% overall);
RLVR-trained Qwen3-14B carries the highest over-
all rate (45.6%), and within the Qwen3 family the
8B variant anchors at 35.9% on the combined-seed

data. Overall anchoring rates span 9.8–45.6%.

The Qwen3-32B flat outlier. Qwen3-32B (4-bit,
N=20, 189 assessable turns) shows no length gra-
dient: Early 20.8% (N=48), Mid 24.7% (N=85),
Late 19.6% (N=56); gradient ratio 0.94×. The
same-size, same-base-family QwQ-32B (RL with
R1 distillation warmup) shows a 5.4× gradient on
a matched protocol (Table 2). The two 32B rows,
matched on scale and base family but differing
in post-training pipeline, are consistent with post-
training contributing to the effect. This is a single
pairwise contrast; we do not claim post-training
is causally isolated, and we do not generalise be-
yond this observation: pure RLVR at this scale can
produce a model without the gradient, whereas RL
with R1-style distillation warmup at the same scale
preserves it. We treat Qwen3-32B as a boundary
condition that constrains the mechanistic interpre-
tation.

Non-reasoning baseline. Qwen2.5-7B-Instruct
on the same pipeline gives early-bin anchoring
within the reasoning models’ range (8.6%, N=35)
but high simulator-side attrition prevented late-bin
assessment; full details in Appendix K.
4.4 Conversation identity carries 15% of

per-turn variance

A natural alternative to the conversation-level story
is that anchoring is per-turn noise with a fixed
Bernoulli rate. We reject this account in two com-
plementary ways.

Random-effects ICC. A one-way random-
effects ANOVA variance partition across N=66
conversations (one conversation is excluded for
having zero assessable turns) yields ICC = 0.152.
This is the closed-form estimate of the random-
intercept model anchored ∼ 1 + (1 | conv)
and does not require turn independence. At av-
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Figure 3: Conversation-level structure (ICC = 0.15).
(a) Per-conversation anchored fractions with 95% Wil-
son CIs. (b) Anchored fraction by conversation
length. (c) Within-stratum variance-test p-values us-
ing assessable-turn strata.

erage cluster size n̄=17.7 assessable turns, the de-
sign effect is ≈3.54, giving an effective turn-level
N ≈ 330 For nested behavioural data, ICCs in the
0.05–0.20 range are non-negligible cluster effects
(Hedges and Hedberg, 2007); ours sits near the top
of that range.

Confirmatory variance test. The chi-square
variance test against an equal-rate Bernoulli null
gives χ2 = 236.9, df = 66, p ≈ 0. This test as-
sumes turn-independence and is potentially anti-
conservative; we read it together with the ICC.
Within length strata, the variance test still rejects
in the medium (p = 0.0035) and long (p < 0.001)
bins, ruling out the alternative that the structure is
solely length-driven (Figure 3).

4.5 Anchoring is associated with a lower
answer-update rate

For each conversation we compute the answer up-
date rate — the fraction of consecutive-turn pairs
where the 0%-truncation answer changes — as
a per-conversation signature of failure to incor-
porate new shards. Conversations with a higher
anchored fraction update their context-only an-
swer significantly less often: bivariate Spearman
ρ=−0.445, p=4×10−4 (N=60); partial Spear-
man ρpartial=−0.343, p=0.007 after controlling

for conversation length. The two measures are
computed on disjoint axes (anchoring is a cross-
truncation spread within a turn; update rate is a
temporal change across turns at a single trunca-
tion level), so the association is not a tautology.
Full multivariate OLS, Cook’s-distance leverage
check, the 100%-truncation robustness check, and
Figure 11 are in Appendix L.

4.6 A cheap predictor flags anchored turns at
AUC= 0.71

A logistic regression on seven surface features ex-
tractable from the running conversation log with-
out additional generation achieves pooled Group-
KFold ROC-AUC 0.710 (per-fold 0.703 ± 0.033,
N=1,162 turns from 63 conversations), versus
pooled AUC= 0.643 for a length-only baseline
under the same pipeline: a +0.07 AUC lift and
a 2.7× drop in per-fold standard deviation. We
frame the predictor as a runtime monitoring heuris-
tic, not a mechanistic account (§5); two of the top
coefficients are auto-regressive. Trained on con-
versations of at most 20 turns with its threshold
fixed at 90% specificity, and applied unchanged to
longer conversations, the predictor does not miss
a larger fraction of anchored turns (false-negative
rate 73.7% short vs. 67.4% long), but its operat-
ing point does not transfer: specificity falls from
90.0% to 81.1%, and both AUC and calibration
worsen (Appendix M). Feature list, per-fold break-
down, standardised coefficients, and Figure 12 are
in Appendix M.

4.7 Pre-specified null results and what they
constrain

Two pre-specified questions did not yield signifi-
cant findings: H1 (run-length persistence; bootstrap
p=0.531) and H2 (conversation-level outcome cor-
relation; r=−0.097, p=0.49). We report them
transparently; their failure narrows what the phe-
nomenon is, rather than overturning the positive
results. Full statistical details, including the H1
bootstrap and the H2 logistic regression, are in Ap-
pendix C.

4.8 Specificity to multi-turn presentation

To rule out a generic CoT-redundancy alternative
to the conversation-dynamics account, we ran the
same five-level test on the matched N=68 GSM8K
problems as single-turn prompts. Per-problem an-
choring does not transfer between formats (Pearson
r=−0.11, p=0.39), so the gradient is not driven
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by intrinsic problem properties; full details in Ap-
pendix J.

4.9 Robustness controls

Five classes of pipeline confound were each tested
directly. (a) Regeneration token cap: a regener-
ation cut off at 128 tokens could yield a differ-
ent extracted answer, or none, and long conversa-
tions could hit the cap more often. Regenerating
the same truncation prompts with a 512-token cap,
and rebuilding the 128-token condition by cutting
each output at token 128, changes zero turn labels
across four samples (86 cap-hitting turns and three
batches of 160, 141, and 190 turns), so the within-
bin anchored rates and the length gradient are
unchanged (Appendix E). (b) Parseability thresh-
old: re-computing the headline rate under stricter
(≥ 5 of 5 parseable) and looser (≥ 2 of 5) exclu-
sion rules moves the rate by only 1.79 pp (23.19–
24.98%). (c) Quantization: INT4 vs. INT8 runs
on six Phase A conversations give 100% per-turn
agreement on anchored/CoT-sensitive (184/184;
Wilcoxon p=1.0). (d) Prior-answer ablation: re-
placing every prior assistant answer with [PRIOR
ANSWER REDACTED] across 30 stratified conversa-
tions (493 turns per arm) lowers the anchored frac-
tion by 5.24 pp (95% CI [−9.14,−1.43], Wilcoxon
p=0.022). Prior answers therefore have a real but
limited role: anchoring remains after their removal,
and substituting a plausible wrong number for each
prior answer does not make the model adopt it
(≤ 4.7% adoption whenever any current-turn CoT
is shown; Appendix D). (e) Phase-B parity check:
270/270 of Phase B turns reproduce the headline
labels under a fixed configuration (shift 0.0 pp;
p=1.00), excluding analysis-pipeline drift.

5 Discussion

What we have measured. The five-level test
measures one specific property: whether the
current-turn CoT is causally necessary for the
current-turn answer, holding all prior context fixed.
A turn labelled anchored does not imply that the
model is deceptive, that reasoning is irrelevant in
general, or that the final answer is wrong: it implies
only that the current-turn trace, taken as a whole
and across five truncation levels, is insufficient to
change that turn’s output. We use the descriptive
label anchored throughout precisely to avoid the
stronger and unverified claim that the trace is post-
hoc rationalization.

Implications for CoT monitorability. Korbak
et al. (2025) argue that CoT monitoring is viable as
a safety mechanism only when CoT is computation-
ally necessary for the output. Our turn-level mea-
surement operationalises this condition: the frac-
tion of turns where the condition fails grows ≈4×
from short to long conversations, and the long-over-
short contrast is positive in all five training lineages
tested (sign test p=0.031). Causal redundancy is
not the same as monitor usefulness: a trace that
can be deleted without changing the answer may
still describe it, and 94.8% of anchored traces state
the emitted answer, compared with 92.8% of CoT-
sensitive traces. A predictor calibrated on conver-
sations of at most 20 turns does not miss more
anchored turns on longer ones (§4.6). The sup-
ported claim is that CoT causal necessity changes
with length, and that the predictor’s operating point
does not transfer reliably across this shift.

Candidate mechanisms (hypotheses, not find-
ings). Three mechanisms are consistent with
the gradient and our data do not fully discrim-
inate among them: context accumulation (Du
et al., 2025), training pressure toward within-
conversation consistency (Guo et al., 2025), and
information saturation (against which §4.2 is ev-
idence but not a complete discriminator). Prior-
answer copying has a real but limited role (§4.9,
item (d)): it is not the main explanation for an-
choring, and why anchoring increases in longer
conversations remains open.

Anchoring is task-modulated. The HotpotQA
cross-domain control (Appendix I) shows anchor-
ing at ≈58% with a flat shard-budget gradient, ver-
sus 23% with the 3.9× gradient on GSM8K. We
interpret two things from this contrast. First, it dis-
criminates against pure information saturation: a
saturation account predicts the rate to grow with
shard budget on any sharded task with a unique an-
swer, which it does not on HotpotQA. By realized
turn index, HotpotQA anchoring is 46.6%, 67.1%,
and 53.4% for short, medium, and long turns: non-
monotone, and not a reproduction of the sharded-
GSM8K gradient. Second, the instrument can be
applied outside arithmetic, but the result does not
support a general multi-turn dialogue claim: the
evidence is limited to sharded multi-step, deriva-
tional reasoning with numeric answers, and broader
domains, including naturalistic open-ended conver-
sation, code generation, and tool-use trajectories,
remain open.
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6 Conclusion

Reasoning models are deployed in conversational
interfaces under the implicit assumption that their
visible chain-of-thought reflects the computation
producing the answer. We tested one part of this as-
sumption, whether the current-turn trace is causally
necessary for the answer, at the granularity it is ac-
tually exercised — turn by turn, inside long conver-
sations — and find that, on sharded multi-step rea-
soning, the trace is causally redundant more often
as conversations lengthen. The measurement was
deliberately simple: counterfactual deletion at five
truncation levels per turn, yielding a binary time
series of when the current-turn trace is causally
necessary for the current-turn answer. That simple
primitive surfaces a robust effect. The rate at which
CoT is causally redundant rises with conversation
length, and the direction holds in every training
lineage we tested, though not in every model.

The implication for CoT-based monitoring is lim-
ited. CoT causal necessity changes with length, but
a causally redundant trace can still state the answer,
and a predictor calibrated on conversations of at
most 20 turns does not miss more anchored turns on
longer ones. What does not transfer reliably is its
operating point: on long conversations specificity
falls, and both AUC and calibration worsen.

What remains open is mechanism. Our data are
consistent with multiple plausible drivers and dis-
criminate among none of them cleanly; an oracle-
saturation account is constrained by our cross-
domain and onset analyses but not eliminated. Clos-
ing this gap, and extending the measurement be-
yond sharded multi-step, derivational reasoning to
naturalistic dialogue, code generation, and tool-use
trajectories, is where we expect the most useful
follow-up.

Data and Code Availability

We release everything needed to reproduce
the numbers in this paper: the conversation-
collection and user-simulator code, the per-turn
counterfactual-deletion harness, the raw regen-
eration outputs at all five truncation levels for
every turn of every model, the derived turn-level
label files, and the analysis and figure scripts.
Release: https://github.com/Dhruv-Git1/
Anchored-Turns-A-Length-Driven-Gradient-
in-Chain-of-Thought-Sharded-Arithmetic-
Conversations.

Limitations

Task and domain. All primary measurements
are on sharded GSM8K math problems with a sin-
gle synthetic user simulator (Qwen2.5-7B-Instruct).
Coding, factual question answering, and natural-
istic open-ended dialogue likely produce different
faithfulness dynamics; the length-anchoring gra-
dient we report is a property of this protocol and
should not be projected without test to those set-
tings. Our HotpotQA cross-domain control (Ap-
pendix I) shows the absolute anchoring level is
task-dependent, and by realized turn index it does
not reproduce the GSM8K gradient — findings
that strengthen rather than weaken this caveat. Our
evidence is limited to sharded multi-step, deriva-
tional reasoning and does not support claims about
natural dialogue, coding, tool use, or open-ended
reasoning.

Models and scale. We test nine open-weight rea-
soning models of up to 32B parameters. Frontier-
scale (≥ 70B) models are not covered. Precision
varies across the panel (seven models quantized to
4 or 8 bits, two unquantized in bf16), and our quan-
tization control rules out only the INT4–INT8 pre-
cision boundary, not arbitrary precision regimes. A
preliminary non-reasoning baseline (Appendix K)
matches reasoning models at the conversation onset
but does not reach the late-turn regime where the
gradient lives; a clean reasoning-vs-non-reasoning
comparison remains future work. Our sample is suf-
ficient to detect the gradient and the conversation-
level ICC but is underpowered to distinguish a
small super-geometric effect from a memoryless
null on the run-length test.

Measurement scope. The five-level test la-
bels a turn anchored when the current-turn CoT
is causally redundant for that turn’s answer. We
deliberately do not claim the trace is post-hoc ratio-
nalisation or that the model is deceptive: the label
measures causal redundancy only. We do not run
activation-level mechanistic probes; the candidate
mechanisms discussed in §5 are testable hypothe-
ses, not established findings. The primary study
is limited to numeric answers in sharded GSM8K:
the reported evidence is for numeric multi-step rea-
soning, not for every answer format or task type.
The HotpotQA control uses string and exact-match
extraction (Appendix I), but this does not establish
performance on arbitrary non-numeric outputs.

Outcome-level claims. Per-turn correctness is
ill-defined in sharded GSM8K because early turns
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are expected to be wrong before all shards are re-
vealed, and conversation-level correctness is length-
confounded (§4.7). We therefore do not make
outcome-grounded claims tied to the correctness
label. A non-sharded task with well-defined per-
turn correctness, or a safety-relevant outcome such
as refusal stability under sustained conversational
pressure, is the cleanest next step for outcome-
grounded analysis. Statistical-multiplicity details
for our pre-specified tests are in Appendix C.

Information saturation. The strongest alterna-
tive account of the length gradient is that, as shards
accumulate, the answer becomes uniquely deter-
mined and the model emits it regardless of CoT.
Our discriminator experiments (§4.2, Appendix F)
— including the cross-domain HotpotQA control
and a direct oracle-onset comparison — make a
complete saturation account difficult to sustain, but
do not rule it out as a contributing factor. A cap-free
oracle pass and tasks with explicit determinability
annotations are the cleanest follow-ups.
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A Experimental details

Infrastructure. All experiments ran on a shared
NVIDIA RTX 6000 Ada (49 GB VRAM), Ubuntu
24.04, CUDA 12.4, HuggingFace Transformers
5.5.0, BitsAndBytes 0.49.2. Model weights were
cached locally to avoid repeated network down-
loads.

Hyperparameters. DeepSeek-R1-Distill-
Qwen-7B (primary model): temperature 0.6, top-p
0.95, max generation 1500 tokens. Counterfactual
regeneration: temperature 0 (greedy), max 128
tokens. Qwen2.5-7B-Instruct (user simulator):
temperature 1.0 (simulator), 0.0 (verifier).

Faithfulness token budget. Counterfactual re-
generations are capped at 128 output tokens
(≈31 s/turn); the metric requires only a parseable
numeric value, not a complete explanation. Raising
the cap to 512 tokens changes no turn labels on the
tested samples (Appendix E).

Data collection. We collected data in two rounds.
The first round used shorter shard budgets (max-
imum 4–10 shards per conversation, four inde-
pendent random seeds, N=24 conversations); the
second used a longer shard budget (maximum 20
shards, three independent random seeds, N=43
conversations). Deduplication across rounds en-
sures that no GSM8K task appears in more than
one round; the combined dataset is treated as a
single corpus throughout all analyses.

Analysis pools. Sample sizes differ across analy-
ses because three pools of conversations are used;
we name them here once. The full corpus is all 67
conversations and 1,289 raw faithfulness observa-
tions, of which 1,167 turns are assessable under the
≥3-of-5 parseability rule (§3.2). It underlies the
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headline rate (§4.1), Figure 2 and the conversation-
level analyses; the ICC drops the one conversation
with zero assessable turns (N=66, §4.4), and the
outcome analyses use the 53 conversations carry-
ing a correctness label (Appendix C). The budget-
uniform pool is the 51 conversations collected un-
der a single shard budget (1,025 assessable turns);
it is used for the primary row of Table 1 and for the
train-short, test-long transfer test (Appendix M),
so that the length bins are not confounded with
collection budget. The one-run-per-problem pool
keeps a single conversation per GSM8K problem
(63 conversations) and is used for the primary row
of Table 2 and for the anchoring predictor (Ap-
pendix M). Every cross-model row other than the
primary model uses that model’s own full set of
conversations.

Cross-model runs. Each additional model was
run with an independent random seed not used
in the primary data collection. Two models (R1-
Distill-Llama-8B and Qwen3-8B) required a sec-
ond run with an extended shard budget to popu-
late the late-turn bin; see Appendix G for details.
All cross-model runs applied the same canonical
is_anchored pipeline as the primary model.

Compute. Approximately 68 GPU-hours for the
headline experiments (∼20 hours Phase A, ∼48
hours Phase B) plus an additional ∼55 GPU-
hours for the cross-model panel (the two 32B 4-bit
runs contribute ∼15 GPU-hours beyond the ≤14B
panel).

Within-conversation analyses (Q1/Q2/Q3).
The five-level test labels each turn {anchored,
CoT-sensitive}, giving a binary time series per
conversation. We ask three within-conversation
questions.

Q1 (length gradient). Does the anchored frac-
tion grow with conversation length? We bin conver-
sations by total turn count (short <10, medium 10–
20, long >20) and report mean anchored fraction
per bin with 95% Wilson confidence intervals.

Q2 (conversation-level structure). Is anchor-
ing distributed evenly across conversations, or do
some conversations carry far higher rates than per-
turn noise alone would produce? We report the
ICC of per-turn anchoring (computed via one-way
random-effects ANOVA, the closed-form variance
partition of a random-intercept model anchored ∼
1+ (1 | conv)) alongside a χ2 variance test against
the Bernoulli-equal-rate null. The ICC does not as-

sume turn independence within a conversation; the
χ2 test does and is reported as a more sensitive but
potentially anti-conservative confirmatory analysis.

Q3 (evidence integration). Is a higher an-
chored fraction associated with a lower rate of up-
dates to the model’s answer as new shards arrive?
For each pair of consecutive turns we compute
whether the 0%-truncation answer changes; the per-
conversation answer update rate is the fraction of
consecutive-turn pairs where it does. We then cor-
relate the per-conversation anchored fraction with
the update rate using Spearman’s ρ, controlling for
conversation length via partial correlation.

B Stability across data-collection rounds

Conversations collected with longer shard budgets
show higher raw anchored rates (27–38%) than
those with shorter budgets (13%), because longer
budgets draw more conversations into the high-
anchoring long bin. Within matched length bins the
two collection rounds produce consistent anchored
rates (Figure 4), and the ICC is stable across data
accumulation.

C Boundary-condition details

Anchored runs are consistent with a memo-
ryless null. We collected 152 anchored runs
(mean run length 1.82 turns). A parametric boot-
strap test (10,000 simulated datasets) against the
best-fit geometric null gives p = 0.531; the run-
length distribution does not depart from the mem-
oryless null at this sample size. The standard
KS test applied naively to discrete data is in-
valid because the test statistic is mathematically
lower-bounded (Massey Jr, 1951); we report the
bootstrap-corrected version and treat the result as
inconclusive: anchored bursts may either be gen-
uinely memoryless or require N ≥ 200 conversa-
tions to detect a small super-geometric effect.

Conversation-level anchoring is length-
confounded for predicting task failure. Across
N = 53 conversations with correctness labels,
the bivariate Pearson correlation between an-
chored fraction and conversation correctness is
r = −0.097, p = 0.49. Conversation length
predicts both anchoring (r = 0.42, p = 0.002)
and failure (r = −0.37, p = 0.006); a logistic re-
gression on correctness with both predictors gives
βanchor = +1.63 (p = 0.48) and βn_turns = −0.131
(p = 0.008). Length is the operative predictor
of conversation-level failure; anchoring has no
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Figure 4: Anchoring across data accumulation and three independent Phase B seeds. Left: anchored fraction
across all data stages from Phase 1 (N = 4) through Phase A (N = 24) and three Phase B seeds up to combined
N = 67. Right: anchored rate vs. mean conversation length per dataset; the between-dataset trend mirrors the
within-dataset gradient (Figure 2).

independent association after length control. The
H2b length-controlled association test (§4.5)
addresses the length-confound directly via partial
correlation on the within-conversation update rate,
and that test is significant after length control — so
anchoring carries length-independent signal for the
more diagnostic turn-level measure, but not for the
conversation-level outcome label.

H1 (run-length persistence) — bootstrap details.
Run-length data: 152 anchored runs across the
63 assessable conversations; mean 1.82, observed
maximum 10. Parametric bootstrap: fit a geometric
distribution to the data (p̂ = 0.55), draw 10,000
synthetic datasets of 152 geometric(p̂) samples,
compute the KS distance of each to the empiri-
cal distribution, and report the upper-tail p-value of
the observed KS distance against the simulated null
(p = 0.531). The standard KS test applied naively
to this discrete data would return a guaranteed-
significant result because the KS statistic is mathe-
matically lower-bounded by the geometric parame-
ter (Massey Jr, 1951); we therefore do not report
it.

H2 (outcome correlation) — Bayesian charac-
terisation. The bivariate Pearson correlation be-
tween anchored fraction and conversation correct-
ness (r = −0.097, N = 53) is accompanied
by BF01 = 4.6 — moderate Bayesian evidence
for the null (Wagenmakers et al., 2018) — and a
TOST equivalence test (Lakens et al., 2018) against
bounds |ρ| < 0.25 giving plower = 0.13, pupper =

0.006. The 95% Fisher-z CI is [−0.36,+0.18]. To-
gether these characterise the H2 conversation-level
null as genuinely length-confounded rather than
merely underpowered; H2b in the main text (par-
tial Spearman after length control on the within-
conversation update rate) is the length-controlled
adjunct to H2, and it is significant.

Multiplicity correction across pre-specified tests.
The Bonferroni-corrected threshold across our four
pre-specified tests (H1, H2, H2b, and the conver-
sation ICC) is αadj=0.0125. H2b survives this
threshold at both truncation levels (p=0.007 at
0%, p=4×10−4 at 100%); H1 (p=0.531) and H2
(p=0.49) do not approach significance, so the cor-
rection is immaterial to either. The length gradient
(§4.1) and the cross-model analyses (§4.3) were not
pre-registered within this four-hypothesis family
and are reported as exploratory.

D Mechanism probes and robustness

Answer-token confidence probe (null). For 719
turns from 48 conversations (Phase A plus Phase B
seeds 1 and 2), we re-ran the model at 0% and 100%
CoT with output_scores=True and extracted the
margin between the chosen-token logprob and the
next-best alternative at the position of the last nu-
meric token in the answer. Anchored and CoT-
sensitive turns are statistically indistinguishable
on margin at 0% CoT (Mann-Whitney p = 0.29,
Cohen’s d = 0.05), at 100% CoT (p = 0.43,
d = 0.08), and on the change in margin between
0% and 100% (p = 0.72, d = 0.03). Token-
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Figure 5: Anchored run-length distribution vs. geometric null. Observed anchored-run lengths (bars) compared
with the best-fit geometric null (p̂ = 0.55, black curve). Bootstrap p = 0.531; the run-length distribution is
consistent with the memoryless null at this sample size.

level confidence is therefore not diagnostic of the
anchored/CoT-sensitive distinction (Figure 6); an-
choring is an answer-stability phenomenon, not a
token-confidence phenomenon.

Commitment-onset probe (null). For each con-
versation we identified the first anchored turn and
a “commitment turn” (first turn at which the model
repeats its prior answer on two consecutive turns).
Across the 42 conversations with identifiable com-
mitment turns, the Pearson correlation between
anchored-onset turn index and commitment-onset
turn index is r = 0.06, p = 0.71. We therefore
do not claim that anchored turns are caused by
premature commitment; our data do not support
the intuitive “early commitment locks in post-hoc
reasoning” story.

Thinking-block length is not the driver. The
standardised coefficient on log thinking-block
length in the predictor (§4.6) is −0.19; conver-
sation length and prior-turn state dominate. At
anchored turns in our representative case study the
median thinking block is 412 tokens, vs. 387 tokens
at CoT-sensitive turns in the same conversation —
anchored turns are not anchored because they have
nothing to say.

Repetition is a partial mechanism. Of our
272 anchored turns with a readable full-COT an-
swer, 75.8% match the preceding turn’s answer,
vs. 45.6% of CoT-sensitive turns (ratio 1.66×).
Two controls test how much of the phenomenon
this accounts for. Redacting every prior assis-
tant answer across 30 stratified conversations (493
turns per arm) lowers the mean anchored fraction
by 5.24 pp (95% CI [−9.14,−1.43], Wilcoxon
p=0.022): prior answers have a real effect, and
anchoring remains after they are removed. Substi-
tuting each prior answer with a plausible wrong
number tests the copying account directly — if an-
choring were copying, the model should adopt the
planted number. It does not: planted-number adop-
tion stays at ≤ 4.7% whenever any current-turn
CoT is shown, while reproduction of the model’s
own original answer rises from 22.2% at 0% CoT
to 52.6% at full CoT. Prior-answer copying is there-
fore a minority channel, not the main explanation
for anchoring. These controls do not show that the
CoT is post-hoc rationalization, and why anchoring
increases in longer conversations remains open.
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Figure 6: Answer-token margin distributions are indistinguishable between anchored and CoT-sensitive turns.
(a) Margin at 0% CoT; (b) margin at 100% CoT; (c) change in margin from 0% to 100% CoT.

Figure 7: Anchoring is not reducible to answer inertia. (a) Prior-answer repetition is more frequent on anchored
turns (75.8%) than CoT-sensitive turns (45.6%; ratio 1.66×). (b) Three-way decomposition of turns into CoT-
sensitive (76.7%), repetition-anchored (17.2%), and novel-anchored (5.6%). (c) Agreement between the 0%- and
100%-CoT answers is 89% for anchored turns versus 17% for CoT-sensitive turns.

E Regeneration token-budget control

Motivation. Counterfactual regenerations are
capped at 128 tokens (§3.2). A regeneration cut off
by the cap may end before it states its answer, so
the extractor may return an intermediate number or
none at all. If long conversations hit the cap more
often, the cap could inflate anchoring in the long
bin and produce part of the length gradient.

Protocol. For each sampled turn we regenerated
every truncation level from the same truncation
prompts with greedy decoding and a 512-token cap,
holding all other settings fixed. Because greedy
decoding is deterministic, the first 128 tokens of
a 512-token output are the output the 128-token
cap would produce; we therefore rebuilt the 128-
token condition by cutting each 512-token output
at token 128. We verified this directly: in all 946

regeneration levels where the comparison could be
made, the first 128 tokens of the 512-token output
matched the corresponding 128-token regeneration
exactly. Both versions were scored with the same
answer extractor and is_anchored rule, and turn
labels were compared pairwise.

Results.

Sample Paired turns Label changes (128 vs. 512)

Cap-hitting 86 0
Batch A 160 0
Batch B 141 0
Batch C 190 0

No turn changed label in any sample, so on these
samples the anchored rate in each length bin, and
hence the length gradient, is the same under both
caps. The 128-token cap therefore does not inflate
anchoring in long conversations and does not pro-
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duce the gradient.

F Saturation discriminator

We ran a direct discriminator against the
information-saturation account (§4.2). For each
of 64 conversations we computed two onset turns:
anchored_onset, the first turn at which the model
becomes anchored, and solvable_onset_gold,
the first shard prefix k at which an external math
oracle (Gemini 2.5 Pro, Comanici et al., 2025,
via OpenRouter, 8 samples at temperature 0.7,
≥7/8 unanimity matching the gold GSM8K an-
swer) uniquely determines the correct answer. The
pre-specified contrast was ∆ = anchored_onset
− solvable_onset_gold: ∆ < 0 refutes satura-
tion (model anchors before the puzzle is oracle-
solvable); ∆ ≥ 0 is consistent with saturation.

Result: the two conditions are structurally dis-
joint. Across the 64 conversations, 42 (65.6%)
were anchored and 4 (6.3%) were oracle-solvable
to gold within the 20-shard cap; zero conversations
had both onsets defined (Figure 8A). The 4 oracle-
solvable conversations are all short (≤ 8 turns,
≤ 6 shards) and never anchored. All 42 anchored
conversations have solvable_onset_gold = ∅:
even at maximum shard depth, the oracle cannot
determine the gold answer from the accumulated
shards. A simple delta-distribution test was there-
fore impossible, but the finding is stronger than the
planned probabilistic test: anchoring and oracle-
solvability occupy disjoint regions of the dataset.

Anchoring occurs early, before information
could saturate. Among the 42 anchored conver-
sations, 12 anchor at turns 1–3 (Figure 8B); 30 of
42 anchor before turn 7. The most extreme cases in-
clude conversations that anchor at turn 2 and turn 3
of dialogues lasting 59 and 56 turns respectively. A
saturation account requires accumulated informa-
tion to uniquely determine the answer; at turn 2 the
model has seen almost nothing.

Why anchored conversations are oracle-
unsolvable. Two structural reasons emerge
from inspection of the failure cases. First, 15 of
the 64 conversations hit the 20-shard cap; their
underlying problems have 21–76 actual shards,
and critical quantitative facts (initial amounts,
second-day rates) appear only beyond shard 20.
The oracle correctly reports UNDETERMINED
because those facts are genuinely absent from
its window. Second, the shards as exposed in

the conversation are user-turn messages, not the
partitioned sentences of the original GSM8K
problem; many conversations repeat one partial
fact many times while a baseline quantity needed
to solve the problem is never explicitly stated in
any shard.

Completeness. Total oracle calls: 4,516; approx-
imately 18% of conversations reached a resource
limit before all shard depths were evaluated. The
incomplete evaluations all belong to conversations
that already showed no oracle-solvable prefix in the
completed samples, so the structural disjointness
finding is not sensitive to this missing tail. The ora-
cle response parsing failure rate was 14.1%, treated
as missing data so as not to inflate the solvable-
onset estimate.

G Cross-model late-turn repair runs

Motivation. For R1-Distill-Llama-8B and
Qwen3-8B, initial runs produced conversations
that terminated early: both models give a confident
final answer as soon as the puzzle is locally solv-
able, after which the user simulator stops issuing
shards. This left the late-turn bin (turn ≥ 15) with
only 17 and 3 assessable observations respectively
— insufficient for a credible gradient estimate.

Extended protocol. We ran a second indepen-
dent set of conversations per model with a larger
shard budget (max_shards=30, max_turns=35).
Holding more shards in reserve mechanically
lengthens conversations: the simulator distributes
them across more turns before the puzzle becomes
uniquely determinable, pushing the model past the
turn-15 threshold. All other pipeline details — the
is_anchored definition, the truncation budget, 8-
bit quantization, the GSM8K shard pool, and the
user-simulator model — were held identical to the
first run. Non-overlapping task IDs were enforced
across both runs.

Data combination. The two runs are indepen-
dent samples from the same data-generating pro-
cess, with the second designed to oversample long
conversations. We combined and deduplicated by
(task, turn) pair; reported rates reflect the pooled
N .

Effect on cross-model estimates. The direction
of the gradient is unchanged. Late-bin estimates
from the initial single runs rested on N≤17 obser-
vations and were substantially inflated by sampling
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Figure 8: Saturation discriminator results (N = 64 conversations). (A) 2×2 contingency of anchored vs.
oracle-solvable status. Under the information-saturation account, anchored conversations should be concentrated in
the oracle-solvable cell (top-left); this cell is empty (0/64). (B) Distribution of the first anchored turn across the
42 anchored conversations. The dark bars denote turns 1–3; 30/42 conversations anchor before turn 7, including
12/42 at turns 1–3. Together, panels A–B show that anchoring is not explained by the model reaching a uniquely
determined answer as information accumulates.

Table 2: Cross-model anchoring by turn position.
Early / mid / late = turn index < 5 / 5–14 /≥ 15. The
primary row uses the one-run-per-problem pool (63 con-
versations; Appendix A). Table 1 (§4.3) bins by conver-
sation length and lists each model’s training, precision,
and conversation count.

Model Overall Early Mid Late

R1-Distill-Qwen-7B (primary) 23.9% 11.0 23.0 30.9
R1-Distill-Qwen-14B 23.4% 12.1 21.1 31.2
R1-Distill-Llama-8B 9.8% 10.3 5.7 24.1
Qwen3-8B 35.9% 7.7 35.9 54.3
Qwen3-14B 45.6% 8.3 40.8 75.4
QwQ-32B 24.6% 7.0 20.7 37.8
Qwen3-32B 22.2% 20.8 24.7 19.6
GLM-Z1-9B 31.1% 11.5 14.4 49.0
Phi-4-mini-reasoning 38.4% 13.7 36.1 48.4

noise; the pooled estimates are the credible values.

Late-bin counts. Assessable late-bin (turn in-
dex ≥ 15) observations behind Table 2: pri-
mary 457, R1-Distill-Qwen-14B 125, R1-Distill-
Llama-8B 54, Qwen3-8B 219, Qwen3-14B 57,
QwQ-32B 111, Qwen3-32B 56, GLM-Z1-9B 147,
and Phi-4-mini-reasoning 153. Late-bin estimates
resting on fewer than 60 observations (R1-Distill-
Llama-8B, Qwen3-14B, and Qwen3-32B) are in-
dicative.

H Lineage-clustered cross-model analysis

Correlated model families are not independent
replications, so we analyse results by lineage: the
independent unit is a training lineage, not an indi-
vidual model. Conversations are binned by one
common length definition: short conversations
have fewer than 10 total turns, medium conver-

sations 10 to 20, and long conversations more than
20. Cell counts are assessable turns. The primary-
model row uses the budget-uniform pool and re-
ports turn-level cell rates, whereas Figure 2 uses
the full corpus and conversation-level means (Ap-
pendix A); this is why the primary-model values in
Table 1 do not numerically match Figure 2.

How the lineages are formed. Models are
grouped by the Family / training column of Table 1.
That column takes six distinct values, which gives
the six-lineage taxonomy. The five-lineage taxon-
omy merges its two R1-distilled values (Qwen-2.5
base and Llama-3 base) into a single R1-distilled
lineage, on the grounds that both come from the
same distillation recipe with the same teacher and
differ only in base model. A lineage effect is the
unweighted mean of the long-minus-short differ-
ences of its member models, read from the final
column of Table 1; each lineage then counts once,
however many models it contains. Table 3 lists the
five values, so every statistic in this section can be
recomputed from Table 1 alone.

Tests. All five lineage effects are positive (sign
test 5/5, one-sided p=0.031), as are all six under
the finer taxonomy (p=0.016). The mean of the
five is +30.5 pp; a one-sample t-test of those five
values against zero gives one-sided p=2.7×10−4

(df=4). Because each lineage contributes exactly
one value, the three-model R1-distilled and RLVR-
Qwen3 lineages cannot dominate the mean, and
the flat Qwen3-32B row is absorbed into its lineage
rather than counted as an independent failure to
replicate. At the level of individual models, strict
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Table 3: The five lineage effects behind the sign test
and the +30.5 pp mean. Each effect is the unweighted
mean of its member models’ long-minus-short differ-
ences in Table 1. Under the six-lineage taxonomy the
R1-distilled lineage splits into +24.4 pp (Qwen-2.5
base, two models) and +23.5 pp (Llama-3 base, one
model), and all six remain positive.

Lineage (five-way) N models Effect (pp)

R1 distilled 3 +24.1
RLVR (Qwen3) 3 +27.2
QwQ (RL+R1 warmup) 1 +35.5
RL (GLM-4) 1 +26.0
Distilled+RL (Phi-4-mini) 1 +39.6

Mean of the five lineages +30.5

short<medium< long monotonicity holds for 6/9,
long> short holds for 8/9, and Qwen3-32B is flat.
The evidence supports a lineage-level directional
result, not a claim that every model follows the
same pattern.

I HotpotQA cross-domain control

GSM8K has a particular structure: numeric
answers, problems that progressively become
uniquely determinable as shards arrive. If anchor-
ing were simply “the answer is now determined
and the model emits it,” the gradient should ap-
pear on any sharded multi-turn task with a unique
correct answer. HotpotQA (Yang et al., 2018) fits
this description: factual multi-hop QA, one cor-
rect answer per question, amenable to the sharded
protocol. We therefore ran the same pipeline on
HotpotQA as a cross-domain control: if the gradi-
ent transfers, information saturation is a plausible
mechanism; if it does not, the GSM8K gradient
is not a generic “more shards ⇒ more determined
answer” effect.

Protocol. We applied the is_anchored rule of
§3.2, with string and exact-match answer ex-
traction instead of the numeric regex, to three
independent HotpotQA seeds, each with a dif-
ferent shard-budget cap: max_turns=10 (short
condition, N=20 conversations), max_turns=17
(medium, N=19), and max_turns=25 (long,
N=19). Same primary model (DeepSeek-R1-
Distill-Qwen-7B), same 8-bit quantization, same
truncation/regeneration parameters as the GSM8K
runs. The only difference per condition is the max-
imum conversation length the simulator is allowed
to run. Code and data are available in the supple-
mentary materials.

Results.

Condition N conv Assessable Anchored Rate

Short (max=10) 20 197 113 57.4%
Medium (max=17) 19 280 175 62.5%
Long (max=25) 19 350 204 58.3%

Gradient long/short = 1.02× across shard-budget
conditions — strictly flat.

By realized turn index. Binning the same con-
versations by realized turn index gives anchored
rates of 46.6%, 67.1%, and 53.4% for short,
medium, and long turns. This pattern is non-
monotone and does not reproduce the sharded-
GSM8K gradient.

Interpretation. The overall anchoring level on
HotpotQA (≈58%) is much higher than on
GSM8K (≈23%). We do not interpret the level:
HotpotQA answers are short factoid strings and the
model frequently emits the same retrieval from the
same prior context regardless of how much of the
current-turn CoT is shown. What matters for the
saturation argument is the shape: a larger shard
budget does not produce more anchoring on Hot-
potQA. A pure information-saturation mechanism
predicts a GSM8K-style late-bin rise here; the data
show none, flat across shard-budget conditions and
non-monotone by realized turn index. We there-
fore conclude that the GSM8K length-anchoring
gradient is not a generic “more shards ⇒ more de-
termined answer” effect that any sharded multi-turn
task would produce.

Limitations. N is modest per condition (≈20
conversations each); we report this as a cross-
domain control, not a primary measurement. The
high baseline anchoring rate (≈58%) on HotpotQA
may itself merit study — e.g., whether short-factoid
answers are inherently less CoT-dependent than
multi-step numeric calculations — but that is out-
side the scope of this paper.

J Single-turn non-sharded baseline

Summary. To rule out a generic CoT-redundancy
alternative to the conversation-dynamics account,
we ran the same five-level test on the matched
N=68 GSM8K problems as single-turn prompts
on the primary model. Single-turn anchoring is
11.8% at T=0.6 and 5.9% greedy, indistinguish-
able from the sharded short-conversation rate (bino-
mial p=0.15) and significantly below long-sharded
(p=0.0017). A paired McNemar against any-turn-
anchored sharded on the 63 shared task IDs gives
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p=1.4×10−7 (39 sharded-only vs. 5 single-only);
per-problem anchoring does not transfer between
formats (Pearson r=−0.11, p=0.39), so the gradi-
ent is not driven by intrinsic problem properties.

A key alternative to the conversational-dynamics
account is that the length-anchoring gradient re-
flects a property of the problem set: if these
GSM8K problems are inherently amenable to CoT-
independent answers, the same five-level truncation
test should detect a comparable anchoring rate on
standard, non-sharded prompts. We tested this on
the matched N=68 GSM8K problems used in our
primary sharded runs.

Protocol. Each of the 68 GSM8K problems is
presented to the primary model (DeepSeek-R1-
Distill-Qwen-7B, 8-bit) as a single user turn con-
taining the full unsharded problem. The model
emits a ⟨think⟩ . . . ⟨/think⟩ block plus an answer;
the same five-level truncation test (§3.2) is then
applied to that block, with counterfactual regen-
erations greedy and capped at 128 tokens, as in
the sharded runs. The only structural difference
between this control and the sharded runs is the
format of the original prompt; the is_anchored
definition is unchanged. Two variants are reported:
T=0.6 (matching the DeepSeek-R1 sampling de-
faults used for the sharded original turns) and T=0
(fully greedy), to rule out residual sampling noise
in the original-turn generation.

Results.

Condition N problems Anchored

Single-turn, T=0.6 68 11.8% (8/68)
Single-turn, T=0 (greedy) 68 5.9% (4/68)
Sharded short (<10 turns) 20 conv 7.2%
Sharded medium (10–20 turns) 23 conv 12.8%
Sharded long (>20 turns) 24 conv 28.4%

At T=0.6, single-turn anchoring is statisti-
cally indistinguishable from the sharded short-
conversation rate (binomial p=0.15) and from
the sharded medium rate (p=1.00). Against the
long-conversation rate the difference is significant
(p=0.0017, binomial). The greedy T=0 variant
gives an even lower rate (5.9%); the direction is
identical, and the cross-temperature paired McNe-
mar is non-significant (p=0.22, Cohen κ=0.46),
so sampling temperature on the original turn is not
driving the multi-turn gradient.

Paired 2×2 against sharded any-turn-anchored.
Restricting to the 63 task IDs present in both con-
ditions:

sharded anch. sharded not anch. total

single-turn anch. 3 5 8
single-turn not anch. 39 16 55

total 42 21 63

The discordant pairs (39 sharded-only vs. 5
single-only) overwhelmingly favour the sharded
condition; exact McNemar p=1.4×10−7. Equiva-
lently, of the 42 task IDs that exhibit at least one
anchored turn under the sharded protocol, only 3
(7%) also anchor when the same problem is pre-
sented single-turn.

Per-problem correlation. We computed each
problem’s anchored-fraction under the sharded pro-
tocol (number of anchored turns over total as-
sessable turns) and correlated it with the binary
single-turn anchored indicator. Pearson r=−0.11,
p=0.39; Spearman ρ=−0.16, p=0.23 (N=63).
Whether a problem anchors in single-turn does
not predict whether the same problem produces
anchored turns in the sharded condition; anchoring
is therefore not reducible to an intrinsic property of
the underlying GSM8K item.

Interpretation. Combining the three observa-
tions: (i) the marginal single-turn rate is low and
matches the sharded short-conversation rate; (ii)
the same problems anchor far more often under
sharded presentation, in a paired test that holds
task identity fixed; (iii) per-problem anchoring does
not transfer between the two formats. The length-
anchoring gradient is therefore specific to conversa-
tional accumulation, not a generic property of the
problem set or of the truncation procedure.

Limitations of this control. Each problem is
run once per temperature (single seed); we did
not repeat at multiple seeds because the marginal
rate of 8/68 (or 4/68 greedy) is unlikely to swing
the directional conclusion. The paired compari-
son uses “any-turn-anchored” on the sharded side,
which inflates the sharded rate because longer con-
versations have more chances to anchor; a more
stringent comparison against sharded turn-1 would
tighten the bound on the lower end and a compar-
ison against sharded last-turn would tighten the
upper end. Both should preserve the directional
finding.

K Non-reasoning baseline
(Qwen2.5-7B-Instruct)

All nine cross-model rows in Table 2 are reasoning-
trained. A natural question is whether the length-
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Figure 9: Per-turn classification across all 67 conversations. Each row shows one conversation, with turns colored
by classification: blue = CoT-sensitive, orange = anchored, and gray = not assessable. Conversations are grouped by
length (long, medium, short) and sorted by anchored fraction within each group; the right panel shows the anchored
percentage for each conversation. Conversations run longer than their shard count because the simulator re-presents
shards (§3).

Figure 10: Truncation sensitivity. (a) On CoT-sensitive turns, the share of regenerations that match the full-thinking
answer rises from 27% with no thinking shown to 48% at 75%. (b) Anchored turns give a single distinct answer
across the parseable levels; CoT-sensitive turns give two or more.

anchoring gradient is a property of reasoning train-
ing specifically, or whether any instruction-tuned
LLM would show it under the same protocol.
Qwen2.5-7B-Instruct is the natural comparison be-
cause it is the non-reasoning instruct sibling of the
family from which our primary model (R1-Distill-
Qwen-7B) was distilled.

Protocol. We applied the same sharded-GSM8K
pipeline as the other cross-model rows, using 8-bit
quantization and the same truncation and regen-
eration parameters. Critically, the non-reasoning
model was configured to emit a ⟨think⟩ . . . ⟨/think⟩
block before its answer — without this, all five trun-
cation levels are identical and the metric is trivially
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100% anchored.

Results. 98 attempted conversations; 22 com-
pleted; 76 failed mid-run with a simulator-side
parser exception. The simulator could not extract a
numeric answer from Qwen2.5’s free-form output
reliably enough to advance the conversation (the
model often produced answers in code blocks, nar-
rative sentences, or refusals that the strict GSM8K
verifier rejected). Of the 22 successful conver-
sations, all terminated by turn 14 — Qwen2.5-
Instruct does not engage in long sharded-puzzle
conversations the way reasoning-trained models
do.

Numbers.

Bin N turns Anchored Rate

Early (< 5) 35 3 8.6%
Mid (5–14) 11 2 18.2% (below N=20)
Late (≥ 15) 0 0 — (no data)

Overall 46 5 10.9%

Interpretation. Early-bin anchoring on the non-
reasoning model is 8.6% (N=35 turns), within the
early-bin range of the nine reasoning models. This
is consistent with the gradient being a conversation-
dynamics property rather than a pure reasoning-
training artifact: at the conversation onset, before
any context has accumulated, the two model classes
look the same. The harder question — whether the
gradient itself appears in a non-reasoning model
— cannot be answered with this data because the
gradient regime (turn ≥ 15) was never reached.

Limitations. Attrition. The 76/98 simulator-
error attrition is a pipeline infrastructure failure,
not a Qwen2.5 refusal; the surviving 22 conver-
sations are not adversarially selected for being
short, but they are selected for being parseable
by the strict GSM8K verifier. Verifier. Yield
could be increased by relaxing the verifier so that
more Qwen2.5 free-form answers are accepted as
numeric. We did not do this because it would
break comparability with the reasoning-model runs,
which all used the strict verifier. Conversation-
length range. Reaching the late-turn bin on
Qwen2.5 likely requires either (a) fixing the simu-
lator parser, or (b) adopting the repair-run strategy
from Appendix G (max_shards=30) and accept-
ing whatever yield emerges. A clean reasoning-vs-
non-reasoning gradient comparison is the single
most informative addition for the “is anchoring a

reasoning-model property?” question; we flag it as
future work in the Limitations section.

L Evidence-integration analysis details

This appendix expands §4.5. The per-conversation
answer update rate is the fraction of consecutive-
turn pairs where the 0%-truncation answer changes;
a low update rate indicates the model’s context-only
answer is stable despite accumulating shards.

Multivariate OLS. Fitting
answer_update_rate ∼ anchor_rate +
n_turns retains the anchor coefficient as the
significant predictor (β=−0.412, p=0.019)
while the length term is non-significant after
conditioning on anchor rate (p=0.31). The modest
attenuation from the bivariate ρ=−0.445 to the
partial ρpartial=−0.343 shows that length accounts
for only a small fraction of the association.

Leverage check. Removing the two conversa-
tions with Cook’s distance exceeding 4/N leaves
the partial Spearman at ρ=−0.441 (p=0.001,
N=57), confirming the association is not leverage-
driven.

100%-truncation robustness check. Recomput-
ing the update rate using the 100%-truncation
answer (full-CoT-included regeneration) instead
of the 0%-truncation answer gives bivariate
ρ=−0.521 (p=2×10−5, N=60) and partial
ρ=−0.442 (p=4×10−4) after length control —
stronger than the 0%-channel result. The H2b as-
sociation is therefore not driven by sharing the 0%
truncation channel with the anchoring definition.

M Anchoring predictor details

This appendix expands §4.6.

Features. Seven features extractable from the
running conversation log without additional gener-
ation: turn index, log thinking-block length, prior-
answer change, prior-turn anchored status, conver-
sation length, shards revealed, and shard progress.

Protocol. A logistic regression is trained under
GroupKFold cross-validation (groups = conver-
sation IDs, preventing within-conversation leak-
age across folds), N=1,162 turns from 63 con-
versations. Pooled ROC-AUC is 0.710 (per-fold
0.703± 0.033). A length-only baseline under the
same pipeline gives pooled AUC= 0.643 (per-fold
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Figure 11: Anchoring is associated with a lower rate of context-only answer updates. (a) Anchored-turn fraction
versus answer-update rate using the 0%-CoT answer (N = 60); Spearman ρ = −0.444, p = 4× 10−4, with partial
ρ = −0.343, p = 0.007 after controlling for conversation length. (b) Same analysis using the 100%-CoT answer;
Spearman ρ = −0.521, p = 2× 10−5, with partial ρ = −0.442, p = 4× 10−4 after length control.

0.620 ± 0.088): the six additional features con-
tribute +0.07 AUC and a 2.7× drop in per-fold
standard deviation.

Top standardised coefficients. Conversa-
tion length (β=+0.60), prior-answer change
(β=−0.46), and prior-turn anchored status
(β=+0.45). The latter two are auto-regressive and
propagate serial correlation rather than identify
its cause; we therefore frame the predictor as a
runtime monitoring heuristic, not a mechanistic
account.

Train-short, test-long transfer. We trained the
seven-feature predictor on conversations with at
most 20 turns, fixed its threshold at 90% specificity,
and applied it unchanged to conversations longer
than 20 turns.

Metric Short calibration Long deployment

Anchored base rate 14.1% (38/270) 30.5% (230/755)
False-negative rate on anchored turns 73.7% 67.4%
Specificity 90.0% 81.1%
AUC 0.659 0.609
ECE - 0.146

It uses the same primary-model pool as Table 1.
The predictor does not miss a larger fraction of an-
chored turns on long conversations. Its operating
point, however, does not transfer: specificity falls
from 90.0% to 81.1%, and both AUC and calibra-
tion worsen.

N Relation to within-generation
phenomena

Our anchored turns are phenomenologically similar
to within-chain reasoning theater (Boppana et al.,
2026) and the reasoning horizon (Ye et al., 2026),
but at a different grain: those measure when within-
generation tokens stop influencing the final answer;

Figure 12: Predicting anchored turns from 7 surface
features. (a) GroupKFold out-of-fold ROC curves for
the seven-feature predictor (pooled AUC= 0.710) and
the length-only baseline (AUC= 0.643), using 1,162
turns from 63 conversations. (b) Standardised logistic-
regression coefficients; positive values indicate greater
likelihood of anchoring.

we measure when an entire turn’s trace stops influ-
encing that turn’s answer. A turn can contain gen-
uine thought anchors in the sense of Bogdan et al.
(2025) — sentences that drive within-generation
computation — while still being anchored in our
sense (the current-turn trace as a whole does not
constrain the answer). The two concepts are com-
plementary measurements at different grains rather
than rival operationalisations.
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O Responsible NLP Research Checklist

Scientific artifacts. Datasets used:
sharded_instructions_600.json from
microsoft/lost-in-conversation, derived
from GSM8K (MIT license). Models used:
deepseek-ai/DeepSeek-R1-Distill-Qwen-7B,
deepseek-ai/DeepSeek-R1-Distill-Qwen-14B,
deepseek-ai/DeepSeek-R1-Distill-Llama-8B,
Qwen/Qwen3-8B, Qwen/Qwen3-14B,
Qwen/Qwen3-32B, Qwen/QwQ-32B,
THUDM/GLM-Z1-9B-0414,
microsoft/Phi-4-mini-reasoning,
Qwen/Qwen2.5-7B-Instruct (user simulator).
All artifacts are publicly available on Hugging
Face under their respective open-source licenses
and are used consistently with their intended
research/non-commercial purposes.

Computational experiments. Compute, hyper-
parameters, and seeds are documented in Ap-
pendix A; the total compute envelope is approx-
imately 123 GPU-hours on a shared NVIDIA RTX
6000 Ada. All reported statistics are computed
from a fixed analysis script; random-bootstrap pro-
cedures use 10,000 replications.

Human annotation and AI assistance. No
human-subjects annotation was used; correctness
labels come either from the dataset’s ground-truth
fields or from a deterministic extractor over the
model’s final answer. AI assistance from a fron-
tier instruction-tuned LLM (used inside an internal
AI-coding harness) was used for experimental im-
plementation, code debugging, figure generation,
and draft preparation; all decisions of scope, claim,
and interpretation were reviewed by the human au-
thor.

Ethics and risk. The experiments do not collect
human data and do not target any specific deployed
system. The safety implications discussed in §5 are
about how CoT causal necessity changes with con-
versation length, we do not release any technique
that elicits harmful outputs.
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