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Abstract

While LLMs demonstrate strong reasoning ca-
pabilities when provided with full information
in a single turn, they exhibit substantial vulner-
ability in multi-turn interactions. Specifically,
when information is revealed incrementally or
requires updates, models frequently fail to in-
tegrate new constraints, leading to a collapse
in performance compared to their single-turn
baselines. We term the root cause as Contextual
Inertia: a phenomenon where models rigidly
adhere to previous reasoning traces. Even when
users explicitly provide corrections or new data
in later turns, the model ignores them, prefer-
ring to maintain consistency with its previous
(incorrect) reasoning path. To address this, we
introduce Reinforcement Learning with Single-
Turn Anchors (RLSTA), a generalizable train-
ing approach designed to stabilize multi-turn in-
teraction across diverse scenarios and domains.
RLSTA leverages the model’s superior single-
turn capabilities as stable internal anchors to
provide reward signals. By aligning multi-turn
responses with these anchors, RLSTA empow-
ers models to break contextual inertia and self-
calibrate their reasoning based on the latest
information. Experiments show that RLSTA
significantly outperforms standard fine-tuning
and abstention-based methods. Notably, our
method exhibits strong cross-domain general-
ization (e.g., math to code) and proves effective
even without external verifiers, highlighting its
potential for general-domain applications.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in solving complex
reasoning tasks (Yang et al., 2025; Google, 2025).
However, their success has predominantly been
confined to single-turn settings (Yang et al., 2025)
or scenarios involving carefully engineered infer-
ence procedures (Shao et al., 2025). Yet, multi-turn
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Figure 1: Contextual Inertia in multi-turn interaction:
The persistence of the initial response leads to an unsat-
isfactory final answer.

interaction has emerged as the ubiquitous paradigm
for human-Al engagement, serving as the backbone
for applications ranging from general-purpose chat
systems (OpenAl, 2025a; Google, 2025) to com-
plex agentic workflows (Liu et al., 2025; Wei et al.,
2025). In these practical scenarios, users frequently
introduce new conditions or correct previous re-
quirements. However, models frequently fail to
refresh their reasoning in multi-turn contexts, yield-
ing unsatisfactory answers compared to single-turn
scenarios. For instance, as illustrated in Figure 1,
when the user updates the budget constraint, the
model rigidly adheres to its previous “ride-hailing”
plan and suggests spending time finding a carpool,
producing a solution that directly violates the ur-
gency requirement. This deficiency severely limits
LLM utility in complex applications like interac-
tive reasoning (Wu et al., 2025) and collaborative
problem-solving (Chen et al., 2024).

Laban et al. (2025) refer to this performance
degradation in multi-turn settings as getting “Lost
in Conversation” (LiC). They focus on a specific
scenario where a complete condition is fragmented
into multiple shards and provided to the LLM se-
quentially (MT-Add). Through large-scale experi-
ments, they reveal that models are vulnerable in
such scenarios, as LLMs often generate premature
answer attempts in early turns without full infor-
mation. These premature attempts can adversely
affect follow-up responses, ultimately causing the
model to lose track of the logical flow.
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Existing approaches primarily address the symp-
toms of multi-turn degradation rather than inves-
tigating its root cause. One prominent line of
research seeks to enhance multi-turn capabilities
through direct fine-tuning strategies (Sun et al.,
2024; Zhou et al., 2024, 2025). While effective for
general instruction following and credit assignment,
these methods rely heavily on external supervision,
thereby bypassing the intrinsic degradation mech-
anisms rather than rectifying the model’s internal
failure modes. Another direction investigates be-
havioral strategies, such as prompting clarification
requests (Wu et al., 2025) or encouraging active ab-
stention (Li, 2025), particularly when user input is
insufficient. Although these methods mitigate error
accumulation from premature responses, they are
incompatible with scenarios necessitating dynamic
state updates (Kwan et al., 2024; Bai et al., 2024),
such as the MT-Refine setting, where the model
must iteratively correct its initial response rather
than remaining silent.

In this paper, we identify the indiscriminate na-
ture of the model’s multi-turn behavior and quan-
titatively attribute the root cause of multi-turn
interaction failures to a phenomenon we term Con-
textual Inertia. Specifically, LLMs in multi-turn
dialogues tend to rigidly adhere to previously gener-
ated reasoning traces, even when these traces have
been explicitly negated or corrected by subsequent
user information. This indiscriminate nature causes
erroneous or misleading intermediate reasoning to
be continuously inherited and reinforced through-
out the multi-turn iteration, ultimately leading to
incorrect final answers. Our analysis reveals that
over 70%—90% of multi-turn errors can be directly
traced back to the propagation of errors from previ-
ous turn responses, rather than independent reason-
ing failures in the final turn. Therefore, breaking
such inertia and pushing the model to correct its
previous failures serves as a critical and general
step toward stable multi-turn interaction.

Building on this insight, we introduce
Reinforcement Learning with Single-Turn
Anchors (RLSTA), a generalizable training
approach designed to break contextual inertia and
stabilize multi-turn interaction. RLSTA capitalizes
on the model’s superior reasoning capabilities
in full-information single-turn settings, treating
these responses as stable internal anchors to guide
multi-turn generation via reward signals. Our
contributions can be summarized as follows:

* We identify the indiscriminate nature of Con-

textual Inertia and quantitatively attribute its
impact. We define this phenomenon as the
model’s indiscriminate adherence to previous
reasoning traces, providing a new perspective
on addressing failures in dynamic interactions.

* We propose Reinforcement Learning with Single-
Turn Anchors (RLSTA), a generalizable training
approach designed to break Contextual Inertia
by leveraging the model’s superior single-turn
capabilities as internal reward signals. Unlike
previous methods tailored for specific tasks, RL-
STA is applicable to diverse interaction scenarios,
including both incremental information addition
(MT-Add) and error correction (MT-Refine).

* We conduct extensive experiments demonstrat-
ing that RLSTA not only outperforms stan-
dard tuning methods but also achieves compara-
ble or even superior performance compared to
abstention-based fine-tuning approaches. More-
over, RLSTA exhibits cross-domain generaliza-
tion and proves effective even without external
verifiers, highlighting its potential for general-
domain applications.

2 Related Works

LLM’s Vulnerability in Multi-Turn Interaction
Large Language Models (LLMs) have demon-
strated significant struggles in multi-turn tasks,
spanning human-model interaction (Laban et al.,
2025; Bai et al., 2024; Kwan et al., 2024), agentic
inference (Zhou et al., 2025), and tool use (Patil
et al., 2025; Wang et al., 2023). Specifically, Kwan
et al. (2024) introduced MT-Eval and observed
an average 15% performance degradation com-
pared to single-turn settings. Laban et al. (2025)
further introduced a more challenging multi-turn
setting involving underspecified requirements re-
vealed sequentially, identifying a severe 39% per-
formance drop, they term this degradation "Lost-
in-Conversation" (LiC) and attribute the root cause
to premature answering attempts in early turns. In
this work, we investigate both the MT-Add scenario,
where information is added incrementally, and the
MT-Refine scenario, where the user corrects ini-
tially incorrect conditions. Where LLM exhibits
substantial vulnerability.

Optimization for Multi-Turn Interaction To
enhance model performance in multi-turn settings,
a line of work attempts to directly implement var-
ious fine-tuning methods, including Supervised
Fine-Tuning (SFT) (Chiang et al., 2023; Ding et al.,
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Figure 2: Overview of our data preparation and multi-turn simulation pipeline. We partition single-turn prompts
into segments to simulate two multi-turn scenarios: MT-Add (incremental information addition) and MT-Refine

(correction of initially incorrect conditions).

2023; Sun et al., 2024), Direct Preference Opti-
mization (Shi et al., 2024; Xiong et al., 2024), and
Reinforcement Learning (Zhou et al., 2024; Wang
et al., 2025; Kumar et al., 2024). While effective
for general instruction following, these approaches
bypass the intrinsic mechanism of degradation by
relying on external guidance rather than correct-
ing the model’s internal failure modes. Moreover,
methods like MT-PPO (Zeng et al., 2025a) and
SWEET-RL (Zhou et al., 2025) require expensive,
well-designed turn-level rewards, which are unsuit-
able for general practical settings. Another direc-
tion explores behavioral strategies for specific sce-
narios, such as encouraging clarification requests
(Wu et al., 2025) or active abstention (Li, 2025)
when the information provided by users is insuffi-
cient. These methods aim to mitigate error accu-
mulation from premature responses; however, such
strategies are incompatible with scenarios requir-
ing state updates, such as the MT-Refine setting
addressed in this paper. In these cases, the model
must generate an initial response and subsequently
correct it, rather than simply remaining silent.

3 Problem Setup

Most existing benchmarks evaluate models using
a single-turn prompt ("8®), ignoring the inter-
active nature of practical LLM usage. In this
work, we evaluate LLMs solving problems in a
multi-turn setting, where users provide information
{i0,11,...,1in} sequentially across turns. Specifi-
cally, we consider two scenarios: MT-Add, where in-
formation is added incrementally, and MT-Refine,
where the user corrects initially incorrect condi-
tions, as shown in Figure 2.

MT-Add. In this scenario, we partition the orig-
inal single-turn prompt 7*"&!¢ into multiple seg-

ments {ig, i1, ..., }. Here, i represents the ini-
tial prompt specifying the problem target (e.g.,
“What is Ara’s total score?”’), while subsequent
prompts provide the additional constraints neces-
sary to solve the problem. We assume an interac-
tion paradigm where the user incrementally pro-
vides new information in each turn. This mirrors
practical scenarios where users consistently pro-
vide follow-up information to guide the LLM to-
ward a satisfactory answer.

MT-Refine. Here, we simulate error correction.
The user first provides a prompt with full but
corrupted information ig = i°°**"Pt where key
conditions from the ground truth conditions in
{i1,...,in} are replaced with incorrect values.
The user then corrects these specific errors sequen-
tially through subsequent turns.

During the multi-turn conversation, informa-
tion is presented sequentially. At the k-th turn,
we use i as the user’s new query and provide
the model with the conversation history H
{s,10,m0, ..., ik_1, Mk_1, 1k}, where s is the sys-
tem prompt and m; denotes the model’s response
at turn j. We take the final-turn response m,,
as the final multi-turn answer. For comparison,
we evaluate the model’s single-turn performance
by providing the full correct information !
merge(ip, ..., %) in a single turn, taking the re-
sulting response m as the final single-turn answer.

4 Contextual Inertia: Characterization
and Quantitative Analysis

While recent studies have identified that LLMs
struggle in multi-turn interactions (Laban et al.,
2025; Gupta et al., 2024; Hankache et al., 2025),
the specific drivers of this degradation remain
under-explored. Existing works primarily attribute
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Figure 3: Distributions of Contextual Inertia Intensity
Ict(my, my—1). We use GPT-4o to categorize the in-
ertia intensity as Weak (1), Moderate (2), and Strong
(3). In most cases, the model’s final answer m,, exhibits
strong inertia intensity to the preceding response m,,_1.
Notably, the distribution of this intensity remains in-
distinguishable regardless of the conversation history
quality (high vs. low), providing empirical evidence for
the indiscriminate nature of contextual inertia.

failures to context length or premature answering
(Laban et al., 2025). In this section, we advance
this understanding by analyzing the indiscrimi-
nate nature of the model’s persistence and pro-
viding a quantitative attribution of these fail-
ures. We term this specific behavioral pattern
as Contextual Inertia: the inherent tendency of
LLMs to rigidly adhere to previous reasoning traces
when processing new instructions, even when those
traces are partially invalid or obsolete.

Indiscriminate Nature of Contextual Iner-
tia. We first qualify and statistically analyze
the contextual inertia. Formally, let H =
{s,ip,mo,...,mp_1,i,} denote a conversation
history, we define the intensity of contextual inertia
Ici(my, my,—1) as the semantic similarity between
the model’s final answer m,, and the preceding re-
sponse m,_1. We categorize histories into two
sets: high-quality histories Hp;gp, which result in a
correct final answer m,, ~ m(-|H), and low-quality
histories Hjow, Which lead to an incorrect answer.
We reveal the indiscriminate nature of contextual in-
ertia, where the intensity distributions conditioned
on contrasting history qualities are statistically in-
distinguishable. That is:

P (Ici(mn, mn-1) | H € Hnign)

(1)
~ P(ICI(mmmn—l) ‘ H e Hlow) .

To empirically validate this, we employ GPT-40
(Hurst et al., 2024) to analyze the semantic similar-
ity (e.g., logical structure, chain-of-thought steps)
between the model’s final answer m,, and the pre-
ceding response m,_;. As shown in Figure 3,

MT-Refine

-
=)
o

+
Cl Accounts for
88.5% Faults

+
Cl Accounts for
94.2% Faults

+
Cl Accounts for
83.1% Faults

+
Cl Accounts for
83.3% Faults

~
a

Percentage (%)
N
w o

=)

Llama-3.2 Qwen2.5 Llama-3.2 Qwen2.5
3B-Instruct B-Instruct 3B-Instruct B-Instruct

=
=)
o

+
Cl Accounts for
78.8% Faults

+
Cl Accounts for
94.1% Faults

+
Cl Accounts for
70.2% Faults

+
Cl Accounts for
72.5% Faults

N
a

N}
a

Percentage (%)
w
o

o

Gemini GPT-40 Gemini GPT-40

W Local Reasoning Failure Misleading Context Propagated Error

Figure 4: Root cause of failures in multi-turn conversa-
tions: failures predominantly originate from previous
responses (Misleading Context and Propagated Er-
ror), which are driven by Contextual Inertia.

we observe that the intensity distributions are re-
markably similar across both groups. Moreover,
the model’s final answer m,, and the last response
myn—1 exhibit high similarity in most cases. This
validates the indiscriminate nature of contextual in-
ertia: even when m,,_1 is misleading or erroneous,
the model is compelled to propagate these traces
into subsequent turns.

Quantifying the Dominance of Contextual Iner-
tia. Beyond statistical similarity, we further trace
the sources of error by collecting multi-turn conver-
sations {s, i, - . ., in, My, } Where the final answer
my, is verified as incorrect, and prompt GPT-40 to
classify the root cause into three categories: !

* Misleading Context: The failure stems from
previous responses {mg,...,m,—1} which,
while ostensibly correct, create a misleading or
contradictory context for follow-up information.

* Propagated Error: The failure is caused by pre-
vious responses that are fundamentally wrong,
where the model passively inherits and propa-
gates these factual or logical errors to the final
response.

* Local Reasoning Failure: Previous responses
are of generally good quality; the failure occurs
independently in the final turn when the model
processes the user’s latest query i,, (e.g., losing
the problem target or making arithmetic errors).
As demonstrated in Figure 4, we find that over

70%-90% of multi-turn errors can be directly

traced back to previous responses (Misleading

Context or Propagated Error). In these cases,

due to the indiscriminate nature, contextual inertia

compels the LLM to adopt misleading or erroneous

To isolate the limitations of the base model, we se-
lect conversations where providing full information ™" =
merge(io, . . ., i») in a single turn yields high (> 0.7) accu-
racy.
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m,,. Our filtering strategy (Equation 2) ensures the an-
chor is reliable by retaining only histories where single-
turn performance exceeds multi-turn.

traces without verification, causing error accumu-
lation across the conversation that ultimately de-
grades performance.

Due to its indiscriminate nature, Contextual In-
ertia serves as the primary driver of model vulnera-
bility in multi-turn settings. While recent studies
(Wan et al.; Laban et al., 2025; Castillo-Bolado
et al., 2024) demonstrate that LLMs tend to attend
heavily to the last response, we go a step further
by revealing the indiscriminate nature of this phe-
nomenon in multi-turn conversations. This insight
motivates our approach to break this inertia for
stable interaction. We detail our methodology in
Section 5.

5 Approach

To address Contextual Inertia in multi-turn LLMs,
where models rigidly adhere to obsolete reasoning
traces, we propose Reinforcement Learning with
Single-Turn Anchors (RLSTA).

Existing solutions typically attribute multi-turn
vulnerability to “uncertainty”, mitigating it through
abstention (Li, 2025) or clarification requests (Wu
et al., 2025) in early turns to avoid generating pre-
mature answers based on insufficient information.
While viable for handling ambiguity in MT-Add,
these strategies merely address the symptoms rather
than curing the root cause: Contextual Inertia. Fur-
thermore, such approaches are incompatible with
scenarios like MT-Refine, where the interaction re-
lies on the model providing an initial response that
the user subsequently corrects (e.g., “No, actually
X is 57). In these cases, the model cannot abstain
in early turns; it must fundamentally overcome its
inertia for a correct answer.

We target this root cause directly. Instead of re-
sorting to passive abstention, we aim to calibrate
the model’s multi-turn reasoning against its own su-
perior single-turn capabilities. Our approach com-
bines: (i) Latent Capability Filtering, which iso-

lates cases where the model successfully solves the
problem with the full instruction (ifully, yet fails
to generate the correct answer under the sequen-
tial multi-turn history (H) due to contextual inertia.
(i1) An anchor-based RL method that utilizes the
model’s single-turn reasoning ability as internal
anchors. We detail our approach as follows.

5.1 Latent Capability Filtering

In Section 4, we identify contextual inertia within
potentially misleading or erroneous conversation
histories as the primary driver of multi-turn vul-
nerability in LLMs. Building on this insight,
we aim to rectify such behavior by specifically
optimizing the last-turn response m, in cases
where the multi-turn conversation history H =
{8,170, M0, .- in—1,Mn_1,in} leads to perfor-
mance degradation.

We first collect a raw set of multi-turn conver-
sation histories Dyay. We then perform Latent
Capability Filtering to ensure we can use the
model’s single-turn ability as a stable anchor for
the model’s final response given multi-turn conver-
sation history. Specifically, we isolate instances
where the model possesses the latent capability
to solve the problem given the full information
i = merge(ig, - -+ ,in_1,in), yet fails to do so
under the original multi-turn history H. Formally,
we retain conversation histories satisfying the fol-
lowing condition:

Ewwﬂ('lifuu)[Ver(m)] > EmnNﬁHH) [Ver(mn)]. 2)
Where Ver(-) is the verifier to check the correct-
ness of the final answer with 0/1, this filtering
process yields the dataset D a4 for model M. Our
objective is to break contextual inertia in scenar-
ios where the preceding conversation is low qual-
ity. Therefore, we exclude conversation histories
H where single-turn and multi-turn performances
are comparable. This exclusion allows us to focus
on instances where the model possesses superior
single-turn capabilities, thereby providing a high-
quality supervision signal for alignment, which we
formulate as our single-turn anchor for RL training.

5.2 RL with Single-Turn Anchors

We use GRPO as our training algorithm. For a
given conversation history H, GRPO samples a
group of outputs {m,(ll)7 . ,mSF)} from the old

policy 614 and optimizes the policy model by max-

6306



imizing:
Jaerro(9)=E [HNDM Am) Y~ (¢ \H)]
(),

[y,

G N ~
> % {min[riyt (0)Aq ¢, clip(rs¢ (9),176,1%’6)147;,4

i=1 \m,n“ | t=1
—BDkL[mollmer] },

3
where

7i,t(0)= std({R;}E, )
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T001d (mgf,)t‘H’mgzi,)q) 7
Here, R; denotes the reward for response mff ),
which is typically a rule-based reward, such as us-
ing a verifier to check the final answer or to check
whether the response follows a required format
(Guo et al., 2025; Zeng et al., 2025b).

In addition to the outcome-based verification re-
ward R, = Ver(m%Z )), we introduce a mechanism
to stabilize the reasoning process: the Single-Turn
Anchor Reward (R;). This component utilizes the
model’s strong ability under the full-information

single-turn setting (i) as a stable anchor for the

current multi-turn generation m,(f ).

Im&) | \mif’\
Ry = ( H TO,ef (mgf)t | ifunvms,><z)> )

t=1

Here, ™! merges all user conditions from the

multi-turn history H into a single-turn query, and
p,.; denotes the base model. By calculating the
length-normalized likelihood of the response un-
der my, (- | i), Ry quantifies how well the
multi-turn response aligns with the model’s supe-
rior single-turn capabilities.
Combining the outcome reward R, and the an-
chz)g reward Ry yields the final reward for response
(2
my,”

R =R, + aR;, 5)

where « is a hyperparameter. We set « = 1/G so
that the advantage A for a correct response with
R, = 1 remains positive.

We highlight that R serves as a critical behav-
ioral anchor. By leveraging our data-filtering strat-
egy (Equation 2), which ensures that the single-
turn policy 7, (- | i™!!) demonstrates superior
accuracy compared to the noisy multi-turn history
mo(- | H), Rs provides a robust supervision signal.
This signal effectively pulls the generation process
away from the bias of contextual inertia, anchoring
the model to the correct reasoning path established
in the single-turn setting.

6 Experiments

We evaluate our method across various multi-turn
scenarios, tasks, and training configurations in con-
trolled settings. The results demonstrate that our
method effectively aligns the model’s multi-turn
performance, yielding superior results and promis-
ing generalization to other tasks, while preserving
the base model’s single-turn performance and long-
context capabilities. We detail our experimental
setup in Subsection 6.1, followed by the main re-
sults and comparisons with existing training meth-
ods and other models in Subsection 6.2. Finally,
we examine the preservation of long-context capa-
bilities and analyze the training dynamics of the
single-turn anchor reward in Subsection 6.3.

6.1 Experiments Setup

Here we introduce the tasks, datasets, and models
used in our experiments. Additional details are
provided in Appendix B.

Data Preparation. We construct our dataset fol-
lowing the instruction segmentation protocol pro-
posed by Laban et al. (2025). For training, we
derive multi-turn samples from the GSMS8K dataset
(Cobbe et al., 2021) by employing GPT-40 (Hurst
et al., 2024) to decompose original single-turn
queries into sequential instructions. For evaluation,
we adopt the multi-turn benchmarks from Laban
et al. (2025). Notably, while our model is trained
exclusively on math-domain multi-turn scenarios,
we evaluate it on diverse domains, including code
and summarization, to assess its cross-domain gen-
eralization capabilities.

Multi-turn Scenario Simulation. We simulate
two distinct interaction patterns: MT-Add and
MT-Refine. In the MT-Add setting, segmented in-
structions {ig, i1, - ,i,} are presented sequen-
tially, requiring the model to integrate new con-
straints incrementally. The MT-Refine setting sim-
ulates error correction. Here, we employ GPT-
4o to alter key conditions within the segments
{i1,- - ,i,} and concatenate these modified con-
ditions with the initial prompt 7¢. This forms a cor-
rupted initial instruction °°"™"Pt, while the original
valid segments are provided in subsequent turns as
user corrections. Note that the code and summary
tasks are evaluated solely under the MT-Add setting
due to data compatibility. Beyond fixed datasets,
following Laban et al. (2025), we also assess per-
formance in a dynamic setting using GPT-40-mini
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Table 1: Experimental results on MT-Add and MT-Refine Tasks. We compare RLSTA with SFT, DPO, and
vanilla GRPO. Bold indicates best performance, underline indicates improvement over Base, and gray indicates

performance lower than Base.

Qwen2.5-3B-Instruct

Qwen2.5-7B-Instruct

Qwen3-4B-Instruct-2507 Llama-3.2-3B-Instruct

Method MT-Add MT-Refine MT-Add MT-Refine MT-Add MT-Refine MT-Add MT-Refine
Avg Avg Avg Avg
Math Code Math Math Code Math Math Code Math Math Code Math
Base 0493 0220 0603 0439 0638 0312 0669 0540 0772 0370 0814 0652 0470 0.140 0585 0398
SFT 0.546 0.203 0.533 0.427 0.740 0.310 0.694 0.581 0.826 0.444 0.809 0.693 0.568 0.177 0.519 0.421
DPO 0.546 0.203 0.568 0.439 0.633 0.312 0.522 0.489 0.784 0416 0.801 0.667 0.559 0.198 0.368 0.375
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RLSTA (Ours) 0715 0256 0745 0572 0857 0350 082 0676 0903 0552 0898 0784 0.649 0205 0.640 0.498
as a user simulator. This simulator interactively g 100
. . . o 75
selects instructions rather than following a fixed se- £ |,
e g .. g
quence, thereby more closely mimicking realistic i
human interactions. U s el ™ Bt
Contextual Inertia Intensity I 1 ——— 2 3

Models and Baselines. We validate our method
across a range of open-weights models, includ-
ing Qwen2.5-3B/7B-Instruct (Yang et al., 2024),
Qwen3-4B-2507 (Yang et al., 2025), and Llama-
3.2-3B-Instruct (Grattafiori et al., 2024). We em-
ploy GRPO as our primary training algorithm and
compare RLSTA against standard fine-tuning base-
lines: Supervised Fine-Tuning (SFT), Direct Pref-
erence Optimization (DPO) (Rafailov et al., 2023),
and vanilla GRPO. For SFT and DPO, we construct
training pairs by appending the correct single-turn
response to the multi-turn history, and utilize the
model’s original erroneous response as the nega-
tive sample for DPO. Additionally, we benchmark
against uncertainty-handling strategies: RLAAR
(Li, 2025) and CollabLLM (Wu et al., 2025).

6.2 Main Results

RLSTA Can Effectively Break Contextual In-
ertia. We begin by analyzing the distributions
of contextual inertia intensity after RLSTA on
MT-Add. Following the methodology in Section 4,
we categorize conversation histories based on the
base model’s performance: “High” quality histo-
ries (leading to correct answers) and “Low” quality
ones (leading to incorrect answers). While the base
model exhibits indiscriminate inertia regardless of
the quality of conversation history (Figure 3), RL-
STA maintains high similarity for the High-quality
group but shows notably lower contextual inertia
intensity for the Low-quality group (Figure 6). This
confirms that RLSTA successfully break the indis-
criminate nature of contextual inertia, while pre-
serving the ability to utilize beneficial history.

RLSTA Outperforms Standard Fine-Tuning
Methods. As shown in Table 1, RLSTA signif-
icantly improves the model’s performance across

Figure 6: The distributions of contextual inertia intensity
after RLSTA. Compared with base model in Figure 3,
RLSTA successfully breaks the contextual inertia, while
preserving the ability to utilize beneficial history.

different multi-turn scenarios compared to SFT,
DPO, and GRPO. Notably, although we only train
the model using math-domain multi-turn scenarios,
RLSTA demonstrates strong generalization to other
domains (e.g., Code). This suggests that RLSTA
fosters a fundamental resilience against contextual
inertia on misleading conversation history, enabling
the model to maintain robust reasoning capabilities
even in domains outside its training distribution.

Table 2: Comparison of LiC Scores (1) between RLSTA
and RLAAR on MT-Add scenario. Underline indicates
improvement over the Base Model.

Method Math Actions Database Code Avg
Base 0.728  0.365 0.564 0.525 0.546
RLAAR 0.950  0.530 0.873 0.702 0.764
RLSTA 1.001  0.688 0.691 0.596 0.744
RLSTA (+ Abstain) 0.988  0.702 0.762 0.642 0.773

Table 3: Comparison between RLSTA and CollabLLM
on MT-Add scenario, we report model performance (1)

and token consumption (J) (Performance / )
Method Code Math
Sing-turn Multi-turn Sing-turn Multi-turn
Base 0.320, 0.223, 0.782, 0.443,
CollabLLM  0.302, 0214, 0.758, 0433,
RLSTA 0343, 0.309, 0754, 0.654,

RLSTA Achieves Comparable Performance to
Abstention and Active Inquiry Methods. We
further benchmark our method against uncertainty-
handling strategies: RLAAR (Li, 2025), which
encourages abstention under uncertainty, and Col-
labLLM (Wu et al., 2025), which tunes the model
to actively request more information. For RLAAR,
we reference the results reported in (Li, 2025) us-
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ing Qwen2.5-7B-Instruct as the base model. As
presented in Table 2, RLSTA achieves an average
LiC Score (the ratio between multi and single turn
performance) comparable to RLAAR, while signif-
icantly outperforming it on the Math and Actions
tasks. Although RLAAR maintains a marginal ad-
vantage in Code and Database by leveraging code
training data, RLSTA achieves competitive results
without such domain-specific supervision, demon-
strating strong cross-domain generalization capa-
bilities. Furthermore, when explicitly instructing
the model to abstain via the system prompt (RL-
STA + Abstain), our method yields higher average
performance than RLAAR. Regarding CollabLLM,
we employ an LLM-based user simulator to create
realistic multi-turn scenarios, evaluating both per-
formance and token efficiency using Llama-3.1-8B-
Instruct as the base model. As detailed in Table 3,
although CollabL LM reduces token consumption,
it fails to deliver performance improvements on our
MT-Add tasks under this dynamic setting. In con-
trast, RLSTA achieves substantial gains (36.9% on
code, 47.6% on math) with competitive efficiency
(utilizing 5.8% fewer tokens for code with only a
moderate 17.2% increase for math). Crucially, un-
like these baselines, RLSTA improves multi-turn
performance without relying on passive abstention,
thereby serving as a generalizable approach to a
wider range of scenarios, like MT-Refine, to which
uncertainty-handling strategies are inapplicable.

6.3 Long-Context Preservation and Training
Efficiency

Table 4: Model performance (Coverage Score 1) on
the Summary Task across multi and single turn scenar-
ios. RLSTA maintains, and in most cases improves, the
model’s long-context capabilities while simultaneously
stabilizing multi-turn interactions.

long contexts (spanning tens of thousands of to-
kens) across multiple turns and instructed to sum-
marize the previous context in each turn. We use
Coverage Scores (Laban et al., 2024) as the met-
ric, which evaluates the model’s capacity to pro-
cess long contexts. As shown in Table 4, com-
pared to the Base model, RLSTA maintains or
even improves model’s long-context processing
ability. This demonstrates that RLSTA successfully
breaks contextual inertia without compromising the
model’s ability to utilize conversation history in
long-context scenarios.

Qwen2.5-3B-Instruct Qwen2.5-7B-Instruct

0.80 {
--u
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a N e T
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Training Steps

RLSTA (ST)
—#- RLSTA (MT)

RLSTA (w/o verifier) (ST)
—#-  RLSTA (w/o verifier) (MT)

Training Steps

GRPO (ST)
—# GRPO (MT)

Model Method Multi-turn Single-turn LiC Score
Qwen2.5-3B Base 0.359 0.524 0.685
Instruct RLSTA 0.433 0.520 0.832
Qwen2.5-7B  Base 0.446 0.594 0.751
Instruct RLSTA 0.441 0.590 0.747
Qwen3-4B Base 0.555 0.750 0.740
Instruct-2507  RLSTA 0.632 0.758 0.835
Llama-3.2-3B  Base 0.384 0.549 0.698
Instruct RLSTA 0.434 0.555 0.782

RLSTA Maintains Long-Context Processing
Ability. We further check whether breaking con-
textual inertia on potentially erroneous history af-
fects the model’s ability to process long contexts,
we evaluate performance on the multi-turn Sum-
mary task. Here, the model is provided with very

Figure 7: Training dynamics of Single-turn (ST) and
Multi-turn (MT) performance across different methods.
The gray dashed line (- - -) represents the correspond-
ing SFT MT performance baseline. Notably, even in the
absence of external verifiable rewards (RLSTA w/o ver-
ifier), our method effectively narrows the performance
gap between single-turn and multi-turn settings.

Training Dynamics Comparison. Finally, we
examine the training dynamics and the efficiency
of our single-turn anchor reward R;. Figure 7 illus-
trates the trajectory of Single-Turn (ST) and Multi-
Turn (MT) performance during training. We ob-
serve that compared to standard GRPO, RLSTA ex-
hibits accelerated convergence and superior asymp-
totic performance.

Crucially, we evaluate a variant, RLSTA (w/o
verifier), which relies solely on the internal single-
turn anchor reward (R;) without access to the exter-
nal ground-truth verifier (R, ).The results demon-
strate that even in the absence of external verifiable
rewards, RLSTA effectively stabilizes multi-turn
interaction and even achieves performance compa-
rable to the full RLSTA setting, highlighting the
potential of RLSTA in general domains where ex-
ternal verifiers are unavailable.

7 Conclusion

In this work, we identified the indiscriminate nature
of Contextual Inertia and quantitatively attributed
its impact as the primary cause of LLM vulnera-
bility in multi-turn interaction. We proposed Re-
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inforcement Learning with Single-Turn Anchors
to address this issue by leveraging the intrinsic
single-turn capabilities of the model as stable in-
ternal anchors. Extensive experiments demonstrate
that our approach significantly enhances stability in
both MT-Add and MT-Refine scenarios while out-
performing standard fine-tuning baselines. More-
over, our method exhibits strong cross-domain gen-
eralization and data efficiency even in the absence
of external verifiers. These findings highlight the
potential of our framework to facilitate more reli-
able and adaptive multi-turn interactions for gen-
eral applications.

Limitations

The effectiveness of RLSTA is intrinsically
bounded by the model’s single-turn capabilities,
as our method leverages the single-turn response as
a supervisory anchor and thus assumes the model
possesses the latent knowledge to solve the prob-
lem given full information. Additionally, our cur-
rent framework operates under a passive interaction
paradigm where the user voluntarily provides all
necessary conditions, leaving scenarios that require
proactive clarification unaddressed. Furthermore,
while RLSTA offers a universal approach to break-
ing contextual inertia across various settings like
MT-Add and MT-Refine, it does not yet incorpo-
rate meta-cognitive decision-making; given that
abstention-based methods can be effective in spe-
cific multi-turn scenarios (MT-Add), teaching the
model to dynamically evaluate context sufficiency
and select the optimal strategy, such as reasoning,
clarifying, or abstaining, remains a promising di-
rection for future investigation.
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A Additional Experiments

In this section, we present additional experiments
to comprehensively investigate the nature of Con-
textual Inertia and validate the robustness of RL-
STA. We begin by quantifying the intrinsic vul-
nerability of LLMs in multi-turn settings. We then
extend our analysis of Contextual Inertia to include
more advanced models. To further validate our ap-
proach, we examine the efficacy of RLSTA without
data filtering and its generalization to reasoning-
oriented “Thinking” models. Furthermore, we in-
vestigate the impact of our method on single-turn
capabilities and corroborate our observations using
alternative evaluators (gemini-2.5-pro (Comanici
et al., 2025)). Finally, we demonstrate the robust-
ness of our filtering strategy through its transfer-
ability across heterogeneous data sources.
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Figure 8: Vulnerability of LLMs in multi-turn settings:
While Pass@1 drops significantly compared to single-
turn, Pass @8 remains relatively stable. This indicates
that the model retains the latent capability to solve the
problem but is biased by the decoding path.

A.1 Vulnerability of LLMs in multi-turn
settings

We begin by quantifying the vulnerability of LLMs
in multi-turn settings. As illustrated in Figure 8,
model performance exhibits substantial degrada-
tion in multi-turn settings compared to single-turn
baselines. Specifically, the pass@1 performance
suffers a precipitous drop, with an average de-
cline of over 20% in the MT-Add and 10% in the
MT-Refine. However, this degradation is largely
mitigated when sampling is permitted: the pass@8
performance exhibits a much milder drop of less
than 7% in MT-Add and merely 2% in MT-Refine.
This discrepancy reveals a critical insight: the
model retains the latent capability to solve the prob-
lem (evidenced by the preserved pass@8 score),
but its most probable decoding trajectory is effec-
tively “hijacked” by the conversation history.

A.2 Contextual Inertia Analysis
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100 { [ strong intensity [Istrong intensity
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Figure 9: Additional experiments: the distribution of
the contextual inertia intensity for more models.

We extend our behavioral analysis and root
cause tracing to include advanced models, specif-
ically GPT-5-mini (OpenAl, 2025a) and o3 (Ope-
nAl, 2025b). As illustrated in Figure 9 and Fig-
ure 10, Indiscriminate nature of contextual inertia
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Figure 10: Additional experiments: Tracing the root
cause of LLM failures.

persists across different models, even in reasoning-
intensive models such as 03. Notably, over 70%
of failures can be traced directly to errors in pre-
vious responses. These findings further corrobo-
rate our conclusions in Section 4, confirming that
Contextual Inertia is the primary driver of LLM
vulnerability in multi-turn interactions.

A.3 Effectiveness without Data Filtering
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Figure 11: Training dynamics of Single-turn (ST) and
Multi-turn (MT) performance on datasets without the
filtering procedure.

RLSTA leverages the model’s own strong reason-
ing capabilities to provide reward signals for multi-
turn responses. While Section 6 demonstrated the
effectiveness of RLSTA without external verifiers,
those experiments utilized filtered data. Here, we
conduct additional experiments on datasets without
this filtering procedure, as shown in Figure 11. Al-
though training on unfiltered data results in lower
absolute performance compared to the filtered set-
ting, RLSTA (w/o verifier) still achieves perfor-
mance comparable to the GRPO baseline on the
same data. This further demonstrates the effective-
ness and generalizability of RLSTA, particularly in
domains where data filtering or external verifiers
are not feasible.

A.4 Generalization to Thinking Models

Table 5: Experimental results comparing Base and RL-
STA on Qwen3-4B. The model was trained in No Think
mode but evaluated in both Think and No Think modes.
RLSTA yields consistent improvements across both in-
ference settings.

Qwen3-4B (No Think) Qwen3-4B (Think)

Method MT-Add MT-Refine MT-Add MT-Refine
R Avg Avg
Math Code Math Math Code Math
Base 0.670 0.285 0.812  0.589 0.788 0.628 0.868 0.761
RLSTA 0.801 0.333 0.873  0.669 0.920 0.790 0.941 0.884

Finally, we investigate the applicability of RL-
STA to modern reasoning models that utilize
“Thinking” processes. We select Qwen3-4B (Yang
et al., 2025) as the base model and train it using RL-
STA in No Think mode. We then evaluate the model
in both Think (reasoning enabled) and No Think
modes during inference. The results, presented in
Table 5, show that RLSTA significantly enhances
performance in both modes. This suggests that RL-
STA can effectively transfer the ability of breaking
contextual inertia to reasoning-heavy paradigms,
even when the training process does not explicitly
target the thinking tokens.

A.5 Single-turn Performance

Table 6: Comparison of Base and RLSTA Performance
Across Different Models. The A column indicates the

relative difference in single-turn performance between
Base and RLSTA.

Model Base RLSTA A(%)
Hama323B 0663 0.684  +3.3
Quen33b 0771 0763 0.9

Quen23Tb 0853 0.856  +03

Qwen3-4B  ngo4  0.898  +0.4
Instruct-2507

Qwen3-4B 1877 0893  +L.8

(no think)

Quend4B 0898 0890 09

Average 0.826 0.831 +0.7

We evaluate the impact of RLSTA on single-turn
capabilities on math, as shown in Table 6. The
results demonstrate that RLSTA preserves the in-
trinsic single-turn capabilities of the base models
while enhancing their multi-turn performance.

A.6 Contextual Inertia Intensity Using
Gemini-2.5-pro

While we mainly analysis the contextual inertia
intensity through gpt-4o (Figures 3,9,6), here we
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provide additional analysis using Gemini-2.5-pro
(Comanici et al., 2025), as shown in Figure 12,
in most cases, the model’s final answer m,, still
exhibits strong inertia intensity to the preceding re-
sponse my,—1, and the distribution of this intensity
remains indistinguishable regardless of the conver-
sation history quality (high vs. low), which align
with our observations using gpt-4o, further validate
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Figure 12: Distributions of Contextual Inertia Intensity
Ici(my, my—1). The inertia intensity are categorized
using Gemini-2.5-pro.

A.7 Robustness of Latent Capability Filtering
across Data Sources

We demonstrate that our Latent Capability Filtering
strategy is not restricted to conversation histories
generated by the target model M itself; it is equally
effective when applied to raw histories from exter-
nal models M. This transferability stems from the
design of our filtering criterion (Eq. 2): it relies
solely on the farget model M’s intrinsic single-
turn capability. As long as M possesses the latent
knowledge to solve the problem given the full con-
text (i), it can provide a valid single-turn anchor
reward (Rs) to guide the multi-turn generation, re-
gardless of the origin of the conversation trajectory.

To validate this, we conduct cross-model experi-
ments where Qwen?2.5-3B-Instruct and Llama-3.2-
3B-Instruct are trained using raw conversation data
generated either by themselves (Self) or by the
other model (Cross). The results are presented in
Table 7.

As illustrated in Table 7, RLSTA exhibits sta-
bility across different data sources. Specifically,

Table 7: Cross-model evaluation of Latent Capability
Filtering on different data sources. We compare the per-
formance when using raw data generated by Qwen2.5-
3B-Instruct versus Llama-3.2-3B-Instruct to train differ-
ent target models.

Qwen2.5-3B-Instruct Llama-3.2-3B-Instruct

Source of Dray MT-Add MT-Refine MT-Add MT-Refine

Avg Avg

Math Code Math Math Code Math
Qwen2.5-3B 0.715  0.256 0.745 0572 0.649 0.205 0.640 0.498
Llama-3.2-3B 0.690 0.239 0.729 0.553  0.609 0.245 0.646 0.500

Qwen2.5-3B-Instruct maintains comparable aver-
age performance when trained on Llama-generated
histories (0.553) versus its own histories (0.572).
Similarly, Llama-3.2-3B shows negligible perfor-
mance fluctuation (0.498 vs. 0.500). These find-
ings suggest that our approach is robust to the data
source, allowing models to effectively break con-
textual inertia even when learning from conversa-
tion trajectories generated by heterogeneous sys-
tems.

W2: Simplifying dialogues into just two isolated
modes, MT-Add and MT-Refine, may be somewhat
biased, as real-world interactions are often an inter-
leaved combination of both.

A.8 Evaluation on Hybrid Multi-Turn
Scenarios

While we primarily focus on MT-Add and

MT-Refine as two fundamental multi-turn dialogue

paradigms, real-world interactions often involve

a complex interplay of both. To further evaluate

the robustness of our method in more realistic, in-

terleaved scenarios, we introduce two new hybrid

settings based on the math datasets:

¢ Add-then-Refine (AtR): We simulate a scenario
where the user first provides a sequence of cor-
rupted information shards (similar to MT-Add but
with noisy data), followed by a sequence of their
corresponding corrections. This results in the in-
teraction sequence [sy, .. , Cn], TEP-
resenting a user who provides a complete set of
initial, flawed details before issuing block cor-
rections.

¢ Add-Interleaved-with-Refine (AiwR): We sim-
ulate a scenario where the user provides a cor-
rupted shard s; and immediately follows it with
its correction ¢; before moving to the next piece
of information. This forms the interleaved se-
quence [S1, 1, $2,C2, - . . , Sn, Cn|, Where each el-
ement serves as a sequential query. This tests the
model’s ability to process immediate feedback

< 3SnyCly .-
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during continuous information intake.

We evaluated our RLSTA-tuned models trained
exclusively on standard MT-Add and MT-Refine
tasks—against the base models. The results, pre-
sented in Table 8, demonstrate that RLSTA general-
izes well to these unseen hybrid structures. Despite
not being explicitly trained on interleaved data, RL-
STA yields substantial performance improvements
over the base models in both AtR and AiwR set-
tings.

Table 8: Evaluation of Base and RLSTA models on
hybrid multi-turn scenarios (Add-then-Refine and Add-
Interleaved-with-Refine). Models trained with RLSTA
show consistent improvements on unseen hybrid inter-
action patterns.

Model Setting Base (Acc) RLSTA (Acc)
Qwen?2.5-3B-Instruct II:IER 82;? gggi
Qwen2.5-7B-Instruct iIER 8;22 gzzg
iz N om

B Additional Experimental Details

Training Details We implement our algorithms
using the TRL library (von Werra et al., 2020). For
Supervised Fine-Tuning (SFT), we set the learning
rate to le-6 with a batch size of 32, selecting the
checkpoint with the lowest validation loss over 5
epochs. For Direct Preference Optimization (DPO),
we employ a learning rate of 5e-7 with a batch size
of 16, training for 1 epoch. For both GRPO and
RLSTA, we adopt a learning rate of 3e-7, a batch
size of 16, KL penalty coefficient 1e-4, group size
of 8, and temperature 1.0. Regarding training data,
we sample 800 questions from the GSM8K dataset
(Cobbe et al., 2021) and rewrite them into multi-
ple shards. For data generation, following Peng
et al. (2025), in Section 6, we utilize Qwen2.5-
3B-Instruct to first generate raw multi-turn conver-
sation histories during training, which are subse-
quently filtered specifically for each model. We
consider both the MT-Add and MT-Refine scenar-
ios. Specifically, for the Qwen series models (in-
cluding Qwen2.5-3B/7B-Instruct and Qwen3-4B-
Instruct-2507 / Qwen3-4B), we filter and retain
100 MT-Refine and 400 MT-Add conversation his-
tories. For Llama-3.2-3B-Instruct, we retain 200
MT-Refine and 400 MT-Add conversation histories.

Evaluation Details Our evaluation follows the
protocol of Laban et al. (2025). We run 8 simu-
lations per instruction with a temperature of 0.7,
reporting the average performance. The maximum
token limit is set to 1,024 for No Think models and
8,192 for Qwen3-4B in thinking mode. We extract
the final answer from the response using GPT-4o-
mini for Math and Action tasks, while employing
rule-based extraction for Code and Database tasks.
During training, to reduce costs, we employ a sim-
plified extraction strategy: we identify the last four
numbers in the response and check whether the
correct answer is present among them. Our results
demonstrate that this simplified method effectively
teaches the model to provide the correct final an-
swer.

C Case Studies

In this section, we present a comparative case study
between the base model and the RLSTA-aligned
model. Both models are presented with an identical
multi-turn conversation history containing a mis-
leading intermediate reasoning trace. As illustrated
below, the base model exhibits Contextual Inertia:
it is misled by its own previous response, rigidly ad-
hering to the hallucinated condition that *insurance
covers 80% of the cost,” which ultimately propa-
gates into an incorrect final answer. In contrast,
the RLSTA-tuned model successfully breaks this
inertia. It filters out the invalid context from the pre-
vious turn, recalculates based solely on the user’s
verified constraints, and derives the correct total
cost.

Case Study for Base model

Previous Information (Users):

¢ Calculate the total cost of John’s physical therapy?
* John hurt his back and needed physical therapy.

* He attended therapy for 6 weeks, twice per week.
» Each session lasted 2 hours.

Last Assistant Response:

Assistant: Given that each session lasted 2 hours,
we need to adjust our calculations to account for the
duration of each session.

[...]

if the insurance covers 80% of the total cost, then
John only pays 20% of the total cost.

Final Interaction:

User: the cost per hour for a session was $125.
Assistant: Given that the cost per hour for a session
is $125, we need to adjust our calculations to account
for the duration of each session.

[...]

6315



Insurance covers 80%, so John pays 20%. Total cost
after insurance : 0.2 times 3000 = 600

Therefore, the total cost of John’s physical therapy

after insurance coverage is
Case Study for Model after RLSTA

Previous Information (Users):

¢ Calculate the total cost of John’s physical therapy?
* John hurt his back and needed physical therapy.

¢ He attended therapy for 6 weeks, twice per week.
 Each session lasted 2 hours.

Last Assistant Response:

Assistant: Given that each session lasted 2 hours,
we need to adjust our calculations to account for the
duration of each session.

[...]

if the insurance covers 80% of the total cost, then
John only pays 20% of the total cost.

[...]

Final Interaction:

User: the cost per hour for a session was $125.
Assistant: Let’s solve the problem step by step.

[...]

Perform the multiplication: 24 times 125 = 24 times
(100 + 25) = (24 times 100) + (24 times 25) 24 times
100 = 2400 24 times 25 = 600 2400 + 600 = 3000

Therefore, the total cost of John’s physical therapy is
300C

D Prompts

D.1 Similarity Analysis

We employ GPT-40 to assess the logical similar-
ity between response pairs, focusing specifically
on their reasoning structures and key derivation
steps. We quantify this similarity on a 5-point scale.
For the visualizations presented in Figure 3, Fig-
ure 6, and Figure 9, we categorize these scores into
three distinct tiers represented by a color gradient:
(Levels 4-5), Medium Similarity
(Level 3), and Low Similarity (Levels 1-2).

EVALUATION_SYSTEM_PROMPT = """You are a Senior Logic
Analyst specializing in auditing multi-turn AI
reasoning and Chain-of-Thought (CoT)

consistency.

Your objective is to evaluate how well an AI
assistant adapts its logic to changing
constraints while maintaining mathematical
precision. You must perform a deep structural
comparison between the provided Example, First
Turn, and Second Turn.

Key Responsibilities:
*xVerify Accuracy:*x Rigorously check the final
answer against the Ground Truth.

Output your analysis in strict JSON format. Do not
include markdown formatting (like ‘‘‘json) or
conversational text.”"”

EVALUATION_USER_PROMPT_TEMPLATE = """
## Inputs

### Example Answer Attempt (example_answer_attempt):
{example_answer_attempt}

### First Turn
*xQuery (first_turn_query):xx
{first_turn_query}

*xAssistant Response (first_turn_response):*x*
{first_turn_response}

### Second Turn
*xQuery (second_turn_query) :*x
{second_turn_query}

*xAssistant Response (second_turn_response):*x%
{second_turn_response}

### Ground Truth
*xCorrect Answer (correct_answer):x%
{correct_answer}

## Evaluation Instructions

### Multi-Turn Response Similarity Assessment

Analyze the similarity between responses, focusing
on logic structure and Chain of Thought (CoT)
steps. Provide a similarity score (1-5) for the

following pairs:

1. **xexample-rlx%: Similarity between ¢
example_answer_attempt ¢ and
first_turn_response ‘

2. xxexample-r2#*x: Similarity between
example_answer_attempt ¢ and ¢
second_turn_response ‘.

3. xxrl1-r2*x: Similarity between °¢
first_turn_response ‘ and ‘second_turn_response

¢

‘

*%*Similarity Score Definitions:*x*

- **%1 (Distinct):** The response uses a completely
fresh approach; no apparent similarity in logic

or structure.

- %%2 (Minimal):**x The response is mostly
independent; shares only superficial elements
but uses different reasoning.

- **3 (Moderate):** The response reuses some steps
or general methods but includes meaningful
adaptations to the CoT structure.

- *%4 (Strong):** The response heavily reuses the
CoT structure and steps, with limited
adaptation (e.g., simply changing numbers while

keeping the exact same logic flow).

- %%5 (Near-identical):**x The response mirrors the
reference with minimal changes, using almost
the same logic structure, steps, and phrasing.

## Output Format

Return exactly one JSON object matching this schema:

‘‘‘Json
8t
"similarity_assessment”: {{
"analysis process - example-ri1": "<Detailed

explanation of the similarity assessment>",
"example-r1”: 1 | 2 | 3 | 4 | 5,
"analysis process - example-r2": "<Detailed
explanation of the similarity assessment>",
"example-r2": 1 | 2 | 3 | 4 | 5,
"analysis process - r1-r2": "<Detailed explanation
of the similarity assessment>",
"ri-r2”": 1 | 2] 3| 4| 5
I3
"notes”: "string"”

13

Return only the JSON object with no additional text
or markdown formatting.

nnn
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D.2 Data Preparation

We directly adapt the prompts in Laban et al. (2025)
to process a single-turn instruction in GSM8K into
shards. The specific prompts used for segmentation
and rephrasing are provided below:

Segmentation_Prompt_Format = """
You are a given a arithmetic question, and your task
is to segment the question into units of
information that each reveal a single piece of
information of the question.
You must output a list of segments in the following
JSON format:

L
{"segment": "[exact excerpt from the question]”,
"is_required”: 1|03},
{"segment”: "[exact excerpt from the question]”,
"is_required”: 1|0},
]
Rules:

- [is_required] For each segment, you must specify

whether this particular segment is required (1)
or not strictly necessary (@) to answer the
question.

- [Non-overlapping] The segments must be non-
overlapping and cover the entire question. You
can optionally leave some gaps for non-
essential portions of the original question (
delimiters, headers, etc.)

- [Minimalistic] You should split the information in

the segments to as small as possible. If you
have a compound expression (X and Y), you
should split it into two segments. Each segment
should represent a unit of information.

- [Valid Segments] Only extract segments from the
text of the question. Do not include example
inputs/outputs as segments.

- [Segment count] The number of segments should not
be more than 10.

Example Question:

Q: There are 15 trees in the grove. Grove workers
will plant trees in the grove today. After they
are done, there will be 21 trees. How many
trees did the grove workers plant today?

Output:
{"segments”: [
{"segment”: "There are 15 trees in the grove”, "
is_required”: 13},
{"segment”: "Grove workers will plant trees in
the grove today"”, "is_required”: 13},
{"segment": "After they are done, there will be
21 trees", "is_required”: 13},
{"segment”: "How many trees did the grove
workers plant today?”, "is_required”: 13},
13

Now complete the task for the following fully
specified question:

wnn

wnn

Rephrasing_Prompt_Format =

You are given a segment of a complete question, and
your task is to: (1) choose one that will be
the initial query of a multi-step query, and
then each of the remaining segment should be
one int provided to the system in a follow-up
turn of the conversation.

Your output should be a JSON object in the following
format:
{
"initial_segment”: "[exact excerpt from the
question]”,
"initial_query": "conversational version of the
initial segment”,
"hints": [
{"segment"”: "[exact excerpt from the question]”,

"hint": "conversational version of the
segment taking the rest of the question
into account”"}

}
Example:

Q: There are 15 trees in the grove. Grove workers
will plant trees in the grove today. After they
are done, there will be 21 trees. How many
trees did the grove workers plant today?

Segments:

[
{"segment”: "There are 15 trees in the grove”, "
is_required”: 13},

{"segment”: "Grove workers will plant trees in
the grove today”, "is_required”: 0},

{"segment”: "After they are done, there will be
21 trees"”, "is_required”: 13},

{"segment”: "How many trees did the grove
workers plant today?", "is_required”: 13},

]

Output:
{
"initial_segment”: "How many trees did the grove
workers plant today?”,
"initial_query"”: "I need to calculate the number
of trees planted by the grove workers
today",
"hints": [

{"segment”: "There are 15 trees in the grove
", "hint": "15 trees are in the grove
before planting”},

{"segment”: "Grove workers will plant trees
in the grove today”, "hint”: "Grove
workers will plant trees in the grove
today"},

{"segment"”: "After they are done, there will

be 21 trees"”, "hint”: "I see 21 trees
after the grove workers are done”"},

}

Rules:

- [Query selection] Choose the question segment from
the segments to form the initial query.

- [Transform each segment] Make sure each segment is
included either as the initial query or as a
hint. Do not forget any segments.

- [Short initial query] Make the initial query short
, not a full sentence, similar to how users use
a search engine like Google

- [Order of hints] Order the hints in order of
importance, from most to least important to the
query. You do not need to keep the order the
segments are provided in.

Now complete the task for the following fully
specified question and segments:

nnn

D.3 Abstain Prompt

While our standard evaluation follows the de-
fault system prompt protocol outlined in Laban
et al. (2025), we introduce a variant setting to
facilitate a direct comparison with RLAAR, an
abstention-based strategy. Specifically, we evaluate
our method with an additional system instruction
that explicitly encourages the model to withhold
answers when information is incomplete (denoted
as RLSTA + Abstain). The specific prompt used
for this setting is provided below:
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[Important] I will provide additional conditions

incrementally in turns rather than all at once.
Do not provide a concrete answer attempt you
have all necessary details.

After each new condition, review your previous
response to ensure it remains correct and
compatible.

Update your solution accordingly while maintaining
correctness under all conditions provided so
far.

D.4 Corrupting Prompt

In the MT-Refine task, we employ GPT-40 to sys-
tematically alter specific details in the information
shards to corrupt the initial query. The prompt used
for this process is as follows:

prompt = f"""

You are a data augmentation expert.

Below is a list of "shards” representing parts of a
math problem.

Your Task:
1. I have excluded the first shard (the main
question).
2. You must modify **EVERY#** single shard provided
in the list below.
3. Apply the following modification style:
*%* STRICT NUMERIC MODIFICATION=**:
- Identify the numbers/integers in the text.
- Change the values of these numbers to
different reasonable values.
- Do NOT change the words, units (years, fruits)
, or the logic (multiplication, addition).
- ONLY change the digits.

Input Data (Shards to modify):
{shards_text}

Output Format:

Return a JSON object with a single key
modified_shards” containing the list of
modified objects.

"

Example:
{{
"modified_shards”: [
{{ "shard_id": 2, "shard”: "modified text..."
33,
{{ "shard_id": 3, "shard”: "modified text..."
1}
]
13

nnn
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