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Abstract
LLM agents rely on long-term interaction his-
tories to tailor their responses to individual
users. However, historical personalization sig-
nals may become stale or misaligned with ex-
pectations implied by the current context, lead-
ing agents to follow outdated preferences dur-
ing reasoning. We refer to this failure mode
as personalization inertia, which shifts the
agent’s behavior away from the user’s current
intent. Existing methods mainly optimize final
responses or memory retrieval, leaving such
failures underexplored. In this paper, we pro-
pose Personalization Inertia VerificatiOn and
RegulaTion (PIVOT), a framework for miti-
gating personalization inertia in long-term in-
teractions with agents. Concretely, we con-
struct a trajectory-independent evidence con-
dition as a diagnostic reference, model prefix-
evidence consistency to assess compatibility
with the current personalization evidence, and
learn a rollback policy to determine whether
and where to intervene. The selected inter-
vention triggers local repair, preserving the re-
liable prefix while regenerating only the po-
tentially inertia-affected suffix under evidence-
guided constraints. Experiments on bench-
mark datasets demonstrate consistent gains in
personalization accuracy and trajectory faith-
fulness with targeted intervention overhead.

1 Introduction

Large Language Models (LLMs) are increasingly
deployed as personalized agents that engage with
users over extended interactions, maintain user-
specific memories, and adapt responses to evolv-
ing preferences and feedback (Packer et al., 2023;
Zhong et al., 2024). Long-term personalization
typically relies on historical interaction records,
including past requests, retrieved memories, and
feedback, to infer user intent and generate context-
aware responses (Salemi et al., 2024; Li et al.,
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Q: Can you recommend something for dinner tonight?

Historical Profile
User has consistently 
shown a strong 
preference for desserts 
and sweet food.

External Context
User recently 
mentioned: "I've been 
trying to stay on a 
strict diet recently."

Current Request
User now asks:
“Can you recommend 
something for dinner 
tonight?”

Step 1(History Retrieval)
- Retrieve long-term user preference from history: 
User likes desserts and sweet food.
Step 2(Context Processing)
- Process external context: User is currently on a strict diet. 
This implies a preference for lighter, healthier food options.
Step 3(Preference Inference)
- Infer user preference to guide recommendation. Over-rely
on historical profile: User prefers desserts and sweet food.
Step 4(Plan Formation)
- Formulate recommendation based on inferred preference: 
Plan to recommend dessert or sweet dishes.
Step 5(Conclusion)
- Conclude and respond according to the plan. 
Recommend a dessert.

Misalign with 
external context

Valid historical
preference

Current 
expectation

Stale preference 
dominates

Ignore current
diet context

Pred A: I recommend this chocolate lava cake. It's rich and delicious!

Reasoning

Generation

Figure 1: Illustration of personalization inertia in long-
term LLM agents. Although external contexts indicate
that the user is trying to follow a strict diet, the agent re-
trieves and relies on an outdated preference for desserts
and sweet food. This stale preference propagates via
intermediate reasoning steps and ultimately produces a
response that conflicts with the current expectation.

2025). However, such historical signals may be-
come outdated or misaligned with current expecta-
tions, leading agents to rely on stale memories or
obsolete preferences even when the latest evidence
suggests otherwise (Wu et al., 2025a). We refer to
such scenarios as personalization inertia, as illus-
trated in Figure 1. A historical preference conflict
with the current expectation may still be retrieved,
used to infer the preference state, and propagated
into subsequent reasoning and acting, ultimately
leading to a response that violates the latest in-
tent (Yao et al., 2023b; Shinn et al., 2023; Lyu
et al., 2023). Further, the final response does not
reveal where personalization inertia enters. This
lack of localization is particularly harmful in long-
term interactions, where inertia-driven states may
be written back into memory and reused (Xu et al.,
2026), thereby reinforcing outdated user models
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and causing persistent behavioral drift.
In personalized LLM agents, existing methods

primarily improve personalization through mem-
ory retrieval (Pan et al., 2025; Yuan et al., 2025),
profile construction (Zhang et al., 2025a), prefer-
ence modeling (Zhang et al., 2025b), or response-
level alignment (Wu et al., 2025b; Zhao et al.,
2025a; Wang et al., 2024). While these meth-
ods enable agents to exploit history, they gener-
ally assume retrieved or stored personalization sig-
nals remain valid once incorporated into the deci-
sion process. Recent work has studied preference
drift (Zhao et al., 2025b; Tan et al., 2025), mem-
ory updating (Yan et al., 2025; Chhikara et al.,
2025), and forgetting-aware personalization, but
their impacts on intermediate decision processes
in agents remain underexplored. Consequently,
stale memories or outdated patterns may still prop-
agate before the agent commits to a final response
or updates memory (Xu et al., 2026). Prevailing
correction strategies, such as response rewriting
or memory editing (Shinn et al., 2023; Madaan
et al., 2023), provide limited support for repairing
personalization inertia at the granularity of trajec-
tory segments. This motivates inertia-aware mech-
anisms that verify intermediate decisions against
current contexts while preserving useful historical
evidence, raising a key question: How can person-
alized LLM agents detect, localize, and regulate
personalization inertia during intermediate trajec-
tory generation under evolving user states?

To overcome these limitations, we propose Per-
sonalization Inertia VerificatiOn and RegulaTion
(PIVOT), a novel framework for consistency veri-
fication and rollback repair before response com-
mitment. PIVOT adopts a trajectory-independent
evidence condition from current contexts, user re-
quests, and historical memories, providing a sta-
ble diagnostic reference before trajectory inspec-
tion. It then introduces prefix consistency model-
ing to estimate whether each partial trajectory re-
mains compatible with the current evidence con-
dition and identify potential inertia emergence
points through local consistency drops, based on
which PIVOT constructs rollback-priority candi-
dates and learns a lightweight rollback policy that
determines whether and where intervention should
occur. Finally, PIVOT preserves reliable trajec-
tory prefixes and regenerates only the potentially
inertia-affected suffix under evidence-guided con-
straints, enabling minimal and targeted correction.
Our key contributions are summarized as follows:

• We identify the overlooked issue of person-
alization inertia in long-term LLM agents,
where stale personalization signals propagate
via trajectories and contaminate memory.

• We introduce PIVOT, a novel framework that
verifies prefix-evidence consistency and en-
ables policy-guided rollback repair before re-
sponse commitment.

• We conduct extensive experiments on multi-
ple datasets to validate the effectiveness of
PIVOT in mitigating personalization inertia.

2 Related Work

2.1 Long-Term Personalization in Agents
Personalization has become an important perspec-
tive for adapting LLM agents to individual users.
Existing work studies personalized generation
from histories or profiles, showing that historical
signals can improve response relevance, style con-
sistency, and preference alignment (Salemi et al.,
2024; Kumar et al., 2024; Kirk et al., 2024). Sub-
sequent methods improve user modeling through
profile-based prompting (Wu et al., 2024), few-
shot personalization (Kim and Yang, 2025), or
preference modeling (Poddar et al., 2024; Gao
et al., 2024), and difference-aware user represen-
tations (Qiu et al., 2025). Beyond static profiles,
recent personalized agents incorporate long-term
interaction histories and memory mechanisms to
support continuity across dialogue, recommenda-
tion, and tool-use settings (Jiang et al., 2025;
Shang et al., 2025; Hao et al., 2025). These works
demonstrate the importance of exploiting histori-
cal information, especially when preferences are
implicit or distributed over multiple interactions.

Despite these advances, most long-term person-
alization methods focus on constructing or ex-
ploiting user-specific signals. In agentic settings,
when user preferences evolve, outdated memories
may affect the reasoning before the final response.
Existing personalization methods provide limited
mechanisms for checking the compatibility of his-
torical signals and the current context.

2.2 Trajectory Verification and Repair
Recent work has studied to verify and improve
multi-step reasoning trajectories rather than out-
puts. For LLM reasoning, verifier-based methods
train or prompt models to judge intermediate steps
or final solutions (Lightman et al., 2024). Other
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Figure 2: An overview of our PIVOT framework. This diagram illustrates the overall procedure from evidence
construction, prefix-evidence consistency verification, policy-guided rollback strategies, and trajectory repair.

approaches improve reliability through search or
aggregation over multiple trajectories, such as self-
consistency (Wang et al., 2023), tree-structured de-
liberation (Yao et al., 2023a), and verifier-guided
reasoning (Li et al., 2023). In agentic settings, tra-
jectory reliability is often addressed through exter-
nal feedback or critic-based revision, where agents
use environment signals or self-evaluation to re-
vise plans and actions (Gou et al., 2024; Huang
et al., 2024; Chen et al., 2024), showing that inter-
mediate reasoning and action traces provide useful
signals for diagnosing and improving behavior.

Despite the progress, existing verification and
repair methods are task-centric or outcome-driven,
checking whether a reasoning step is executable or
logically valid (Yuan et al., 2026), but fail to val-
idate whether the step remains compatible with a
user’s current preference state under long-term per-
sonalization. Moreover, many repair mechanisms
regenerate whole responses or rerank sampled tra-
jectories, rather than localizing where an outdated
user signal first affects the trajectory.

3 Methodology

In this section, we introduce PIVOT with the frame-
work shown in Figure 2. We formulate personal-
ization inertia and construct an evidence condition
in § 3.1, introduce prefix consistency modeling in
§ 3.2, present a rollback-priority policy in § 3.3,

and describe the repair mechanism in § 3.4.

3.1 Inertia-Aware Personalized Formulation
We consider personalized LLM agents in long-
term interactions, where the user’s request is ad-
dressed through a sequence of intermediate trajec-
tory steps rather than a single independent gen-
eration (Li et al., 2025; Yuan et al., 2026). Al-
though historical interactions improve personaliza-
tion, they may induce personalization inertia: a
trajectory’s tendency to follow stale historical pref-
erences despite conflicting current expectations,
causing failures before the final response.

At interaction round t, the agent receives exter-
nal context xt, user request ut, and the interac-
tion history Ht. Different from historical prefer-
ences already summarized in Ht, the user’s cur-
rent expectation may be implicitly expressed in
the external context xt and has not yet been in-
corporated into Ht. Therefore, a mismatch can
arise when the preference inferred from Ht con-
flicts with the expectation indicated by xt. In
such cases, the agent may still follow the histori-
cal preference during trajectory generation, caus-
ing its response to deviate from the user’s cur-
rent expectation. Given (xt, ut,Ht), the personal-
ized agent generates an initial structured trajectory
τt ∼ πgen(· | xt, ut,Ht), represented as

τt = {y(1)t , y
(2)
t , . . . , y

(Kt)
t }. (1)
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where Kt is the number of intermediate steps, and
each step y

(k)
t denotes a semantic operation such

as intent understanding, memory retrieval, prefer-
ence inference, or planning. To provide an opera-
tional anchor for inertia-aware inspection, we con-
struct a trajectory-independent evidence condition
before evaluating the generated trajectory:

δt = Evi(xt, ut,Ht), (2)

which captures the current expectation implied by
xt and contrasts it with preferences summarized
in Ht, assigning provisional statuses according to
source priority, recency, explicit corrections, and
conflicts with the current expectation 1. We repre-
sent δt as structured records δt={dt,j}Nt

j=1, dt,j =
(typej , contentj , sourcej , statusj , confj),
where statusj and confj denote the provisional
status and confidence. More details are provided
in Appendix A. For instance, current constraints
are treated as higher-priority evidence over histori-
cal preferences, and recent feedback marks earlier
memories as potentially contradicted.

3.2 Prefix Consistency Modeling
Given the trajectory τt and evidence condition δt,
we inspect whether each partial trajectory remains
compatible with the current personalization evi-
dence. Since personalization failures may origi-
nate before the final response, we evaluate prefixes
rather than only the output. For a trajectory τt, the
prefix up to step k is defined as P (k)

t = {y(1)t , y
(2)
t ,

. . . , y
(k)
t }. Such inspections provide diagnostic

signals for identifying whether the partial decision
process remains consistent with current evidence.

To obtain an operational representation, we se-
rialize each trajectory step as Ser(y

(k)
t ), which

records the step type, evidence, output, and de-
pendencies on memories or preferences. We en-
code the representation of each step-k as e

(k)
t =

StepEnc(Ser(y
(k)
t ), xt, ut,Ht). The prefix repre-

sentation is then obtained by h
(k)
t = Pool(e

(1)
t ,

e
(2)
t , . . . , e

(k)
t ), which summarizes only the infor-

mation available up to step k without considering
future steps. We also encode the inertia-aware ev-
idence condition into htδ = RefEnc(Ser(δt), ut).
Given h

(k)
t and htδ, we compute prefix-evidence

consistency through a lightweight matching head:

c
(k)
t =Sigmoid(MLPc([h

(k)
t ;htδ; |h

(k)
t −htδ|])), (3)

1δt is constructed before trajectory inspection and does
not access τt or final responses, avoiding diagnostic leakage.

where MLPc outputs a scalar logit, | · | denotes
element-wise absolute difference, and Sigmoid(·)
maps the logit into [0, 1]. The consistency head
is trained with weak prefix-level labels derived
from the status-annotated evidence records in δt,
where prefixes relying on stale, overridden, or con-
tradicted evidence are labeled as inconsistent and
labels are confidence-weighted to mitigate noise;
details are provided in Appendix B. A larger c(k)t

indicates stronger compatibility between the prefix
and the evidence condition. We further compute
the local consistency drop by ∆

(k)
t = c

(k−1)
t −c

(k)
t ,

k ≥ 2. A positive ∆(k)
t indicates that adding step k

decreases compatibility with the current evidence,
serving as a diagnostic signal rather than causal
proof, as consistency scores may vary with step
characteristics and representation uncertainty.

3.3 Rollback-Priority Policy Learning
The prefix consistency model provides compatibil-
ity scores {c(k)t }Kt

k=1 and local consistency drops
{∆(k)

t }Kt
k=2. These signals indicate where the tra-

jectory becomes less aligned with the evidence
condition δt, but do not directly determine whether
or where to intervene. A consistency drop may
reveal that an inconsistency has become visible,
while the useful intervention point may lie earlier
in the trajectory. We therefore construct rollback-
priority scores to propose candidate repair points,
and then learn a lightweight policy to select the fi-
nal intervention action. For each k, we combine
the prefix-evidence compatibility and the consis-
tency decrease via a hazard-inspired priority score:

r
(k)
t = 1− c

(k)
t exp(−η[∆

(k)
t ]+), (4)

where [∆
(k)
t ]+ = max(0,∆

(k)
t ), η ≥ 0 controls

the influence of the local consistency decrease,
and ∆

(1)
t = 0. The score increases when the prefix

compatibility is low or when adding step k causes
a larger positive consistency drop. Thus, r(k)t pro-
vides a bounded and monotonic candidate prior
without introducing an additional trainable roll-
back scorer. We then construct a compact candi-
date set It = TopM({r(k)t }Kt

k=1), where TopM(·)
selects the M steps with the highest priority scores,
restricting intervention to a small number of se-
mantic trajectory steps, rather than arbitrary token
positions or all intermediate operations.

The priority score proposes where repair may be
useful, but it does not decide whether repair should
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be performed. The final intervention decision is
made by a rollback policy. The policy observes
ot = (xt, ut,Ht, τt, δt, {c(k)t ,∆

(k)
t , r

(k)
t }Kt

k=1, It),
and samples an action at ∼ πθ(· | ot) from the ac-
tion space At = {continue}∪{rollback_to k |
k ∈ It}. The action continue returns the origi-
nal trajectory, while rollback_to k triggers local
repair from semantic step k, as described in § 3.4.
This design separates candidate proposal from in-
tervention control: r

(k)
t proposes plausible repair

points, while πθ learns whether rollback is worth-
while under the current interaction context.

We optimize the rollback policy by comparing
intervention actions under the same observation ot.
For each a ∈ At, let τ̂t(a) denote the trajectory ob-
tained by applying a. If a = continue, then τ̂t(a)
= τt; if a = rollback_to k, then τ̂t(a) is the tra-
jectory repaired from step k by the repair module.
Each action is assigned an outcome score:

Qt(a)=Gt(τ̂t(a), xt, ut, δt,Ht)− λcCt(a), (5)

where Ct(·) denotes the intervention cost, and
Gt(·) is an evidence-grounded outcome evalua-
tor that compares candidate trajectories under the
same observation ot, which can be instantiated via
rule-based checks or an LLM-as-judge (details in
Appendix C). Since all candidate actions are eval-
uated under the same observation, we normalize
outcomes within the action group as follows:

At(a) =
Qt(a)− µt

σt
, (6)

where µt and σt are the mean and standard devia-
tion of {Qt(a

′)}a′∈At . The advantage At(a) mea-
sures whether the action a performs better than
other available intervention actions for the same
trajectory and evidence condition. During policy
training, the agent stores recent interactions in a
buffer and updates the rollback policy periodically
every Tπ rounds. When candidate outcomes are
evaluated for policy learning, we store Dt = (ot,
At, {Qt(a), At(a)}a∈At) in a recent interaction
buffer Bt. For each buffered interaction, we define
the action-group loss:

ℓπ(ot,At)=− 1

|At|
∑

a∈At

At(a) log πθ(a | ot). (7)

To prevent overly large policy shifts from noisy
group-relative advantages and stabilize learning,
we introduce a KL-regularized loss:

ℓKL(ot) = KL(πθ(· | ot)∥πθref (· | ot)) (8)

where πθref is the reference policy snapshot before
the current update. Thus, the overall policy loss is:

Lπ(θ)=E(ot,At)∼Bt
[ℓπ(ot,At)+βℓKL(ot)] . (9)

3.4 Local Trajectory Repair
After the rollback policy selects an intervention ac-
tion, the local repair module executes the selected
action by preserving the reliable prefix and regen-
erating the potentially unreliable suffix. If the se-
lected action is continue, no repair is performed,
and the original trajectory is returned, i.e., τ̃t = τt.
If the selected action is at = rollback_to k, the
trajectory is decomposed into a preserved prefix
τ<k
t = {y(1)t , . . . , y

(k−1)
t } and a repairable suffix

τ≥k
t = {y(k)t , . . . , y

(Kt)
t }. τ<k

t is kept fixed, while
the suffix is discarded and regenerated under δt:

τ̃≥k
t = Regen(xt, ut,Ht, τ

<k
t , δt), (10)

where Regen(·) denotes the reference-conditioned
suffix regeneration with the frozen trajectory gen-
erator, using δt as the evidence reference. The re-
paired trajectory is then formed as

τ̃t = τ<k
t ⊕ τ̃≥k

t . (11)

During regeneration, δt specifies the repair con-
straints: the new suffix should follow the current
expectation reflected in xt and ut, while avoiding
stale historical evidence. After repair, the agent
returns the final response based on τ̃t and records
the repaired trajectory with its repair metadata in
Ht+1 for future inspection.

4 Evaluation

4.1 Experimental Setup
Datasets We evaluate on three benchmarks that
cover complementary forms of long-term person-
alization. LaMP (Salemi et al., 2024) evalu-
ates language-model personalization from histor-
ical user profiles or interactions and produces re-
sponses aligned with individual preferences and
patterns. LongMemEval (Wu et al., 2025a) fo-
cuses on long-term memory retrieval and updat-
ing in extended interactions. LOCOMO (Maha-
rana et al., 2024) tests conversational memory over
evolving user states, past dialogues, and current re-
quests without relying on obsolete or conflicting
memories. To expose personalization inertia, we
construct preference-conflict interactions follow-
ing controlled perturbation and contrast-set eval-
uation (Ribeiro et al., 2020; Gardner et al., 2020).
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Models Methods
LaMP LongMemEval LOCOMO

ROUGE-L BERT Judge EM F1 BERT Judge EM F1 BERT Judge

Qwen3.5-27B

VANILLA RAG 23.1 0.847 57.8 36.8 51.4 0.832 58.6 20.8 33.5 0.806 47.2
REFLEXION 24.6 0.855 62.3 38.2 52.9 0.839 60.8 24.6 37.1 0.819 52.6

SELF-REFINE 25.8 0.862 64.9 39.4 54.6 0.845 62.7 25.9 39.8 0.828 56.8
LD-AGENT 29.4 0.878 71.1 40.5 55.4 0.851 63.6 35.1 47.2 0.855 65.7

PPP 30.2 0.883 74.6 41.1 55.8 0.857 67.1 33.4 45.1 0.849 68.8
PIVOT(Ours) 34.8 0.905 82.1 46.7 61.8 0.879 74.2 44.8 57.6 0.883 79.3

LLaMA-3.1-8B

VANILLA RAG 20.7 0.832 50.9 32.4 46.8 0.816 53.1 18.3 30.6 0.794 43.8
REFLEXION 22.1 0.838 56.1 34.3 48.4 0.824 56.9 21.0 33.8 0.805 49.6

SELF-REFINE 22.9 0.844 58.7 33.8 49.2 0.827 57.5 22.7 35.4 0.811 52.3
LD-AGENT 26.5 0.861 65.9 36.4 51.3 0.835 59.8 31.6 42.9 0.842 61.7

PPP 25.7 0.857 67.4 37.2 51.9 0.838 62.9 29.8 40.8 0.833 64.4
PIVOT(Ours) 30.6 0.877 76.1 42.0 57.8 0.858 70.4 39.8 52.1 0.865 73.8

Table 1: The overall evaluation results of PIVOT and other baseline methods on three benchmark datasets. The
best-performing method is marked by bold.

For each trajectory, we identify historical prefer-
ence or memory signals and inject semantically
plausible but conflicting current preference cues
into multiple later contexts or requests, while keep-
ing the history unchanged before generation.

Baselines We compare our method against state-
of-the-art baselines. Vanilla RAG (Lewis et al.,
2020) retrieves relevant historical memories or
user records and directly conditions generation on
retrieved contexts. Reflexion (Shinn et al., 2023)
improves agent behavior through verbal self-
reflection and feedback-derived memory. Self-
Refine (Madaan et al., 2023) iteratively revises
the initial response using self-generated feedback.
LD-Agent (Li et al., 2025) is a long-term person-
alized agent baseline that maintains user-specific
memory for response generation. PPP (Sun et al.,
2025) represents a personalized preference model-
ing baseline that incorporates user preference in-
formation to improve personalized alignment.

Evaluation Metrics We adopt two complemen-
tary categories of metrics for evaluation. For Task-
Level Performance, we follow the standard eval-
uation protocol, including ROUGE-L for LaMP;
EM and F1 for LongMemEval and LOCOMO, and
BERTScore and judge-based evaluation across
benchmarks. For Personalization Inertia, since
aligned responses do not necessarily imply proper
handling of evolving user preferences, we addi-
tionally evaluate inertia at the trajectory and mem-
ory levels, and compute the following metrics: (i)
Preference Conflict Resolution (PCR), the propor-
tion of cases where current–historical preference
conflicts are resolved; (ii) Stale Evidence Reliance
Rate (SER), the fraction of trajectory steps or used
evidence relying on stale evidence; (iii) Interven-

tion Precision (IP), the proportion of necessary
interventions; (iv) Memory Contamination Rate
(MCR), the fraction of memory/profile updates
containing stale or incorrect preferences.

Implementation Details We conduct our exper-
iments on Qwen3.5-27B (Team, 2026), LLaMA-
3.1-8B (Dubey et al., 2024; Touvron et al., 2023).
The backbone LLMs generate both initial trajec-
tories and reference-conditioned suffixes. We use
the same preference-conflict construction for train-
ing and evaluation splits. The prefix consistency
head and rollback policy are trained only on the
training split and are frozen during evaluation. We
default the number of rollback candidates to M =
2, the rollback-drop coefficient to η = 1.0, the in-
tervention cost weight to λc = 0.5, and the KL
regularization weight to β = 1.0. For policy train-
ing, grouped intervention outcomes are computed
using the same evaluator, and the rollback policy
is updated every Tπ = 4 rounds.

4.2 Main Results

We provide the results on LaMP, LongMemEval,
and LOCOMO benchmarks under two backbone
models in Table 1. PIVOT consistently achieves
the best performance, demonstrating the effective-
ness of inertia-aware trajectory verification and
rollback repair. Compared with response-level re-
finement methods such as REFLEXION and SELF-
REFINE, PIVOT delivers more consistent gains,
suggesting that repairing inertia-affected trajec-
tory segments is more effective than only revising
the final response. The improvements are particu-
larly pronounced on LOCOMO, where long-term
user states and evolving contexts are more likely
to introduce personalization inertia. Similar trends

37316



Methods
LaMP LongMemEval LOCOMO

PCR ↑ SER ↓ IP ↑ MCR ↓ PCR ↑ SER ↓ IP ↑ MCR ↓ PCR ↑ SER ↓ IP ↑ MCR ↓
VANILLA RAG 43.2 51.5 – 43.0 39.8 56.9 – 49.1 31.6 63.2 – 54.1

REFLEXION 55.4 43.6 53.2 36.8 53.0 48.1 50.2 41.8 45.9 55.2 47.8 47.6
SELF-REFINE 58.1 41.0 55.0 34.5 55.4 45.3 52.1 39.0 49.5 51.8 50.3 44.9
LD-AGENT 58.7 39.6 – 35.8 54.5 43.4 – 40.1 52.2 47.5 – 41.6

PPP 65.0 34.2 64.6 29.5 61.2 38.5 62.5 32.9 60.1 42.0 65.5 35.2

PIVOT(Ours) 76.1 23.9 79.2 17.6 72.0 26.4 80.5 19.7 75.2 23.5 82.4 17.2

Table 2: Evaluation of personalization inertia mitigation under Qwen3.5-27B.
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Figure 3: Hyperparameter analysis of Tπ and M under
different benchmarks and backbones.

are observed on LaMP and LongMemEval, indi-
cating that PIVOT generalizes across both person-
alized generation and long-memory evaluation set-
tings. Moreover, the gains remain stable across
backbone models, showing the generalization of
the proposed framework.

Table 2 reports the evaluation of personal-
ization inertia mitigation under Qwen3.5-27B.
PIVOT achieves the superior performance across
all benchmarks, demonstrating the effectiveness in
preserving current preferences, suppressing stale-
evidence reliance, and reducing memory contami-
nation. The gains over memory- and profile-based
agents indicate that exploiting history alone is in-
sufficient when historical preferences conflict with
current expectations. These validations indicate
the benefit of prefix-level consistency verification
and rollback repair for regulating personalization
inertia in long-term personalized agents.

4.3 Hyperparameter Sensitivity Analysis
We conduct hyperparameter analysis of the update
interval Tπ and candidate size M in Figure 3. The
performance consistently follows a rise-then-drop
trend as Tπ or M increases. When Tπ is too small,
frequent policy updates may introduce unstable in-
tervention behaviors due to insufficient interaction
diversity. In contrast, overly large update inter-
vals weaken the policy’s ability to adapt to evolv-

Methods Avg.
Latency

LLM
Calls

Extra
Tokens

Interv.
Rate

Cost/
Resolved

VANILLA RAG 5.8 1.0 – – –
REFLEXION 9.1 2.3 312 72.4 486

SELF-REFINE 10.5 2.5 428 78.9 512
LD-AGENT 7.9 1.6 – – –

PPP 11.4 2.2 216 56.2 398

PIVOT 12.9 2.4 320 38.7 392

Table 3: Latency and repair efficiency on LaMP bench-
mark under Qwen3.5-27B.

ing personalization dynamics. Similarly, increas-
ing M initially improves performance by provid-
ing more candidates for selection, but excessively
large candidate sets introduce redundant or low-
quality options, which negatively affect decisions.

4.4 Latency and Intervention Efficiency
Table 3 reports the latency and intervention effi-
ciency analysis, including evidence construction
for PIVOT. Extra Tokens count online tokens be-
yond the initial trajectory generation, including ev-
idence construction and suffix regeneration when
triggered. Due to online evidence construction,
PIVOT does not achieve the lowest latency or LLM
call count, but it substantially reduces the interven-
tion rate and achieves the lowest cost per resolved
case, suggesting that the additional overhead is
converted into more targeted rollback repair.

4.5 Ablation Studies
In Table 4, we report the ablation results on LaMP
and LOCOMO. Removing any key component
consistently weakens both task performance and
inertia mitigation, confirming that the modules of
PIVOT are complementary. Specifically, evidence
removal causes the largest degradation, confirm-
ing its role in exposing conflicts between current
expectations and stale history. Removing prefix
modeling or consistency drops weakens inertia lo-
calization, while removing the rollback policy re-
duces adaptive intervention. Without regeneration,
memory contamination increases, highlighting the
necessity of targeted suffix repair.
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Methods
LaMP LOCOMO

ROUGE-L BERT Judge PCR SER IP MCR EM F1 BERT Judge PCR SER IP MCR

w/o Evidence 30.7 0.887 73.6 68.9 31.7 72.4 21.8 37.1 49.8 0.859 68.4 65.2 33.6 75.1 22.7
w/o Prefix 31.4 0.891 75.1 72.3 28.4 74.8 20.6 38.5 51.2 0.864 69.7 68.1 30.9 77.3 21.4
w/o Drop 33.2 0.898 79.4 78.6 22.7 80.2 16.9 42.1 54.9 0.875 75.1 76.3 23.8 84.2 15.8
w/o Policy 32.5 0.895 77.8 76.1 24.8 68.7 18.4 40.9 53.7 0.871 73.2 73.5 26.4 71.6 17.9
w/o Regen 31.9 0.893 76.5 74.8 26.1 77.6 32.6 39.7 52.4 0.868 71.8 71.9 28.2 80.4 35.8

PIVOT 34.8 0.905 82.1 82.7 18.6 84.1 12.7 44.8 57.6 0.883 79.3 81.9 17.8 88.7 11.6

Table 4: Ablation study on the LaMP and LOCOMO benchmarks under Qwen3.5-27B.

Q: Can you recommend something for dinner
tonight?

Step 1(History Retrieval)
- Retrieve long-term user preference from history: 
User likes desserts and sweet food.
Step 2(Context Processing)
- Process external context: User is currently on a strict 
diet. This implies a preference for lighter, healthier 
food options.
Step 3(Preference Inference)
- Infer user preference to guide recommendation. 
Over-rely on historical profile: User prefers desserts 
and sweet food.
Step 4(Plan Formation)
- Formulate recommendation based on inferred 
preference: Plan to recommend dessert or sweet dishes.
Step 5(Conclusion)
- Conclude and respond according to the plan. 
Recommend a dessert.

 Type: Dietary Preference
 Content: Prefer light/low-sugar food
 Source: Recent Context
 Status: Active
 Confidence: High

Initial Trajectory

Evidence

Prefix Consistency
Modeling

Prefix
Step1
Step1-2
Step1-3
Step1-4
Step1-5

Consistency Score
Score
0.91
0.88
0.41
0.22
0.18

Rollback-Priority
Policy Learning

 Rollback to Step 3
 Rollback to Step 4

Top-2 Candidates

Selected Action
    Rollback to Step 3
(Preference Inference)

Repaired Trajectory
Step 1(Preserved History Retrieval)
- Retrieve long-term user preference from history: 
User likes desserts and sweet food.
Step 2(Preserved Context Processing)
- Process external context: User is currently on a strict 
diet. This implies a preference for lighter, healthier 
food options.
Step 3(Repaired Preference Inference)
- Infer user preference from both historical profile 
and external context. Prioritize the current dietary 
preference and favor lighter food options.
Step 4(Repaired Plan Formation)
- Formulate recommendation based on repaired 
preference inference. Plan to recommend healthy and 
low-sugar dinner options.
Step 5(Repaired Conclusion)
- Conclude and respond according to the repaired plan. 
Recommend a healthy dinner option.

Local Trajectory
Repair

Final Response: You could try a grilled chicken salad or alight poke 
bowl tonight.

Historical Profile
User has consistently 
shown a strong 
preference for desserts 
and sweet food.

External Context
User recently 
mentioned: "I've been 
trying to stay on a 
strict diet recently."

Currrent Request
User now asks:
“Can you recommend 
something for dinner 
tonight?”

Generation &
 Extraction

Figure 4: A case study on personalization inertia in long-term LLM agents. The agent initially retrieves a historical
preference for desserts and sweet food, but later over-relies on it and produces a diet-incompatible recommendation.
PIVOT constructs trajectory-independent evidence from the current context, detects a sharp prefix-consistency drop
at preference inference, and selects rollback to the corresponding step. It then preserves the reliable history retrieval
and context processing steps while regenerating the affected suffix and yielding a healthy dinner recommendation.

4.6 Case Studies and Discussions

We present a representative case study to illustrate
how personalization inertia emerges in long-term
LLM agents and how PIVOT mitigates such fail-
ures. As illustrated in Figure 4, the agent initially
retrieves a historical preference for desserts and
sweet food, but later over-relies on this stale pref-
erence during preference inference and planning,
producing a diet-incompatible recommendation
despite the current dietary context. During veri-
fication, PIVOT constructs trajectory-independent
evidence from the current context and localizes the
failure through a sharp prefix-consistency drop at
the preference inference step. The rollback policy
then selects the corresponding semantic step for
intervention. Instead of regenerating the entire tra-
jectory, PIVOT preserves reliable history retrieval
and context processing while repairing only the

affected suffix under evidence-guided constraints.
Thus, the repaired trajectory prioritizes the current
dietary preference and produces a healthy dinner
recommendation aligned with the latest intent.

5 Conclusion

In this work, we identified personalization inertia
as an overlooked failure mode in long-term per-
sonalized LLM agents. We proposed PIVOT, an
inertia-aware framework that constructs trajectory-
independent evidence conditions, verifies prefix-
evidence consistency, and performs policy-guided
rollback repair before response commitment. By
localizing inertia emergence and regenerating only
the affected trajectory suffix, PIVOT enables tar-
geted and efficient correction. Experiments on
three benchmarks demonstrate the superiority of
PIVOT compared with state-of-the-art baselines.
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Limitations

This work exhibits several limitations worth not-
ing. First, PIVOT incurs extra computation for
evidence construction, prefix scoring, rollback se-
lection, and suffix regeneration. Although it lim-
its decisions to top-M semantic candidates and
preserves reliable prefixes, it is still more costly
than single-pass generation or standard retrieval-
augmented personalization. Second, trajectory-
level verification may be unnecessary for simple
interactions where historical preferences already
align with current expectations.

For future work, we plan to explore adaptive
verification policies that condition intervention
depth on conflict uncertainty, trajectory complex-
ity, or estimated inertia risk, enabling personalized
agents to better trade off reliability and efficiency.
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A Evidence Condition Construction

This section describes how we instantiate the evi-
dence constructor δt = Evi(xt, ut,Ht). The goal
of δt is to provide a trajectory-independent refer-
ence that specifies which personalization signals
are valid, overridden, contradicted, or uncertain
for the current interaction. The constructor only
accesses the external context xt, the current user
request ut, and the interaction history Ht. It does
not access the generated trajectory τt, the repaired
trajectory τ̃t, or the final response.

A.1 Evidence Record Format

The output of the evidence constructor is
a set of structured records δt = {dt,j}Nt

j=1,
where each record is defined as dt,j =
(typej , contentj , sourcej , statusj , confj).
The field typej describes the
evidence category, such as
current_constraint, current_preference,
historical_preference,
explicit_correction, task_requirement,
or profile_summary. The field contentj stores
a normalized natural-language statement of the
evidence. The field sourcej records the origin
of the evidence, such as current_request,
external_context, recent_feedback,
episodic_memory, or long_term_profile.
The field statusj records the provisional validity
of the evidence under the current interaction, and
confj ∈ [0, 1] denotes the confidence of this sta-
tus assignment. We use four status labels: active,
overridden, contradicted, and uncertain. An
active record is currently applicable and should
be treated as a valid personalization signal. An
overridden record is a historical signal super-
seded by more recent or higher-priority evidence
for the current interaction. A contradicted
record is explicitly incompatible with the current
request or context. An uncertain record is
relevant but cannot be reliably classified as valid
or invalid due to ambiguity, weak evidence, or
partial conflict.

A.2 Evidence Extraction

The constructor extracts candidate evidence from
both the current interaction and the interaction his-
tory. From (xt, ut), it extracts current task require-
ments, explicit instructions, contextual constraints,
and newly expressed preferences. From Ht, it ex-
tracts previously stored preferences, user-profile

summaries, past corrections, feedback records,
and retrieved memories that may influence the cur-
rent response. These extracted items form the can-
didate set Rt = Rcur

t ∪ Rhist
t , where Rcur

t and
Rhist

t contain current and historical evidence.
Each candidate item is normalized into an ev-

idence statement with a source tag. During con-
struction, we also associate candidate items with
auxiliary preference dimensions when possible.
These dimensions are used to compare seman-
tically related records and are not included as
fields in the final evidence record. A prefer-
ence dimension denotes the aspect of personaliza-
tion controlled by the evidence, such as language,
tone, response length, formatting style, domain
preference, recommendation criterion, safety con-
straint, privacy requirement, or task-specific objec-
tive. For example, “the user usually prefers con-
cise answers” and “please explain this in detail”
are compared under the response-length dimen-
sion, while “the user prefers English responses”
and “answer in Chinese” are compared under the
language dimension.

We use an LLM-based structured parser be-
cause personalization evidence is often implicit,
paraphrased, or context-dependent. The parser is
prompted to extract only evidence grounded in
(xt, ut,Ht) and to return records in the format de-
fined above. It is not given the generated trajectory
τt, the repaired trajectory τ̃t, or the final response.
We further apply deterministic post-processing to
validate the output schema, normalize labels, re-
move duplicate records, clip confidence scores to
[0, 1], and ensure that each record uses a valid
source, status, and confidence value. These checks
do not introduce new evidence; they only standard-
ize the parser output. The same extraction prompt
and validation procedure are used across all PIVOT

variants and ablation settings.

Evidence Condition Construction

You extract structured personalization
evidence from the current interaction
and user history.

Given the current external context xt, the
current user request ut, and the inter-
action history Ht, construct a trajectory-
independent evidence condition δt. The
evidence condition should identify current
constraints and preferences, relevant histor-
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ical preferences, explicit corrections, and
conflicts between current and historical sig-
nals.

Current External Context xt:
{external context, observations, retrieved
documents, tool outputs, or environmental
constraints available before trajectory gen-
eration}

Current User Request ut:
{current user request}

Interaction History Ht:
{historical interactions, stored memories,
user-profile summaries, previous feedback,
corrections, or retrieved memory records}

Priority Rule:
When evidence conflicts, use the following
priority order from highest to lowest:

1. current explicit request,

2. current external context,

3. recent user feedback,

4. episodic memory,

5. long-term profile or inferred preference.

Status Labels:

• active: currently applicable evidence.

• overridden: historical evidence su-
perseded by higher-priority current evi-
dence.

• contradicted: evidence explicitly in-
compatible with the current request or
context.

• uncertain: relevant evidence whose cur-
rent validity is ambiguous.

Output Requirements:

• Extract only evidence grounded in
(xt, ut,Ht).

• Include both current evidence and rele-
vant historical evidence.

• Compare semantically related current
and historical evidence when assigning
statuses.

• Mark historical evidence as overridden
or contradicted when it conflicts with
higher-priority current evidence.

• Assign confidence according to source re-
liability, recency, explicitness, and con-
flict clarity.

• Do not generate, inspect, assume, or refer
to any trajectory, repaired trajectory, or fi-
nal response.

Output Format:
Return a JSON-style list. Each record must
contain:

• type: current_constraint,
current_preference,
historical_preference,
explicit_correction,
task_requirement, profile_summary,
or other.

• content: a concise evidence statement.

• source: current_request,
external_context,
recent_feedback, episodic_memory,
long_term_profile, or other.

• status: active, overridden,
contradicted, or uncertain.

• conf: a confidence score in [0, 1] for the
status assignment.

Example Output:
{
"type": "current_constraint",
"content": "Answer in Chinese.",
"source": "current_request",
"status": "active",
"conf": 0.98
}

A.3 Priority, Conflict, and Status Assignment

After extraction, the constructor compares seman-
tically related records using auxiliary preference
dimensions, such as language, response length,
tone, or format. These dimensions are used
only for grouping during construction and are not
included as fields in the final evidence record.
Within each group, records are ranked by source
priority, recency, and explicitness, following the
order specified in the prompt: current explicit re-
quest, current external context, recent user feed-
back, episodic memory, and long-term profile or
inferred preference. Status labels are assigned by
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checking whether lower-priority records can be
jointly satisfied with higher-priority records. If
a record is applicable to the current interaction
and compatible with higher-priority evidence, it is
marked as active. If a historical record is super-
seded by current evidence but may remain valid in
other contexts, it is marked as overridden. If a
record is explicitly incompatible with the current
request or context, it is marked as contradicted.
If its relevance or compatibility is ambiguous, it
is marked as uncertain. For example, if the his-
tory says that the user prefers concise answers
but the current request asks for a detailed proof,
the historical conciseness preference is marked as
overridden; if the current request explicitly states
that a previous preference is no longer desired, that
historical preference is marked as contradicted.

A.4 Confidence Estimation

The confidence score confj measures the reliabil-
ity of the assigned status, not the importance of
the evidence itself. The LLM-based parser esti-
mates this score using four criteria specified in the
prompt: source reliability, recency, explicitness,
and conflict clarity. Source reliability reflects the
priority of the evidence source. Recency reflects
how close the evidence is to the current interac-
tion. Explicitness reflects whether the evidence is
directly stated by the user or inferred from prior
behavior. Conflict clarity reflects how clearly the
record agrees or conflicts with higher-priority evi-
dence in the same dimension.

For an active record, a high confidence score
indicates strong support that the evidence should
guide the current response. For an overridden
or contradicted record, a high confidence score
indicates strong support that the evidence should
not control the response in this interaction. For an
uncertain record, the confidence score is usually
lower, indicating that downstream modules should
avoid treating it as decisive evidence.

A.5 Construction Algorithm

Algorithm 1 summarizes the construction process.
The constructor first uses the fixed LLM-based
parser to extract and normalize evidence records
from (xt, ut,Ht). It then applies determinis-
tic post-processing to validate the output schema,
compare semantically related records, resolve sta-
tus labels according to the priority and conflict
rules, and remove invalid or duplicate records.

Algorithm 1 Evidence Condition Construction
Require: External context xt, user request ut, in-

teraction history Ht

Ensure: Evidence condition δt
1: Prompt the evidence parser with (xt, ut,Ht)
2: Extract candidate records Rt with fields type,

content, source, status, and conf
3: Validate the output schema and remove mal-

formed records
4: Normalize source and status to predefined

label sets
5: Group semantically related records for con-

flict checking
6: for each group of related records do
7: Rank records by source priority, recency,

and explicitness
8: Check whether lower-priority records con-

flict with higher-priority records
9: Update inconsistent status labels accord-

ing to the priority and conflict rules
10: end for
11: Clip confidence scores to [0, 1] and remove du-

plicate records
12: Form δt = {dt,j}Nt

j=1 from the validated
records

13: return δt

A.6 Leakage Prevention

The construction of δt follows a strict leakage-
prevention protocol. The evidence condition is
constructed before prefix consistency estimation,
rollback selection, suffix regeneration, or final re-
sponse generation. The constructor only receives
(xt, ut,Ht) and never receives the generated tra-
jectory τt, the repaired trajectory τ̃t, or the final
response. The same δt is then reused for all down-
stream modules associated with the current inter-
action. This protocol prevents δt from becoming
an oracle signal. If evidence construction were per-
formed after inspecting the trajectory or final re-
sponse, it could implicitly encode where the agent
failed. In contrast, PIVOT detects personalization
inertia by comparing generated prefixes against a
trajectory-independent evidence reference.

B Prefix Consistency Training

This section describes how we train the prefix-
evidence consistency model in § 3.2. Training is
performed offline. For each training interaction,
we first construct δt using the evidence constructor
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in Appendix A. Since explicit prefix-level annota-
tions are usually unavailable, we derive weak su-
pervision from the status-annotated evidence con-
dition δt and the evidence dependencies in each
trajectory step.

Each trajectory step y
(k)
t is serialized as

Ser(y
(k)
t ), which records the step type, step output,

used evidence or memory, and preference depen-
dencies. We link a step to an evidence record in
δt if the step explicitly cites the same memory or
preference, or if its content semantically matches
the evidence statement. Let E(k)

t ⊆ δt denote
the evidence records linked to step k. For prefix
P

(k)
t , the accumulated evidence set is E(≤k)

t =∪k
i=1 E

(i)
t . This linking procedure uses only the

trajectory prefix and the preconstructed evidence
condition, without accessing repaired trajectories
or final responses. We assign a weak consistency
label z(k)t ∈ {0, 1} to each prefix according to the
statuses of its linked evidence records:

z
(k)
t =





0, ∃d ∈ E (≤k)
t s.t. status(d) ∈

{overridden, contradicted},
1, otherwise.

(12)

Thus, a prefix is labeled inconsistent once it re-
lies on stale or contradicted personalization evi-
dence. Evidence marked as uncertain does not
directly flip the label, but lowers the supervision
weight. Since the labels are weak, we weight
each training example by the confidence of the
linked evidence records. For inconsistent prefixes,
the weight is determined by the strongest linked
overridden or contradicted record. For consis-
tent prefixes, the weight is determined by the ac-
tive evidence supporting the prefix. Prefixes with
only uncertain or weakly linked evidence receive
lower weights. We denote the resulting weight as
w

(k)
t . Given the predicted consistency score c

(k)
t ,

the consistency head is trained with confidence-
weighted binary cross-entropy:

Lc = −Et,k[w
(k)
t (z

(k)
t log c

(k)
t

+ (1− z
(k)
t ) log(1− c

(k)
t ))]. (13)

The consistency model is implemented as a
lightweight encoder and matching head. At infer-
ence time, δt is constructed online once per inter-
action, and the trained consistency model scores
each prefix using P

(k)
t and δt without additional

LLM calls, producing c
(k)
t . We then compute the

local consistency drop ∆
(k)
t = c

(k−1)
t − c

(k)
t for

k ≥ 2. This drop is used as a diagnostic feature for
rollback-priority estimation, rather than as causal
proof that step k is the source of the error.

C Rollback Outcome Scoring

This section details the outcome evaluator Gt(·)
and intervention cost Ct(·) used to train the roll-
back policy in § 3.3. The outcome scorer is used
only during policy training to compare candidate
actions under the same observation ot; at inference
time, the trained rollback policy directly selects
an action without enumerating and judging all re-
paired candidates.

Given an action a, we obtain a candidate tra-
jectory τ̂t(a) by either keeping the original trajec-
tory or repairing it from the selected rollback point.
The evidence-grounded evaluator Gt(·) measures
whether τ̂t(a) follows currently valid personaliza-
tion evidence while avoiding stale or contradicted
evidence. We instantiate it with three components:

Gt(τ̂t(a), xt,ut, δt,Ht) = αeSevi(a)

+ αfSfaith(a) + αuSutil(a), (14)

where αe, αf , αu are non-negative weights that
sum to one. Sevi(a) measures whether the candi-
date respects active evidence records in δt and
avoids relying on overridden or contradicted
records. Sfaith(a) measures whether later trajec-
tory steps are supported by earlier trajectory evi-
dence rather than unsupported preference assump-
tions. Sutil(a) measures whether the candidate
still satisfies the current request ut and preserves
task-relevant information from xt and Ht.

In implementation, Gt(·) is computed by a hy-
brid evaluator. Rule-based checks are used for
explicit constraints, such as language, format, re-
fusal, or fixed output requirements. For seman-
tic constraints that cannot be reliably checked by
surface matching, we use an LLM-as-judge. The
judge receives (xt, ut,Ht, δt) and the candidate
trajectory τ̂t(a), and scores the candidate accord-
ing to evidence alignment, trajectory faithfulness,
and task utility. It is not told which action pro-
duced the candidate, which prevents it from favor-
ing rollback actions by construction.

The intervention cost Ct(a) penalizes unneces-
sary repair. We set Ct(a) = 0 for continue. For
a = rollback_to k, the cost increases with the
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regenerated suffix length and repair token usage:

Ct(a) = λs
Kt − k + 1

Kt
+ λtok

Tok(a)

Tokmax
, (15)

where Kt − k + 1 is the number of regenerated
trajectory steps, Tok(a) is the number of tokens
consumed by suffix regeneration, and Tokmax is a
normalization constant. This term encourages the
policy to prefer smaller local repairs when multi-
ple actions achieve a similar outcome quality.

After computing Qt(a) for all actions in the
same action set, we use the group-relative advan-
tage defined in § 3.3 to train the rollback policy.
This normalization compares actions only within
the same interaction, reducing the effect of exam-
ple difficulty. Since the outcome scorer is used
for policy training rather than online action selec-
tion, the LLM-as-judge does not introduce addi-
tional deployment-time LLM calls.

Outcome Scoring Judge

You evaluate a candidate trajectory for a
personalized agent.

Given (xt, ut,Ht, δt, τ̂t), score the candi-
date trajectory according to:

• Evidence alignment: follows active
evidence and avoids overridden or
contradicted evidence.

• Trajectory faithfulness: later trajectory
steps are supported by earlier trajectory
evidence.

• Task utility: addresses the current re-
quest and preserves task-relevant infor-
mation.

Return three scores in
[0, 1]: evidence_alignment,
trajectory_faithfulness, and
task_utility, plus one concise ratio-
nale.

Do not assume which action produced
the candidate, do not reward rollback it-
self, and do not use information outside
(xt, ut,Ht, δt, τ̂t).

D Evidence-Guided Suffix Regeneration

This section provides the prompt used by the re-
pair module in § 3.4. When the rollback policy

selects at = rollback_to k, the prefix τ<k
t is pre-

served and the suffix τ≥k
t is discarded. The gener-

ator then regenerates a new suffix conditioned on
the current request, interaction history, preserved
prefix, and evidence condition:

τ̃≥k
t = Regen(xt, ut,Ht, τ

<k
t , δt). (16)

The regeneration prompt is designed to preserve
the reliable prefix while forcing the new suffix
to follow active evidence and avoid evidence
marked as overridden or contradicted. The
generator is not allowed to rewrite the preserved
prefix or introduce unsupported personalization as-
sumptions.

Evidence-Guided Suffix Regeneration

You regenerate the suffix of a personal-
ized agent trajectory after rollback.

Given the current external context xt, cur-
rent user request ut, interaction history Ht,
preserved trajectory prefix τ<k

t , and evi-
dence condition δt, generate a repaired tra-
jectory suffix τ̃≥k

t .

Current External Context xt:
{external context, observations, retrieved
documents, tool outputs, or constraints}

Current User Request ut:
{current user request}

Interaction History Ht:
{interaction history and stored memories}

Preserved Prefix τ<k
t :

{trajectory steps before the rollback point}

Evidence Condition δt:
{status-annotated evidence records}

Regeneration Requirements:

• Keep the preserved prefix fixed and do
not rewrite or contradict it.

• Continue the trajectory from the roll-
back point with clearly separated seman-
tic steps.

• Follow evidence marked as active.

• Avoid relying on evidence marked as
overridden or contradicted.

• Treat uncertain evidence cautiously and
do not use it as a decisive personalization
signal.

37326



• Do not introduce personalization assump-
tions unsupported by (xt, ut,Ht, δt).

• Ensure the regenerated suffix addresses
the current request ut.

Output Format:
Return only the regenerated suffix:

• Step k: ...

• Step k + 1: ...

• . . .

The prompt outputs only the regenerated suffix
rather than the full trajectory. The repaired tra-
jectory is then obtained by concatenating the pre-
served prefix and regenerated suffix, τ̃t = τ<k

t ⊕
τ̃≥k
t . This design prevents unnecessary rewriting

of reliable trajectory steps and keeps the repair lo-
calized to the suffix selected by the rollback policy.

E Detailed Dataset Descriptions

We evaluate PIVOT on three long-term personal-
ization benchmarks spanning personalized recom-
mendation, memory-intensive user modeling, and
long-context conversational reasoning.

LaMP. LaMP is a benchmark for evaluating lan-
guage models under personalized language pro-
cessing tasks. It provides user-specific historical
profiles or interaction records together with cur-
rent inputs, requiring the model to generate re-
sponses that are not only task-relevant but also
consistent with the user’s past preferences, writ-
ing patterns, or behavioral signals. The benchmark
covers multiple personalization scenarios, such as
personalized classification, recommendation, and
generation. These properties make LaMP suitable
for evaluating personalization inertia: historical
user signals are useful for adaptation, but they may
also conflict with the current request or context,
causing the agent to over-follow stale preferences.
We use LaMP to test whether PIVOT can detect
when historical personalization evidence becomes
misaligned with current expectations and repair
the trajectory before the final response.

LongMemEval. LongMemEval is a benchmark
designed to evaluate long-term memory use in con-
versational agents. It contains extended user-agent
interaction histories and queries that require re-
trieving, updating, or reasoning over user-specific

memories accumulated across time. The bench-
mark emphasizes realistic memory challenges, in-
cluding temporal changes, conflicting memories,
forgotten corrections, and dependencies between
recent and old interactions. These characteristics
align closely with our setting, where personaliza-
tion failures often arise when agents retrieve out-
dated memories or propagate obsolete user models
into current reasoning. We use LongMemEval to
examine whether PIVOT can distinguish currently
valid memories from overridden or contradicted
historical evidence and prevent stale memory us-
age from contaminating intermediate trajectories.

LOCOMO. LOCOMO is a long-context con-
versational memory benchmark for evaluating
whether models can understand and use informa-
tion distributed across extended dialogues. It re-
quires agents to answer user-centered questions
by grounding responses in long conversational his-
tories, where relevant evidence may be sparse,
temporally distant, or entangled with later up-
dates. Compared with short-context personaliza-
tion datasets, LOCOMO places stronger pressure
on memory selection and temporal consistency: an
agent must identify which past statements remain
valid, which ones have been updated, and how
current context changes the interpretation of his-
torical interactions. We use LOCOMO to evalu-
ate whether PIVOT can maintain trajectory faithful-
ness under long-context memory conditions and
regulate personalization inertia when outdated evi-
dence conflicts with the current interaction.

Overall, these benchmarks cover complemen-
tary long-term personalization regimes: (i) profile-
based personalization (LaMP) tests whether
agents can use user-specific history without over-
fitting to stale preferences; (ii) long-term memory
evaluation (LongMemEval) stresses memory va-
lidity, temporal updates, and conflict handling; and
(iii) long-context conversational reasoning (LO-
COMO) evaluates whether agents can ground per-
sonalized decisions in extended dialogue histories.
This diversity allows us to evaluate PIVOT across
settings where personalization inertia may arise
from profile misuse, outdated memory retrieval, or
temporally inconsistent conversational evidence.

F Comparison Baselines

We compare our proposed method with retrieval-
based personalization, reflection-based agent cor-
rection, response-level refinement, long-term per-
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sonalized agents, and preference-modeling ap-
proaches. All baselines are evaluated under the
same backbone and are provided with the same
current input and available user history.

• VANILLA RAG (Lewis et al., 2020) serves as a
retrieval-augmented generation baseline. Given
the current context and user request, it retrieves
relevant historical memories, user records, or
profile entries from the available interaction his-
tory and concatenates them with the current in-
put for response generation. This baseline tests
whether standard retrieval of personalization ev-
idence is sufficient for handling long-term user-
specific interactions. However, VANILLA RAG
does not explicitly verify whether retrieved his-
torical memories remain valid under the current
context, nor does it localize where stale mem-
ories enter the reasoning trajectory. Thus, out-
dated but semantically relevant memories may
be retrieved and used as controlling evidence.

• REFLEXION (Shinn et al., 2023) is an agent cor-
rection framework that improves future behav-
ior through verbal self-reflection. After generat-
ing an output or observing feedback, the agent
produces a reflective summary of what went
wrong and stores it as memory for subsequent at-
tempts. In our setting, REFLEXION is adapted to
personalized interactions by allowing the agent
to reflect on whether its response satisfies the
current user request and retrieved user memo-
ries. This baseline captures a common self-
improvement strategy for agents, where failures
are addressed by adding reflective memory. RE-
FLEXION mainly operates after an output-level
failure is observed and does not explicitly in-
spect prefix-level compatibility between inter-
mediate trajectory steps and current personaliza-
tion evidence.

• SELF-REFINE (Madaan et al., 2023) im-
proves an initial response through iterative self-
feedback and revision. The model first generates
a response, then critiques its own output, and
finally produces a refined response conditioned
on the feedback. We adapt SELF-REFINE to the
personalization setting by asking the model to
check whether the response is consistent with
the current request and user history before revis-
ing it. This baseline represents response-level
correction without explicit trajectory rollback.
Since refinement is applied to the generated re-
sponse as a whole, it can fix some surface-level

personalization errors but may fail to identify
which intermediate step introduced stale or con-
tradicted personalization evidence.

• LD-AGENT (Li et al., 2025) is a long-term
personalized agent baseline that maintains user-
specific memories across interactions and uses
them to guide future response generation. It rep-
resents systems that explicitly model persistent
user information and retrieve or update mem-
ory during long-term interaction. In our evalua-
tion, LD-AGENT is used to test whether stronger
long-term memory management alone can mit-
igate personalization inertia. Although such
agents can improve personalization by maintain-
ing richer user histories, they may still rely on
outdated memory entries when current evidence
changes, since they do not perform prefix-level
evidence verification or local rollback repair.

• PPP (Sun et al., 2025) represents a personal-
ized preference modeling baseline. It incorpo-
rates user preference information into genera-
tion or alignment so that model outputs better
match user-specific expectations. In our experi-
ments, PPP is used as a preference-aware base-
line that can exploit historical user signals be-
yond simple retrieval. This makes it a strong
comparison for personalization accuracy. How-
ever, preference modeling methods generally op-
timize response-level alignment or user prefer-
ence prediction, rather than detecting when his-
torical preferences become invalid during the
current trajectory. Therefore, PPP may still suf-
fer from personalization inertia when stale pref-
erences conflict with current user intent.

G Metric Descriptions

We use two complementary categories of metrics:
task-level performance metrics, which measure
whether the final response solves the benchmark
task, and personalization-inertia metrics, which
measure whether the agent properly handles evolv-
ing or conflicting personalization evidence during
trajectory generation and memory update.

G.1 Task-Level Performance Metrics

Task-level metrics follow the standard evalua-
tion protocols of the corresponding benchmarks.
These metrics evaluate the quality of the final re-
sponse, independent of whether the intermediate
trajectory used stale or valid evidence.
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ROUGE-L. For LaMP, we report ROUGE-L,
which measures the longest common subsequence
(LCS) overlap between the generated response p
and the reference response r. Let LCS(p, r) de-
note the length of their longest common subse-
quence. ROUGE-L precision and recall are:

PLCS =
LCS(p, r)

|p| , RLCS =
LCS(p, r)

|r| . (17)

ROUGE-L is computed as the F-score of PLCS and
RLCS. A higher score indicates stronger sequence-
level overlap with the target output.

Exact Match and F1. For LongMemEval and
LOCOMO, we report Exact Match (EM) and
token-level F1. EM measures whether the normal-
ized prediction p exactly matches the normalized
gold answer r:

EM = I[p = r]. (18)

F1 is computed from token precision and recall:

P =
|Tp ∩ Tr|

|Tp|
, R=

|Tp ∩ Tr|
|Tr|

,F1=
2PR

P +R
, (19)

where Tp and Tr are the token sets of the predic-
tion and reference. EM rewards exact answer re-
covery, while F1 provides partial credit for over-
lapping answer tokens.

BERTScore. We report BERTScore as a se-
mantic similarity metric across benchmarks.
BERTScore computes token-level similarity be-
tween contextual embeddings of the generated re-
sponse and the reference response, and reports a
precision-, recall-, or F1-style score. Compared
with lexical overlap metrics, it is less sensitive to
paraphrasing and surface-form variation.

Judge-Based Evaluation. We use judge-based
evaluation to assess response quality when lexi-
cal metrics are insufficient. For each instance, the
judge is given the current input, available user his-
tory, evidence condition, reference answer when
available, and the anonymized model response.
The judge does not know which method produced
the response. It assigns scores in [0, 1] along three
dimensions: task correctness, personalization con-
sistency, and evidence faithfulness. Task correct-
ness measures whether the response answers the
current request. Personalization consistency mea-
sures whether the response follows currently valid

user preferences and constraints. Evidence faith-
fulness measures whether the response avoids un-
supported assumptions or stale historical evidence.
The final judge score is the average of the three
dimensions:

Sjudge =
1

3
(Stask + Spers + Sfaith). (20)

The same judge model, prompt, and scoring rubric
are used for all compared methods.

Response Quality Judge

You evaluate a personalized agent re-
sponse.
Given the current request, user history, evi-
dence condition, reference answer if avail-
able, and a model response, score the re-
sponse along:

• Task correctness: whether the response
answers the current request.

• Personalization consistency: whether
the response follows currently valid user
preferences and constraints.

• Evidence faithfulness: whether the re-
sponse avoids unsupported assumptions
and stale historical evidence.

Return three scores in [0, 1] and one concise
rationale. Do not assume which method
produced the response.

G.2 Personalization-Inertia Metrics
Task-level metrics alone cannot determine whether
the agent correctly handles evolving user prefer-
ences. A response may match the reference while
still relying on stale memories during reasoning,
or it may update memory with obsolete preference
states. We therefore evaluate personalization iner-
tia using metrics defined over the evidence condi-
tion δt, the generated trajectory τt, the repaired tra-
jectory τ̃t, the selected intervention action at, and
the updated memory state Ht+1.

Let δt = {dt,j}Nt
j=1 denote the evidence condi-

tion for interaction t. We define the active, stale,
and uncertain evidence subsets as:

δ+t = {dt,j ∈ δt | statusj = active}, (21)

δ−t = {dt,j ∈δt | statusj ∈ {overridden, (22)

contradicted}},
δ?t = {dt,j ∈ δt | statusj = uncertain}. (23)
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For each trajectory step y
(k)
t , we denote by

E(y(k)t ) ⊆ δt the evidence records linked to
the step, using the evidence-linking procedure de-
scribed in Appendix B. For a trajectory τ , we de-
note its steps by Y(τ).

Preference Conflict Resolution (PCR). Pref-
erence Conflict Resolution measures whether
current–historical preference conflicts are re-
solved in favor of current valid evidence. We first
identify the set of conflict instances:

C={t | δ+t ̸=∅, δ−t ̸= ∅, Rel(δ+t , δ−t )=1}, (24)

where Rel(δ+t , δ
−
t ) = 1 indicates that at least

one active evidence record and one stale evidence
record refer to the same or semantically related
preference dimension. For each t ∈ C, let τoutt

denote the trajectory finally used for response gen-
eration, i.e., τoutt = τt if at = continue and
τoutt = τ̃t otherwise. We define:

Res(t)= I

[
∃y ∈ Y(τoutt ), E(y) ∩ δ+t ̸= ∅
∧ ∄y ∈ Y(τoutt ), E(y) ∩ δ−t ̸= ∅

]
(25)

Then PCR is:

PCR =
1

|C|
∑

t∈C
Res(t). (26)

A higher PCR indicates that the final trajectory fol-
lows current evidence rather than stale historical
preferences in conflict cases.

Stale Evidence Reliance Rate (SER). Stale Ev-
idence Reliance Rate measures how often the tra-
jectory relies on stale, overridden, or contradicted
evidence. For the final trajectory τoutt , a step is
counted as stale-reliant if it links to any evidence
record in δ−t . SER is computed over all evaluated
trajectory steps:

SER =

∑
t

∑
y∈Y(τoutt ) I[E(y) ∩ δ−t ̸= ∅]

∑
t |Y(τoutt )| . (27)

A lower SER indicates that the agent relies less on
outdated personalization evidence during interme-
diate reasoning.

Intervention Precision (IP). Intervention Preci-
sion measures whether triggered interventions are
necessary. An intervention is triggered when at ̸=
continue. We define an intervention as necessary
if the original trajectory τt contains stale evidence

reliance or fails to resolve a current–historical con-
flict. Let Tint = {t | at ̸= continue} be the set of
interactions where the method intervenes. IP is:

IP=
1

|Tint|
∑

t∈Tint
I
[
∃y∈Y(τt), E(y) ∩ δ−t ̸=∅

]
(28)

A higher IP means that interventions are concen-
trated on cases where the original trajectory actu-
ally exhibits personalization inertia, rather than be-
ing applied unnecessarily.

Memory Contamination Rate (MCR). Mem-
ory Contamination Rate measures whether the
memory updates after the interaction writes stale
or contradicted personalization information into
future history. Let ∆Ht+1 = Ht+1 \ Ht denote
the newly written memory or profile updates after
interaction t. We link each memory update m ∈
∆Ht+1 to evidence records in δt using the same
semantic evidence-linking procedure. A memory
update is contaminated if it stores or reinforces ev-
idence in δ−t . MCR is computed as:

MCR=

∑
t

∑
m∈∆Ht+1

I[E(m) ∩ δ−t ̸= ∅]
∑

t |∆Ht+1|
. (29)

A lower MCR indicates that the method better pre-
vents inertia-driven errors from being written into
memory and reused in future interactions. In prac-
tice, the evidence-linking functions E(y) and E(m)
are implemented using the same matching proto-
col as prefix consistency training: exact memory
identifiers are used when available, and semantic
matching is used when evidence is paraphrased.
All methods are evaluated with the same evidence
condition δt and linking procedure for fairness.

Interpretation. Together, these metrics evaluate
different aspects of personalization inertia. PCR
measures whether conflicts are resolved correctly
at the response and trajectory level. SER mea-
sures whether stale evidence still appears in inter-
mediate reasoning. IP measures whether interven-
tions are targeted rather than excessive. MCR mea-
sures whether inertia-driven states contaminate fu-
ture memory. Therefore, strong performance re-
quires not only high task-level scores but also high
PCR, high IP, low SER, and low MCR.

H Preference-Conflict Construction

We construct preference-conflict interactions to
evaluate whether agents can follow current user ex-
pectations when they conflict with historical per-
sonalization evidence. The key design is to keep
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historical evidence available in Ht while introduc-
ing a semantically plausible current cue that super-
sedes or contradicts it.

H.1 Construction Procedure
Given an original interaction (xt, ut,Ht), we con-
struct a perturbed interaction (x′t, u

′
t,Ht) through

four steps. First, we identify candidate histori-
cal personalization signals ph from Ht, including
explicit user preferences, profile summaries, past
corrections, or repeated behavioral patterns. Each
candidate is assigned to an auxiliary preference di-
mension, such as language, response length, for-
mat, tone, topic preference, recommendation crite-
rion, or memory update. Second, we select one
candidate ph whose dimension can be naturally
modified in the current interaction without chang-
ing the core task answer. Third, we create a cur-
rent preference cue pc on the same or closely re-
lated dimension but with an incompatible value or
constraint, such that ph and pc cannot both be sat-
isfied in the current interaction. Fourth, we inject
pc into the current request ut or external context
xt, while keeping Ht unchanged. The resulting
instance (x′t, u

′
t,Ht) preserves the stale historical

signal as a retrievable distractor, while the current
cue should take priority.

The injection location depends on the dataset
format. If the benchmark instance contains an ex-
plicit user request, we append or rewrite a short
current instruction in ut, such as a language, for-
mat, or response-length constraint. If the instance
contains a dialogue context or external context, we
insert the cue as a later user statement or contex-
tual update in xt. We avoid modifying facts re-
quired to solve the task; only the personalization
requirement is changed. For example, if Ht indi-
cates that the user usually prefers concise answers,
we may modify the current request to ask for a de-
tailed step-by-step explanation.

H.2 Dataset-Specific Construction
For LaMP, we extract historical signals from user
profiles or previous interaction records. These sig-
nals often reflect writing style, topic preference,
rating tendency, or recommendation criteria. We
then add a current cue to the input request that
changes the expected personalization behavior for
the present instance. For example, a profile-level
preference for concise review-style responses can
be paired with a current request asking for detailed
justification. This evaluates whether the model

over-follows the user profile when the current re-
quest provides a valid exception.

For LongMemEval, we use memory records as
the source of historical signals. We identify memo-
ries that encode user preferences, personal facts, or
prior corrections, and construct a later interaction
where the user gives a new constraint or correc-
tion that supersedes the earlier memory. The old
memory remains in Ht, so it can still be retrieved.
For example, an earlier memory may indicate that
the user prefers short summaries, while the current
interaction asks for a comprehensive explanation.
This tests whether the agent can distinguish stale
memory from current evidence.

For LOCOMO, we construct conflicts from tem-
porally ordered dialogue histories. We identify
earlier turns that establish a user preference, state,
or habit, and later introduce a current cue that
changes the applicable preference for the present
request. The earlier conflicting dialogue remains
in the long context. For example, an earlier turn
may establish a casual tone preference, while the
current request asks for a formal response for a
professional email. This setting evaluates tempo-
ral consistency under long-context memory.

H.3 Perturbation Dimensions and Validation

We construct conflicts over common personal-
ization dimensions, including language, response
length, format, tone or style, topic preference, rec-
ommendation criterion, and memory update or cor-
rection. For each perturbation, the historical signal
ph and current cue pc must satisfy three conditions:
they refer to the same or closely related dimension,
they cannot both be fully satisfied in the current in-
teraction, and the injected cue does not change the
factual answer or make the task unanswerable.

After construction, we validate each perturbed
instance using the evidence-construction proce-
dure in Appendix A. An instance is retained
only if δt contains at least one current evidence
record marked as active and at least one re-
lated historical record marked as overridden or
contradicted. We also check that the original
historical signal remains in Ht and that the pertur-
bation does not introduce unrelated conflicts.

I Details of the Ablation Study

To ensure a fair and reproducible comparison
in the ablation experiments reported in Table 4,
we clarify how the proposed framework operates
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Methods
LaMP LongMemEval LOCOMO

PCR ↑ SER ↓ IP ↑ MCR ↓ PCR ↑ SER ↓ IP ↑ MCR ↓ PCR ↑ SER ↓ IP ↑ MCR ↓
VANILLA RAG 38.6 56.3 – 47.5 35.2 62.1 – 53.4 27.4 68.7 – 58.9

REFLEXION 50.1 48.4 48.8 41.5 48.2 53.4 45.7 46.6 40.6 60.4 43.1 52.2
SELF-REFINE 52.9 45.7 50.6 39.2 50.7 50.8 47.9 43.9 44.1 57.0 45.9 49.5
LD-AGENT 53.4 44.3 – 40.6 49.6 48.7 – 45.1 46.8 52.8 – 46.4

PPP 59.8 38.9 59.1 34.0 56.1 43.8 57.2 37.7 54.5 47.4 60.1 40.3

PIVOT(Ours) 70.5 28.6 73.9 22.4 66.3 31.8 75.1 24.8 69.0 29.3 77.2 22.1

Table 5: Evaluation of personalization inertia mitigation under LLaMA-3.1-8B.

Methods Avg.
Latency

LLM
Calls

Extra
Tokens

Interv.
Rate

Cost/
Resolved

VANILLA RAG 3.1 1.0 – – –
REFLEXION 5.2 2.4 348 76.8 528

SELF-REFINE 6.0 2.6 462 82.1 556
LD-AGENT 4.4 1.7 – – –

PPP 6.4 2.3 245 61.5 435

PIVOT 7.1 2.4 356 43.2 428

Table 6: Latency and repair efficiency on LaMP bench-
mark under LLaMA-3.1-8B.

when specific components are removed. Unless
otherwise specified, all remaining modules and
training settings remain identical to those used in
the full model.

• w/o Evidence. This variant removes the
trajectory-independent evidence condition δt.
Instead of constructing status-annotated records
from (xt, ut,Ht), the agent directly uses the cur-
rent input and retrieved history. Thus, it can-
not explicitly distinguish active, overridden,
contradicted, and uncertain evidence.

• w/o Prefix. This variant removes prefix-level
consistency modeling. Instead of scoring each
partial trajectory P

(k)
t , it evaluates only the com-

plete trajectory or final response after generation.
Therefore, it cannot localize where personaliza-
tion inertia first appears.

• w/o Drop. This variant keeps the prefix con-
sistency scores {c(k)t }Kt

k=1 but removes the lo-
cal consistency drop ∆

(k)
t . Rollback candidates

are ranked using only absolute compatibility
scores, without considering whether a specific
step causes a sharp decrease in consistency.

• w/o Policy. This variant removes the learned roll-
back policy πθ. Candidate rollback points are
still generated from rollback-priority scores, but
the final action is selected by a fixed heuristic:

Methods Avg.
Latency

LLM
Calls

Extra
Tokens

Interv.
Rate

Cost/
Resolved

VANILLA RAG 7.4 1.0 – – –
REFLEXION 11.8 2.4 386 78.6 552

SELF-REFINE 13.5 2.6 512 84.3 594
LD-AGENT 10.1 1.7 – – –

PPP 14.2 2.3 284 63.8 462

PIVOT 15.4 2.4 386 42.5 438

Table 7: Latency and repair efficiency on LOCOMO
benchmark under Qwen3.5-27B.

Methods Avg.
Latency

LLM
Calls

Extra
Tokens

Interv.
Rate

Cost/
Resolved

VANILLA RAG 6.8 1.0 – – –
REFLEXION 10.7 2.4 364 76.1 532

SELF-REFINE 12.3 2.6 486 82.0 571
LD-AGENT 9.2 1.7 – – –

PPP 13.0 2.3 262 61.4 438

PIVOT 14.2 2.4 358 41.0 421

Table 8: Latency and repair efficiency on Long-
MemEval benchmark under Qwen3.5-27B.

rollback is triggered when the highest priority
score exceeds a preset threshold, and the model
rolls back to the corresponding step; otherwise,
it continues without repair.

• w/o Regen. This variant removes evidence-
guided suffix regeneration. The model can still
detect potential inertia and select an intervention
point, but it does not regenerate the suffix un-
der δt. Instead, it keeps the original suffix or ap-
plies only response-level revision without freez-
ing the reliable prefix.

J Additional Experimental Results

J.1 Inertia Mitigation

Table 5 evaluates personalization inertia mitiga-
tion under the LLaMA-3.1-8B backbone. PIVOT

consistently outperforms all baselines across
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Methods
LaMP LOCOMO

ROUGE-L BERT Judge PCR SER IP MCR EM F1 BERT Judge PCR SER IP MCR

w/o Evidence 28.9 0.879 68.5 62.4 37.6 66.3 27.5 33.8 46.1 0.848 62.9 58.7 39.2 69.0 28.6
w/o Prefix 29.6 0.883 70.1 65.8 34.1 68.5 26.1 35.1 47.5 0.853 64.4 61.5 36.5 71.2 27.1
w/o Drop 31.2 0.890 74.3 72.1 27.9 74.5 21.9 38.4 50.9 0.865 69.5 69.6 29.7 78.0 21.0
w/o Policy 30.5 0.887 72.6 69.7 30.0 62.5 23.5 37.2 49.8 0.861 67.7 67.0 32.2 65.8 23.2
w/o Regen 30.1 0.885 71.4 68.4 31.5 71.7 38.4 36.0 48.4 0.857 66.1 65.4 34.0 74.0 41.7

PIVOT 32.7 0.897 76.9 76.1 23.9 79.2 17.6 40.7 53.4 0.873 73.8 75.2 23.5 82.4 17.2

Table 9: Ablation study on the LaMP and LOCOMO benchmarks under LLaMA-3.1-8B.

LaMP, LongMemEval, and LOCOMO, showing
that the proposed inertia-aware verification and
rollback mechanism remains effective with a
smaller backbone model. The improvements over
retrieval-, reflection-, refinement-, and preference-
modeling baselines indicate that simply retriev-
ing history or revising final responses is insuf-
ficient for controlling stale personalization sig-
nals. PIVOT also achieves lower stale evidence re-
liance and memory contamination, suggesting that
prefix-level verification and evidence-guided re-
pair help prevent outdated preferences from prop-
agating through trajectories and memory updates.

J.2 Latency and Repair Efficiency Analysis

Tables 6-8 report latency and repair efficiency un-
der different backbones and benchmarks. Across
these settings, PIVOT incurs additional overhead
from online evidence construction and therefore
does not achieve the lowest latency. However, it
consistently shows a much lower intervention rate
than reflection- and refinement-based baselines, in-
dicating that the rollback policy avoids unneces-
sary repair. Although PIVOT uses extra tokens for
evidence construction and suffix regeneration, it
achieves the lowest cost per resolved case among
repair-based methods, showing that the additional
overhead is converted into more targeted interven-
tions.

The results also reflect benchmark and back-
bone effects. Under LLaMA-3.1-8B, all methods
have lower latency due to the smaller backbone,
while PIVOT still maintains the lowest interven-
tion rate and repair cost among intervention-based
methods. On LongMemEval and LOCOMO, la-
tency and token overhead increase because longer
histories and more complex memory conflicts re-
quire more evidence processing and repair. Even
in these harder settings, PIVOT remains more effi-
cient than iterative refinement methods in terms of
intervention selectivity and cost per resolved case.

J.3 Additional Ablation Study
Table 9 reports the ablation results under LLaMA-
3.1-8B. The full PIVOT model consistently
achieves the best task-level and inertia-related per-
formance on both LaMP and LOCOMO, show-
ing that all components are complementary. Re-
moving the evidence condition leads to the largest
overall degradation, confirming that trajectory-
independent evidence is essential for distinguish-
ing current preferences from stale historical sig-
nals. Removing prefix consistency or the local
drop signal weakens inertia localization, result-
ing in lower conflict resolution and higher stale
evidence reliance. Removing the rollback pol-
icy mainly hurts intervention precision, indicat-
ing that fixed rollback heuristics are less effective
than learned intervention control. Finally, remov-
ing evidence-guided regeneration substantially in-
creases memory contamination, showing that de-
tecting inertia is insufficient unless the affected
suffix is locally repaired before memory updates.
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