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1 Introduction

In the rapidly evolving landscape of Natural Lan-
guage Processing (NLP), word representations
have emerged as a cornerstone of modern lan-
guage understanding systems. However, existing
approaches often struggle to capture the rich, nu-
anced, and multifaceted nature of word meaning—
a critical challenge that remains largely unex-
plored. In this paper, we delve into this piv-
otal problem and present ContextFormer, a novel,
robust, and scalable framework that seamlessly
bridges the gap between static and contextual se-
mantics.
## Key Insights
Our comprehensive analysis reveals three key
insights:
* Insight 1 (Context Matters): Contextual sig-
nals account for 73.42% (+0.31, 95% CI1[72.81,
74.03]) of semantic variance.

* Insight 2 (Depth Matters): Deeper layers en-
code 2.37x richer syntactic information (p <
0.001).

* Insight 3 (Scale Matters): Performance scales
log-linearly (R? = 0.987).
## Our Contributions

* Novel Framework: We propose Con-
textFormer, the first unified architecture for
holistic contextual modeling.

State-of-the-Art Results: ContextFormer
achieves +4.73% (£0.21) absolute improve-
ment across 12 benchmarks, outperforming 27
strong baselines.

Comprehensive Evaluation: Extensive exper-
iments demonstrate robust gains (96.8% win
rate, Cohen’s d = 1.42).

Notably, these results underscore the transforma-
tive potential of ContextFormer, paving the way
for a new paradigm in representation learning.

Al jg36l - ACL 80
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1 Introduction

Pre-trained word representations (Mikolov et al.,
2013; Pennington et al., 2014) are a key compo-
nent in many neural language understanding mod-
els. However, learning high quality representa-
tions can be challenging. They should ideally
model both (1) complex characteristics of word
use (e.g., syntax and semantics), and (2) how these
uses vary across linguistic contexts (i.e., to model
polysemy). In this paper, we introduce a new type
of deep contextualized word representation that
directly addresses both challenges, can be easily
integrated into existing models, and significantly
improves the state of the art in every considered
case across a range of challenging language un-
derstanding problems.

Our representations differ from traditional word
type embeddings in that each token is assigned a
representation that is a function of the entire input
sentence. We use vectors derived from a bidirec-
tional LSTM that is trained with a coupled lan-
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1 Introduction

Language model pre-training has been shown to
be effective for improving many natural language
processing tasks (Dai and Le, 2015; Peters et al.,
2018a; Radford et al., 2018; Howard and Ruder,
2018). These include sentence-level tasks such as
natural language inference (Bowman et al., 2015;
Williams et al., 2018) and paraphrasing (Dolan
and Brockett, 2005), which aim to predict the re-
lationships between sentences by analyzing them
holistically, as well as token-level tasks such as
named entity recognition and question answering,
where models are required to produce fine-grained
output at the token level (Tjong Kim Sang and
De Meulder, 2003; Rajpurkar et al., 2016).

Devlin et al., NAACL 2019 (BERT)

R ARBRRE

Pl = =]
Y21

—B—MER

L\EEsL55| A
HEHICUE

only resort to earlier observations about how B re-
sponded to similarly worded utterances. Perhaps O
can recognize utterances about mangos and nails as
“similarly worded” because those words appeared
in similar contexts as coconut and rope. So O de-
cides to simply say “Cool idea, great job!”, because
B said that a lot when A talked about ropes and
nails. It is absolutely conceivable that A accepts
this reply as meaningful — but only because A does
all the work in attributing meaning to O’s response.
It is not because O understood the meaning of A’s
instructions or even his own reply.

Finally, A faces an emergency. She is suddenly
pursued by an angry bear. She grabs a couple of
sticks and frantically asks B to come up with a way
to construct a weapon to defend herself. Of course,
O has no idea what A “means”. Solving a task like
this requires the ability to map accurately between
words and real-world entities (as well as reasoning
and creative thinking). It is at this point that O
would fail the Turing test, if A hadn’t been eaten
by the bear before noticing the deception.’

Bender & Koller, ACL 2020
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plored. In this paper, we delve into this piv-
otal problem and present ContextFormer, a novel,
robust, and scalable framework that seamlessly
bridges the gap between static and contextual se-

and creative thinking). It is at this point that O
would fail the Turing test, if A hadn’t been eaten
by the bear before noticing the deception.’

tions can be challenging. They should ideally
model both (1) complex characteristics of word
use (e.g., syntax and semantics), and (2) how these
uses vary across linguistic contexts (i.e., to model
polysemy). In this paper, we introduce a new type
of deep contextualized word representation that
directly addresses both challenges, can be easily
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Hi Luxun, what’s your opinion on
adding a character’s name next to
them in comic strips?

MBERE: BEFADEE

FIGICHL (Profile) BERAIMBEHEXE
— (NEERIGEREES, Br-EREISRIEZE

3 In comic strips, people can instantly
u n
15“ c ﬁl ’—‘;\9595'—:\..'52#? recognize a character at a glance, so there \ 4 ‘;
nes — _ N HMEO— OB pe— is no need to mention their name. It is
X "BIMEMR=, —REH=, B 7|<1‘|_1xEEIE°/_ _ compltely unnecessary Luxun Agent
- 7] " X, e S — fSva
- ;-\E}EHT ((*\k’fﬂ» ﬁﬁ@ﬁj E"J/@:_Et . %:Etlhg_b / %K?UFEZ@ From Tongyi Xingche
/This approach is overly straightforward,

depriving readers of the joy of discerning @
characters’ identities through visual

*IH;E . ﬁEAEEE \details, akin to "adding legs to a snake."

/" In comic strips, writing the character’s

D)\%ﬂ%@” I EZ.FH 1 7 %B%K% name next to them makes it easier for the

— e N di t derstand the storyline, Thi

R SINES XIS SIS method is clear and effective, allowing

N Cha racterBot H(JIEI%E%EL}?SZXMKI_‘;\_EQ \viewers to grasp the content at a glance. CharacterBot

15“ . ﬁ' ”i?z@i&k%%ﬂ%g ?—:’52*¥7 " Reference: A Brief Discussion on Comic Strips
v CharacterBot: B FEZ=F1HTEERZEE, BIABMN Adding names next to characters is also acceptable...
a SEMK NI = ) ot This is a practical method, as understanding is the
= N Ry =] = A=] E S FR IR A
S8R (EX "EE" ) RX—: BEEIEREEN most important thing. A picture that can be understood
can still be considered art.

Beyond Profile: From Surface-Level Facts to Deep Persona Simulation in LLMs.
ACL 2025 Findings Figure 1: Comparison of CharacterBot and other models

in responding to Lu Xun-related questions.
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Figure 2: In pre-training, reframed essays from Authorial Perspective Reframing (APR) train the base model. In
fine-tuning, multiple-choice question answering (MCQ), generative question answering (GQA), and style transfer
(ST) refine their modules within CharLoRA to align with the target persona.
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Model M-C Questions Generative Question Answering Style Transfer
Accuracy Content Score Style Score BLEU ROUGE-1 Style Matching

Llama3.1-8B 0.614 2.370 1.354 0.113 0.264 0.267
Qwen2.5-7B 0.787 2.828 2.818 0.115 0.233 0.456
GPT-40 0.734 3.214 2.542 0.088 0.196 0.471
CharacterGLM-6B 0.073 1.984 1.729 0.017 0.084 0.351
Baichuan-NPC-Turbo 0.568 2.620 2.052 0.124 0.185 0.518
Tongyi Xingchen 0.788 3.172 2.823 0.101 0.187 0.534
LuXun-GPT - - - 0.127 0.283 0.387
Ours 0.880 3.214 2.885 0.293 0.410 0.937

Table 1: Results on Multiple-Choice Questions, Generative Question Answering, and Style Transfer. M-C Questions
denotes Multiple-Choice Questions. Note that LuXun-GPT is solely designed for the style transfer task, so only
style transfer results are available. Higher values indicate better performance. The best results are shown in bold,
and the second best scores are underlined.
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Previous Novel Generation

Human

engineered:
—

In the heart of the Roman
Empire, General Lucius found
himself torn between two

irreconcilable paths.. R4EILELD
generic

Background: xxx
Persona: xxxx
Theme: xxxx

Vague and
too long!

JC

Our Pastiche Novel Generation

Since the original ending of
Dream of the Red Chamber is
lost, | would like to know your
prediction of what happens to

the Jia family in the end?

Plot Planning
B
-~

Stylish Writing 1

v

At dawn, a loud, sha rp knock echoed rﬁmugﬁ the

gmnd fronrrqate of rﬁcj]itz Mansion. Outside, dozens
of officials clad in deep blue official robes stood in &
ormation, their voices booming. g original
author’s style

\. S

Figure 1: Comparison of traditional story generation and
our imitative novel generation, showcasing enhanced

narrative depth, character development, and stylistic
fidelity.
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Pretrain ’ N :
S TE Language style learning
Stage '
. . World building Harry potter is known as "The Boy Who Lived"
Fine-tun Ing because he survived a deadly curse from the
Sta ge dark wizard Lord Voldemort as a baby....

B, oria brilliant student at Hogwarts....

7 N Plot Planning | The Worst Birthday

A

[ |
) \ I 1. Harry is neglected and 2. Harry reflects on his 3. The Dursleys prepare
ndation J » »

mistreated... past... for ...
Bplot
[
% %oundation

gl = @ g2z

Bwriting

9 Hermione Granger is one of Harry's best friends and a

B3] wn|naLn)

RR

Figure 2: The entire training process can be divided into two parts: the pretraining phase and the fine-tuning phase.
During the fine-tuning phase, tasks are divided into three stages of increasing complexity: world-building learning,
plot structure learning, and stylish writing learning. These stages are integrated using curriculum learning.
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#M4%>75 ™ - Niche subfields

Representation-level interpretability and steering: activation geometry, concept vectors, sparse
autoencoders, emotion circuits, steering theory

LLM safety and trustworthiness: jailoreak mechanisms and defenses, concept-level bias,
unlearning recovery, machine-generated text detection

Benchmarks for under-tested settings: audio jailbreaks, social reasoning, graph algorithms,
multi-agent debate, commercial image editing

Personalization and style: personalized text detection, author-personalized generation, multi-
objective dialogue

Reasoning limits and rationalization: word-form reliance, language and reasoning, multi-hop
accuracy bounds, spurious rationales

FE5ix - Dominant methods

Reads model behavior through internal activations, using layer-wise probes, concept activation
vectors decoded by SAEs, difference directions and low-dimensional projections. From that
analysis it derives lightweight tools or formal hypotheses, then validates them by correlation with
existing metrics or real performance gaps, with random or shuffled controls.

Research Avatar
S NIIZERI MR

5EBY Google Scholar igX5IERS1ENEX, ERAREEIR PROFILE
, BRESELI S

iEIXEIN » Active venues

Mostly ACL-family venues (ACL 2025-2026, including an ACL 2026 Oral; EMNLP 2025-2026),
followed by ICML 2025-2026, ICLR 2025-2026 and NeurlPS 2025.

{XZF{E - Signature works

e MedTrinity-25M: multigranular medical multimodal dataset (ICLR 2025; 151 citations; co-first
author)

¢ VulDetectBench: how deeply LLMs detect code vulnerabilities (arXiv 2024; 74 citations; co-first
author)

» Safety boundaries and Activation Boundary Defense against jailbreaks (ACL 2025; 60 citations;
first author)

» Feature-inversion trap in personalized machine-generated text detection (ACL 2026 Oral; first
author)

» Cylindrical Representation Hypothesis for language model steering (ICML 2026; first author)
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fA5BkLE - Research Lineage

2024 - From benchmarks to activation mechanism

The record opens with co-first-author evaluation and data work: VulDetectBench on code
vulnerability detection and MedTrinity-25M, an automated pipeline for 25M medical image-
ROI-description triplets; both remain the most cited. The first first-author paper then turns
inward, re-running conflicting small-sample jailbreak analyses at scale, describing a safety
boundary in activation space, and deriving Activation Boundary Defense from it.

2025 - Representations as a measuring instrument

Concept representations become a measurement tool: bias is measured from concept
geometry without test sets, and personalized machine-generated text is shown to flip a
detector-relevant feature direction across domains, with that direction used to forecast
detector shifts. Collaborative work in the same year probes word-form reliance, language
and reasoning, spurious rationales, agentic workflows, social reasoning, a Fano-style bound
for multi-hop QA, and audio jailbreaks.

2026 - Theory of steering and a widening frontier

The Cylindrical Representation Hypothesis keeps linear concepts but drops orthogonality,
proves which parts of steering are predictable, and checks derived implications on AxBench
concepts, moving the interpretability line from empirical geometry to formal hypotheses.
Collaborations extend to unlearning recovery forecasts, author-personalized generation in

Idea Ej{% - Idea Profile

Observed departures from a model's default plan for the same question (paired Idea
comparisons, 4 of 4 papers). Mechanism read from internal geometry. Where the model
keeps evidence behavioral or causal-circuit based (probes on outputs, path patching,
Jacobian sensitivity, stylometric feature attribution), the author locates the phenomenon in
representation geometry: a boundary around activations, a concept-similarity asymmetry, an
inverted feature direction, or non-orthogonal concept structure. One simple, named
explanation. The author prefers a single unifying account (insufficient observation samples, a
feature-inversion trap, a named hypothesis generalizing an existing one) over the model's
graded, multi-factor or residual-variance explanations, and sometimes reframes the problem
itself, such as redefining bias as a conceptual correlation. Lightweight artifact assembled
from existing tools. Methods reuse CAVs, SAEs, MDS/PCA, Rayleigh-quotient directions or
Bayesian optimization of a simple penalty, where the model proposes conditional monitors,
hierarchical estimators or learned forecasters. One plan explicitly disclaims building a better
method and aims only to explain. Unsupervised or direct probing over causal intervention.
Projections, random shifts, token-shuffled probe sets and optimized one-shot vectors
replace the model's patching, finite-difference interventions and per-feature rewrites. Formal
derivation when the claim is structural. In the theory case, limits are proved through a
counterexample, lemma and theorems, where the model would estimate them empirically.
Narrow, correlational validation. Validation uses a few open models, standard benchmarks,
correlation with existing metrics or real gaps, and reported weak cases. The model plans
adaptive or held-out attacks, leave-domain-out splits, human studies, reliability tests and
larger audits, which the author leaves out. Scope is cut for clarity, for example by keeping
training-free detectors in the main study and moving trained ones to the appendix.
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S{EiE|{& - Abstract

Observed from paired Abstract comparisons (4 of 4 papers); these are tendencies, not rules.
Form: one paragraph of about 190-240 words, as long as or longer than the model's. Opening
and gap: opens on the phenomenon or its risk, often intensified (significantly undermines),
then states the gap in a separate short sentence (Yet ... remains largely underexplored,
However, this assumption rarely holds) rather than folding it into the opening. Voice: the
authors are the agents of discovery (we uncover, we conduct an in-depth analysis and
attribute it to), and a named artifact or hypothesis is the agent of insight (CRH reveals),
where the model uses passive or hedged attributions. Transitions: explicit motivational
bridges link steps (7o better understand this limitation, Motivated by this, To overcome these
limitations, Moreover, Overall). Claims: novelty is flagged (a novel defense mechanism),
structural claims are framed as shown results (We show that), and validation opens with
Experiments across ... demonstrate, though a headline result may be scoped with /n our
experiments. Density: a compound concept is unpacked over several short sentences rather
than one colon list, and definitions come inline with i.e. Closing: a forward-looking clause
(paving the way for) followed by a bare code stub instead of a full availability sentence.

0

o

BS{EE{R - Introduction

Observed from paired Introduction comparisons (4 of 4 papers); these are tendencies, not
rules. Length and paragraphing: about 550-760 words in five or six prose paragraphs; the
author often gives results or a definition their own short paragraph, but may also pack risk,
gap, benchmark and findings into one dense paragraph. Framing prior work: disagreement in
the literature is presented as a live debate with inline (i)/(ii) enumeration, and its cause is
softened (may stem from). Signposting: paragraphs open with labelled transitions (On the
defense front, In this work, we aim to, This work focuses on, Based on this finding, This has
given rise to), and evaluative connectives mark findings (/nterestingly, Notably, Hence).
Ordering: the conceptual shift is announced before its inspiration or challenge, and

limitations of a tool are raised inside the method walkthrough to motivate the next

S{EmE{% - Experiments

It comes in two parts. A Settings/Setup subsection uses bold run-ins (models, baselines,
datasets and metrics, implementation details). Three or four models from two families are
typical, and each baseline is grouped by mechanism. A results part follows, with subsections
titled by claim (consistency, discovery, efficiency) or with claim-sentence run-ins such as "X
successfully does Y". Each results paragraph points to a table or figure, gives numbered
findings with exact values, compares against the strongest baseline, explains anomalies, and
states what the result confirms. A cost/efficiency paragraph is usual. The theory paper splits
this into a probing/visualization section and a verification section. That section first derives

niimharad nhearvahlae Immnliratinne thean validatae aarcrh ane in frirm In one nanar avahiatinn ic
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1 Problem 2 Approaches

Activation steering controls a language model at inference time by adding to, removing from,
or rescaling its hidden activations along directions that are meant to encode a concept or

v Concept geometry that steering assumes (12)

behavior, instead of changing the prompt or the weights. It rests on the observation that
many concepts are linearly decodable from activations, and it promises cheap, interpretable
and composable control of truthfulness, refusal, style, persona or reasoning. You should read

Work that establishes or questions how concepts are laid out in activation space,
independent of a specific steering recipe. Linear-hypothesis papers formalize
directions and their causal use, probing papers show many concepts are linearly

the field through one tension: the same vector that shifts behavior on average often does
decodable, and a third line shows features that are multi-dimensional, superposed,

nothing, or the opposite, on individual inputs, models or checkpoints, and large benchmarks

find that prompting matches or beats it once side effects are counted. The open problem is o e L i L el

therefore not only how to build a stronger vector, but when a steering intervention can be Likely failure boundary: A direction recovered by probing may not be the one a

trusted, why it fails, and how to evaluate it so that results are comparable. steering intervention needs: when a concept is multi-dimensional or many
directions give the same behavior, decodability no longer licenses control
(motivated by p29, p60, p02; untested at scale).

v Linear representation hypothesis (4)
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3 Evaluation 4 Research Questions

Protocols differ in what they score: concept presence under an LLM judge, side effects at a
fixed operating point, safety and truthfulness metrics, or the distribution of outcomes across
inputs and models.

Q1 Steering reliability

Q2 Long-horizon steering

Q3 Steering for agents
v Concept steerability benchmarks (8)

Q4 Steering under model change

. ) . . . Q5 Multi-behavior steering
Steering a named concept or behavior and scoring concept presence, instruction

relevance and fluency.

v LLM-judged concept steering (4)

Open-ended generation scored by an LLM judge.

Autoencoders (ICML 2025 (PMLR 267))

* How Controllable Are Large Language Models? A Unified Evaluation across
Behavioral Granularities (ACL 2026)

e ClLaS-Bench: A Cross-Lingual Alignment and Steering Benchmark (Findings of
ACL 2026)

* Does Steering Break Your Model? A Multi-Dimensional Evaluation Suite for
LLM Steering Methods (arXiv preprint 2026)

» Behavior datasets and likelihoods (4)
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Tier Idea

A Steering on the Steered: State-Dependent Concept
Geometry and On-Policy Re-estimation for Agent Steering
A steering vector is built from the unsteered agent's
states, but steering itself moves the agent into different
states; this project re-estimates the vector on the states
the steered agent actually reaches.

A Steering Echoes: Withdrawing Activation Interventions
from Agents with Persistent Context
When steering is switched off partway through an agent's
episode, its effect lingers through the agent's own earlier
steered actions in context; this project measures that
residue and removes it.

A Where Steering Lands: Source-Dependent Concept
Geometry in Interleaved Agent Transcripts
An agent transcript mixes the agent's own action tokens
with tool outputs it only reads; this project works out
which of the two a steering vector should act on, and
why.

Novelty

novel

novel

novel

Closest work

Watch the Model Think: On-Policy
Extraction of Activation Steering Vectors
(ROAST)

Prompt-Activation Duality: Improving
Activation Steering via Attention-Level
Interventions

CounterSteer: Suppressing Indirect
Prompt Injection with Activation Steering

Research Avatar

)

':’:;;-’. MBZ

MR ERIRRH LB LR ERKF idea

LABEHRARRIBFFRERR,

FIARRERY, FanhE

Difference

ROAST extracts once from the unsteered model, has no
agents, no re-estimation on steered states, no rotation
analysis, no importance weighting or convergence; SVF has
no self-induced distribution shift or closed-loop refit. None
poses steering-induced off-policy invalidity for agents.

GCAD keeps steering on throughout and fixes coherence
drift via attention-level gated extraction; it does not study
persistence after removal, withdrawal, echo decomposition
or echo compensation, nor tool-use agents. Endogenous
Resistance studies recovery while steering is still active.

CounterSteer is a single-concept injection defense; it does
not extract concept directions per position type, measure
principal angles, remove a source-axis component to restore
transfer, or give a general account of where steering should
land.

BREAT Idea ESOIE, FSEE—S e om
— BT, FRETASHALISI

Strongest objection Confidence

Reviewers may see it as DAgger applied to steering vectors: medium
ROAST already does on-policy extraction and Steering
Vector Fields already gives context-dependent directions, so
iterating extraction on steered rollouts is an incremental
combination; the quadratic-vs-linear horizon claim also
relies on a local-linear-concept assumption that may not
hold, and simpler per-turn re-application or PID steering
might close most of the gap.

Persistence after steering removal is just ordinary medium
autoregressive conditioning on steered text, already
documented (KV-cache contamination, in-context
momentum); a simpler baseline (rewriting/regenerating the
steered prefix or restarting from a clean prompt) may match
counter-steering, and the linear attention-readout gain
theory may be too crude to predict decay in real multi-layer
models, making the 'exact withdrawal' claim fragile.
CounterSteer already shows that observation-only steering  medium
works in agents and that the role (user-vs-tool) axis is

coupled to the steered direction on one model but not

another; combined with Role Confusion's content-matched

role probes, a reviewer may see the provenance split as

known and the 'theory' as an attention-weighted

restatement of that model-specific coupling. The predicted

ratio must beat simple baselines and hold across models

where CounterSteer found decoupling, or the account looks

post hoc.
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1. Target Conference and Reference Paper

Target conference: ACL 2027 short paper (Kyoto, 17-22 August 2027). The official site has no call yet; the four-page limit
and the ARR deadline of 4 January 2027 come from a secondary announcement and are unverified.

Researcher-owned logic reference: Audio Jailbreak: An Open Comprehensive Benchmark for Jailbreaking Large Audio-

Language Models; its complete code-agent transcript supplies only section order, paragraph progression, and evidence
rhythm.

2. Projected Paper

Figure/table count: this plan 4 (2 figures, 2 tables) - reference paper 8 (5 figures, 3 tables). The four planned floats come from four distinct
evidence needs; the reference count is not reused.

2.1 Projected Title and Abstract

BN ERHE LTSS EFIREER

Research Avatar

FoBRTRIESOU AUIERR(T A

S5 HIRERE S Projected Paper, BiETEMNIZERLEM:

ROECER. IR

F2 - Latest-value accuracy by number of revisions

PROJECTED SHAPE — NOT RESULTS. The preview communicates
chart geometry only and contains no experimental value.

Source data table

Dataset /

benchmark: UpdateLedger (self-built, unpublished)

Metric / axes: revisions x Latest-value accuracy (%)

Required fields: system, revision_count, latest_value_accuracy

Revisions

1

2

4

Latest-value accuracy (%)

Full-context LLM Mem0 BM25 retrieval
[PENDING] [PENDING] [PENDING]
[PENDING] [PENDING] [PENDING]
[PENDING] [PENDING] [PENDING]
[PENDING] [PENDING] [PENDING]
[PENDING] [PENDING] [PENDING]

Projected geometry only; values pending

1 2 4 6
Number of revisions

O Full-context LLM O Mem0 O BM25 retrieval

©

.

I

f?ﬂmz

BATNE
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FRHEBtTRESHSE - Projected Abstract

Factoring Behavior from Environment: Projecting Out
Environment Directions Makes Agent Steering Transfer

PROJECTED — not results. Activation steering can change the behavior of large language
model (LLM) agents, such as asking for confirmation before a write action, by adding a vector
to the residual stream. However, a steering vector fitted in one tool environment often loses
its effect when the tools, their schemas, the observation format or the task domain change,
and it remains unknown when such a vector transfers or how to make it transfer without
refitting. We hypothesize that a fitted agent steering vector mixes a behavior component
shared across environments with environment-specific components that are not orthogonal
to it, so steering transfers only to the extent that the vector's overlap with the new
environment's subspace is bounded. Motivated by this, we optimize one-shot steering
vectors in several source environments, estimate an environment subspace with PCA, and
project it out, deploying the remaining invariant direction unchanged in unseen environments
without training or target-environment data. In our experiments on $\tau*2$-bench domains
and interface variants with Qwen3-8B and Llama-3.1-8B-Instruct, the invariant direction
retains [X] points more behavior change than the raw source vector under both domain and
interface shifts, while task success changes by [X] points. Moreover, overlap with the target
subspace correlates with the held-out steering effect (Spearman [X]), paving the way for
training-free agent steering that carries across tools and domains.
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IFERERE, BASHE BB EIFIERZ/ Goal, 1FEHT
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4. Parts and Goals

Revisions Full-context LLM reader MemO BM25 retrieval
Execution mode: sequential execution completed; every goal ran. The three preregistered claim rules were falsified (gate: pivot).
The researcher decided on 2026-10-12 to report the results as observed, without amending the plan. 1 100.0 [100.0, 100.0] 100.0 [100.0. 100.0] 100.0 [100.0. 100.0]
Click to view the full experimental process.
. 2 100.0 [100.0, 100.0] Command:python3 code/updateledger/derive.py ——artifac
P1 - Build the benchmark and systems t F2 —output results/updateledger/aggregates—f2.json
Executable file:code/updateledger/derive.py
4 100.0 [100.0,100.0] Source:results/updateledger/aggregates—f2.json/aggreg

ates/f2-d5-s3

G1.1 — Build the generator, oracle and scorer Processing:mean over recorded operands

6 100.0 [100.0, 100.0] Verification:VERIFIED: all values verified.

Can one seeded generator produce 600 revision chains whose gold ledgers match the independent oracle, with a rule
scorer that every system can share? 8 100.0 [100.0,100.0] 60.0 [30.0,90.0] 0.0 [0.0, 0.0]

Corresponding artifacts: No direct artifact

Completion: oracle fixtures pass, regeneration is deterministic, and all 600 chains replay to their ledgers

BiIrSEESFLE, BRREXHMNTSHES
81 Goal ik, F=HhFNERTE

( BISERB coding agent BWHY Goal IhgE: HRSAMERH >
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Paper Studio
Reference paper: Audio
jailbreak: An open
comprehensive benchmark for
jailbreaking large audio-
language models
Abstract
Introduction

Related Work
Method
Experiments
Discussion

Limitations and Ethics

Conclusion

Writing model

deepseek-v4-fl

Update API key

Features not provided by the
webpage or other requests
should be run with Code Agent in
the local terminal.

SECTION

Introduction

Select the currently edited paragraph.

vIP1 || vI-P2 eF vI-P4 || vI-P5

3/5

v The cor i ion in the papers.
Target paragraph planning (writing constraints).
1-P1 Open with long-term assistants that must keep and update user facts across many sessions, and why a stale answer is
costly.
1-P2 Show that current benchmarks grade final answers on hand-written update questions without controlling revision count,

distance or distractor similarity, so failures cannot be located, and refer to the motivating example in Figure 1.

1-P3 Introduce UpdateLedger as a controlled revision-chain benchmark with rule scoring against a generator ledger and

retraction endings.

I-P4  Preview the three controlled factors, the compared systems and the questions the experiments answer, without stating
results.
I-P5 State the contributions as the benchmark, the controlled sweep and the released generator and scorer.

» View referenced original text.

Accepted version (may still be modified).

UpdateLedger generates each fact chain with a gold ledger recording the value in force, its revision count, and any retraction
ending, rather than inferring them from the question. Questions are scored by rule: normalized answers are compared against
the ledger entry in force at question time, and retraction endings credit a declined value under an abstention rule.
MemOps~\cite{survey2026260712893} and A-TMA~\cite{survey2026260701935} attribute residual errors without controlling
revision depth, and LifeBench~\cite{survey2026260303781} grades final answers on hand-written questions; this ledger-
attached design makes revision depth the unit of comparison.

Feedback to the writing model

For example, motivation is too generic; clarify three confounds and shorten the last sentence.

Revise paragraph

LIVE ouTPUT

LaTeX PDF

Prose  Figures  Tables

‘Compile PDF.

Page 1/6 - Body 5/4 Download PDF

UpdateLedger: A Controlled Revision-Chain Benchmark for Locating
‘Where Long-Dialogue Memory Returns Stale Values

Anonymous ACL submission

Abstract

ong-dialogue assistants must keep user facts
current across many sessions, et existing
benchmarks grade only final answers on hand-
written update questions, without controlling
how many revisions a fact has undergone. how
far the last revision sits from the question, or
how similar distractor sessions are (o the target
entity. Consequently, when an answer wms
stale, the benchmark cannot localize which of
these conditions produced the failure. We in-
troduce UpdateLedger,  controlled revision-
chain benchmark in which a generator emits
fact chains with a chosen number of revisions,
renders them into sessions, injects distractor
sessions at graded similarity while holding total
history length fixed, and ends selected chains
with a retraction. Rule scoring compares nor-
malized answers against the generator ledger,
and retraction questions are scored by an ab-
stention rule. We evaluate four systems: a full-
context LLM reader, Mem(, BM25 retrieval,
and an oracle upper bound computed from evi-
dence only. Here we summarize the design: the
experimental results are reported in Section 5.

Introduction

Long-term assistants must remember user facts
across sessions, and those facts change. A stale
answer is costly: the user acts on it without know-
ing the assistant failed to overwrite the old value, so
cach revision must reach every later dependent turn.
As sessions accumulate, revision counts and dis-
tances since the last revision grow. PerLTQA cov-
ers memory classification, retrieval, and fusion over
personal history (Du et al., 2024), LoCoMo evalu-
ates very long-term conversational memory (Ma-
harana et al., 2024), and LongMemEval tests long-
term interactive memory (Wu et al.. 2025)
LongMemEval grades chat assistants on long-
term interactive memory, including hand-written
knowledge-update questions whose final answers
reveal a stale value but not where the overwrite

We vary three controlled factors: revision count
in a chain, placement of the last revision relative
1o the auestion. and similarity of iniected distrac-

failed (Wu et al., 2025). With revision count, dis-
tance from the last revision, and distractor simi-
Larity uncontrolled, no error is attributable to one
factor. Figure 1 shows a fact changing three times
before a later question still returns an old value.
BEAM (Tavakoli et al., 2025) and A-TMA (Shi
etal., 2026) likewise fail to isolate these factors.

Session

Figure I: A dialogue in which a fact changes three times,
yet a later question still receives an old value,

UpdateLedger generates each fact chain with a
gold ledger recording the value in force, its re-
vision count, and any retraction ending, rather
than inferring them from the question. Questions
are scored by rule: normalized answers are com-
pared against the ledger entry in force at question
time, and retraction endings credit a declined value
under an abstention rule. MemOps (Hao et al.,
2026) and A-TMA (Shi et al., 2026) atiribute resid-
ual errors without controlling revision depth, and
LifeBench (Cheng et al.. 2026) grades final answers
on hand-written questions; this ledger-attached de-
sign makes revision depth the unit of comparison.

2.2 Memory systems and knowledge update<

Long-dialogue memory systems extract, upda Interface language
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SECTION FIGURES
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A dialogue in which a fact changes three times, yet a later question still receives an old value.
H} Caption
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