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ABSTRACT

Frontier LLM agents perform complex interactive tasks, but their inference costs
motivate transferring their experience to smaller open-source agents. Distilla-
tion and latent communication typically require target-model training or access
to source-model internals. We study how textual frontier-model trajectories can
provide reusable local controls for a frozen agent. Inspired by protocol reverse
engineering, we introduce Agentic Latents, comprising anchored states and dy-
namic profiles of feedback–response cycles elicited by replay in the target model.
Our training-free framework, REVEAL (REVerse Engineering Agentic Latents),
uses these profiles and trajectory outcomes to match and select local events from
successful and failed rollouts of the same task and source model. Their response-
transition contrasts yield a target-specific steering direction, applied before each
response. Within-benchmark evaluations on Terminal-Bench 2.1 and Human-
ity’s Last Exam with tools report higher accuracy than unmodified agents across
three targets. Representation analyses and behavioral case studies support reusing
frontier-model experience as local activation control.

1 INTRODUCTION

Large language model (LLM) agents perform complex tasks through repeated interactions with tools
and environments. Frontier models navigate these interactions effectively, but repeated calls over
long trajectories can incur substantial inference costs. Smaller open-source models offer a path to
lower-cost and more flexible deployment, yet often struggle with complex tool use and sustained
task execution (Qin et al., 2024b; Merrill et al., 2026). Frontier-model trajectories provide a record
of how stronger agents reason, act, and respond to feedback. Reusing this experience could help
smaller agents complete demanding tasks with low additional adaptation cost.

Existing approaches transfer model capabilities through several forms of supervision. Teacher-
generated task labels and explanations can supervise smaller models (Hsieh et al., 2023), while
interaction trajectories provide demonstrations of tool use and sequential decision-making (Qin
et al., 2024b). Access to internal states further enables representation-level transfer, including latent
communication (Zou et al., 2025; 2026). These routes rely on target-model training or access to
source-model internals. Figure 1 contrasts the corresponding training and information-access re-
quirements. These requirements leave a practical gap: training adds optimization costs for each
target, while text-only interfaces preclude internal-state transfer. This leads us to ask: Can long-
horizon text trajectories from frontier models be reconstructed as reusable local control signals for
a frozen open-source agent?

Inspired by protocol reverse engineering, which infers message structure through comparisons of
observed network traces (Cui et al., 2007), we organize frontier-model experience into local interac-
tion units for representation analysis and control. We introduce Agentic Latents: anchored states and
dynamic profiles of feedback–response cycles, obtained by replaying interaction traces in a frozen
open-source model. Representation engineering provides tools for analyzing these states and inter-
vening on model behavior (Zou et al., 2023). A central challenge is that trajectory outcomes provide
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Figure 1: Three routes for reusing frontier-model experience: (1) feature distillation trains on inter-
nal states; (2) black-box distillation trains on textual trajectories; (3) REVEAL characterizes Agentic
Latents through frozen target-model replay of textual trajectories and derives steering directions.

coarse supervision for local control: successful rollouts may contain ineffective retries, while failed
ones may include useful corrections. We therefore use local representation dynamics to guide com-
parisons between successful and failed rollouts of the same task and frontier model.

We introduce REVEAL (REVerse Engineering Agentic Latents), a training-free framework that de-
rives activation-steering signals from Agentic Latents (Figure 1, bottom). Anchored states are read
at corresponding stages of feedback reception and response generation across trajectories, providing
a common basis for local comparison. Their dynamic profiles characterize local interaction through
update magnitude (U ), directional retention (C), verbal accessibility (V ), and cross-cycle consis-
tency (S), guiding event matching and selection. Each target model aggregates response-transition
contrasts from the selected events into a direction in its own representation space and applies it
before generating each response.

We evaluate REVEAL on Terminal-Bench 2.1 (Merrill et al., 2026) and Humanity’s Last Exam with
tools (Phan et al., 2025). On Terminal-Bench, REVEAL improves task completion across all three
evaluated target models; for Qwen3.6-27B, it also outperforms trajectory SFT with fewer online
tokens and interactions. Complementary analyses examine how response anchors summarize local
transitions, how feedback-associated directions evolve during responses, and which trajectory pat-
terns are shared across target models. Together with behavioral case analysis, these results support
using Agentic Latents to characterize long-horizon experience and derive local controls for open-
source agents.

Our contributions are threefold:

• Agentic Latents for characterizing long-horizon interaction. We introduce Agentic Latents,
comprising anchored states and dynamic profiles, to characterize local internal representations
in long-horizon interaction. The states mark corresponding interaction stages, while the profiles
describe within- and cross-cycle dynamics for event comparison and selection.

• Training-free control through trajectory reverse engineering. We propose REVEAL, which
selects matched local events from successful and failed frontier-model rollouts and constructs
steering directions from their response-transition contrasts in each target model. The method uses
textual trajectories and outcome labels without updating target parameters or accessing frontier-
model logits or hidden states.
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• Evidence for control utility and latent interaction structure. We evaluate REVEAL across
three target models on terminal interaction and tool-assisted reasoning. Performance and online-
cost comparisons assess the utility of the reconstructed controls, while complementary analyses
examine response-transition approximation, representation dynamics, cross-model consistency,
and subsequent agent behavior.

2 METHOD

2.1 OVERVIEW

Given textual frontier-model trajectories and task outcomes, REVEAL characterizes Agentic Latents
and derives steering directions while keeping target parameters fixed. In Figure 2(a), frozen replay
yields anchored states at corresponding interaction stages and dynamic profiles of within- and cross-
cycle interaction. REVEAL uses these profiles to match and select local events, then aggregates
their target-space response-transition contrasts into a steering direction (Figure 2(b)). During online
interaction, the target applies this direction once before each response (Figure 2(c)). State extraction,
profile computation, and direction construction are offline; each target serves as its own observer in
our experiments.

2.2 PRELIMINARIES

Agent–environment interaction. Given a task q and an initial observation o0, the agent’s history
at round t is Ht = (q, o0, a0, o1, . . . , at−1, ot). We suppress fixed system instructions, tool specifi-
cations, and serialization in this notation. Here, at is an assistant response, which may include tool
calls, and ot is the feedback received before that response. For a nonterminal interaction,

at ∼ πθ(· | Ht), ot+1 ∼ E(· | Ht, at), (1)

where πθ is the agent policy and E is the environment. A rollout τ ends with task completion or an
interaction limit. An external evaluator assigns its outcome yτ ∈ {0, 1}; this label is excluded from
the replay input.

Activation steering. Let hϕℓ (x) ∈ Rdϕ denote the residual-stream state at position x and layer ℓ in
a frozen model with parameters ϕ; the corresponding causal token prefix is implicit. We use ψ for
the observer and θ for the target; the same model may serve both roles. Additive steering modifies
the target state during a forward pass (Rimsky et al., 2024):

hθℓ (x)← hθℓ (x) + αvθℓ , (2)

where vθℓ is a steering direction and α its strength. The remaining computation uses the modified
state without updating θ.

2.3 CHARACTERIZING AGENTIC LATENTS

Agentic Latents comprise two components: anchored states and dynamic profiles. The states are
extracted at corresponding positions in feedback–response cycles, while the profiles characterize
state changes, response-content accessibility, and cross-cycle relationships for event comparison
and selection. A frozen observer replays recorded trajectories under teacher forcing with causal
attention. We suppress the rollout index when describing an individual cycle.

Anchored states. For each cycle t ≥ 1, we read internal states at anchors marking the preceding
response endpoint, the input boundary, and the current response endpoints:

Aend
t−1 −→ Bt −→ Astart

t −→ Aend
t . (3)

Aend
t−1 is the last non-whitespace content token of the preceding response. Bt is the final token of the

input prefix, including environmental feedback and the generation header, immediately before the
current response. Astart

t and Aend
t are the first lexical and last non-whitespace content tokens of that

response. Structural chat-template markers are excluded from response endpoints. Each model maps
the corresponding text spans to its own token positions. Cycles with missing anchors are omitted;
token-mapping conventions are given in Appendix B.
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Figure 2: REVEAL reconstructs activation control from textual frontier-model trajectories. (a)
Frozen replay yields Agentic Latents: anchored states and dynamic profiles. (b) Contrastive sam-
ple selection identifies matched local events; steering vector calculation combines their response-
transition differences through hierarchical averaging. (c) The frozen target applies the resulting
direction before each response.

Dynamic profiles. We characterize the anchored states through four measurement families, U , C,
V , and S, for event comparison and selection. For U , C, and S, we independently RMS-normalize

observer states as h̄ψℓ (x) = hψℓ (x)/
√
∥hψℓ (x)∥22/dψ + ϵ, where ϵ > 0 is a numerical stabilizer

(Appendix B).

Update magnitude (U ). The displacement across the feedback interval and its root-mean-square
magnitude are

ut,ℓ = h̄ψℓ (Bt)− h̄
ψ
ℓ (A

end
t−1), Ut,ℓ =

∥ut,ℓ∥2√
dψ

. (4)

U quantifies the representation change associated with the feedback interval.

Directional retention (C). We project response states onto the feedback-associated update, relative
to the preceding response endpoint:

Ct,ℓ(X) =

〈
h̄ψℓ (X)− h̄ψℓ (Aend

t−1), ut,ℓ

〉
∥ut,ℓ∥22 + ϵ

, X ∈ {Astart
t , Aend

t }. (5)

We denote the two coefficients by Cstart
t,ℓ and Cend

t,ℓ at the response start and end, respectively. A
coefficient near one indicates a projected displacement of comparable magnitude to the original up-
date. Values may exceed one or become negative, indicating a larger or oppositely signed component
along the same direction.

Verbal accessibility (V ). We measure the accessibility of recorded response tokens using a frozen
Jacobian lens (J-lens) (Gurnee et al., 2026), with pre-fitted matrices from Neuronpedia. The bound-
ary vocabulary readout is

pJ,ψt,ℓ = softmax
(
Wψ

U Normψ

(
Ĵψℓ h

ψ
ℓ (Bt)

))
, (6)

where Ĵψℓ is a fixed residual-transport matrix for the observer, and Normψ and Wψ
U are the ob-

server’s final normalization and unembedding. Its theoretical definition is given in Appendix A. Let
Yt contain the unique non-structural content token IDs in the recorded response, tokenized by the
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observer, and let Vψ be its vocabulary. We measure their mean normalized rank:

Vt,ℓ =
1

|Yt|
∑
y∈Yt

[
1−

rankpJ,ψt,ℓ
(y)− 1

|Vψ| − 1

]
. (7)

Ranks are descending and one-based, and V is defined for nonempty Yt. Higher values place the
recorded response tokens nearer the top of the boundary ranking. These tokens supply offline readout
targets; causal attention prevents them from affecting the boundary state.

Cross-cycle consistency (S). We measure the directional agreement between consecutive updates:

St,ℓ =
⟨ut,ℓ, ut+1,ℓ⟩
∥ut,ℓ∥2∥ut+1,ℓ∥2

. (8)

This cosine is defined for nonzero updates in immediately adjacent cycles. Positive values indicate
directional agreement, while negative values indicate disagreement. Events without a valid successor
are excluded from selection.

2.4 TRAJECTORY REVERSE ENGINEERING AND STEERING

REVEAL selects contrastive event pairs using the dynamic profiles of Agentic Latents, then calcu-
lates steering directions from their anchored target states (Figure 2(b)).

Contrastive sample selection. For each task, we form pairs p = (τ+, τ−) of successful and failed
completed rollouts from the same frontier model, excluding infrastructure failures. Candidate sam-
ples are local feedback–response events i = (τ, t) with complete dynamic profiles, including a valid
successor for S. In a matched pair (i, j), i is drawn from τ+ and j from τ−.

We summarize each measurement using fixed observer-layer sets and aggregation rules, restricting V
to lens-supported layers. For event i, a summarymi is standardized as zm(i) = (mi−µm)/(σm+ϵ)
using construction-data statistics. Within each rollout pair, we match events one-to-one without
replacement by their proximity in (zU , zV ), prioritizing the same tool category and similar prefix
lengths. We then rank matched pairs by their differences in directional retention and cross-cycle
consistency. Writing ∆zm(i, j) = zm(i)− zm(j), the selection score is

Gij =
1
2 (|∆zCstart(i, j)|+ |∆zCend(i, j)|) + |∆zS(i, j)|. (9)

The top half of matched pairs within each rollout pair formKp. Thus, U and V guide comparability,
whileC and S identify contrasting dynamics. Rollout outcomes determine the contrast’s orientation;
larger C or S values are not assumed to be better.

Steering vector calculation. Frozen target replay provides the raw anchor states for each selected
event and its recorded prefix. For i = (τ, t), we denote its anchors by Bi, Astart

i , and Aend
i , and

compute the response-transition summary

rθℓ,i =
1
2

[
hθℓ (A

start
i ) + hθℓ (A

end
i )

]
− hθℓ (Bi). (10)

This summary averages the response-start and response-end displacements from the input bound-
ary. Each selected pair (i, j) ∈ Kp contributes rθℓ,i − rθℓ,j , contrasting boundary-relative response
displacements from successful and failed source rollouts in the same target layer. Hierarchical aver-
aging averages these contrasts within each rollout pair, then averages pair means equally within each
task and task means equally across tasks (Appendix B.5). We normalize the resulting nonzero ag-
gregate as vθℓ = ṽθℓ /∥ṽθℓ ∥2 and use it as a candidate direction for perturbing the target’s pre-response
state. The recorded response endpoints are required only during offline construction.

Online steering. For each target and benchmark, we use a fixed intervention layer ℓs and strength
α, chosen empirically. Before each response, we apply

hθℓs(Bt)← hθℓs(Bt) + αvθℓs . (11)

The addition occurs once during prefill at the final prefix token; B0 denotes this position for the
initial response. Decoding then proceeds normally. The direction and strength remain fixed, and
online execution requires no additional observer pass or frontier-model query.
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Table 1: Main agent performance (accuracy, %). Shading is normalized within each column; darker
cells indicate higher scores. Within each model block, the best and second-best All scores are bold
and underlined, respectively.

Method Terminal-Bench 2.1 HLE w/ Tools

Easy Medium Hard All Math Phys. Chem. Bio/Med. CS/AI Eng. Hum./Soc. Other All

Qwen3.6-27B

Vanilla 75.00 43.64 10.00 33.71 24.65 14.00 13.33 20.93 12.70 15.79 12.00 4.44 18.00
Prompt-Reg 100.00 38.18 20.00 34.83 28.37 12.00 13.33 27.91 17.46 15.79 14.00 4.44 20.80
REVEAL-Base 75.00 41.82 20.00 35.96 27.91 20.00 20.00 20.93 19.05 10.53 12.00 6.67 21.00
REVEAL (Ours) 100.00 47.27 16.67 39.33 29.30 16.00 20.00 23.26 19.05 10.53 16.00 8.89 22.00

Gemma-4-31B-IT

Vanilla 50.00 27.27 3.33 20.22 30.70 22.00 20.00 25.58 14.29 15.79 14.00 4.44 22.40
Prompt-Reg 25.00 21.82 0.00 14.61 28.37 18.00 0.00 27.91 15.87 15.79 28.00 4.44 22.20
REVEAL-Base 75.00 32.73 3.33 24.72 28.37 26.00 13.33 27.91 20.63 21.05 22.00 6.67 23.80
REVEAL (Ours) 100.00 30.91 6.67 25.84 34.42 18.00 20.00 30.23 17.46 31.58 18.00 8.89 25.80

GPT-OSS-20B

Vanilla 25.00 3.64 0.00 3.37 13.02 2.00 6.67 9.30 3.17 0.00 4.00 2.22 7.80
Prompt-Reg 25.00 7.27 3.33 6.74 11.63 2.00 6.67 6.98 9.52 5.26 4.00 4.44 8.20
REVEAL-Base 25.00 9.09 0.00 6.74 15.35 4.00 13.33 11.63 4.76 0.00 2.00 6.67 9.80
REVEAL (Ours) 50.00 10.91 3.33 10.11 19.07 4.00 6.67 13.95 7.94 10.53 4.00 2.22 12.00

Terminal-Bench protocols. Terminal-Bench 2.1 includes 4 easy, 55 medium, and 30 hard tasks.
HLE categories. Math, Phys., Chem., Bio/Med., CS/AI, Eng., and Hum./Soc. denote Mathematics, Physics, Chemistry, Biology/Medicine,
Computer Science/AI, Engineering, and Humanities/Social Science.

3 EXPERIMENTS

3.1 TASKS AND DATASETS

We evaluate REVEAL on terminal interaction and tool-assisted reasoning. Terminal-Bench
2.1 (Merrill et al., 2026) comprises 89 tasks that require agents to operate in containerized command-
line environments. We use the complete task set and evaluate task completion with the benchmark’s
task-specific verifiers through Harbor.1 Results are reported overall and by the official difficulty
categories: 4 easy, 55 medium, and 30 hard tasks. Humanity’s Last Exam (HLE) (Phan et al.,
2025) evaluates expert-level reasoning across academic disciplines. We use the fixed 500-question
subset released by WebThinker (Li et al., 2025), which was randomly sampled from the text-only
questions, and evaluate it in a tool-assisted setting. Final answers are graded by GPT-5.6-luna; we
report accuracy overall and across eight subject categories.

3.2 BASELINES

We compare REVEAL with three baselines. Vanilla uses the underlying agent without addi-
tional feedback-regulation instructions or activation steering. Prompt-Reg adds a fixed natural-
language policy that instructs the agent to revise assumptions using feedback, carry updates into
subsequent actions, avoid ineffective repetition, and preserve valid constraints. The full policy ap-
pears in Appendix C. REVEAL-Base constructs a steering direction from target-model activations
elicited by successful and failed frontier-model trajectories, adapting contrastive activation addition
(CAA) (Rimsky et al., 2024). It uses trajectory outcomes without REVEAL’s profile-guided selec-
tion of local feedback–response events. For the efficiency comparison, we also fine-tune Qwen3.6-
27B by next-token prediction on the same 124 frontier-model trajectories used for direction con-
struction.

3.3 IMPLEMENTATION DETAILS

We use Qwen3.6-27B (Qwen Team, 2026), Gemma-4-31B-IT (Gemma Team, 2026), and GPT-
OSS-20B (OpenAI, 2025) as target models, each serving as its own frozen observer. GPT-5.6-sol
generates four rollouts per task. Tasks with both successful and failed rollouts contribute selected

1https://github.com/harbor-framework/terminal-bench-2-1
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Table 2: Accuracy and online interaction costs on Terminal-Bench 2.1. The row in gray reports the
frontier model’s mean pass@1 over four rollouts per task; the remaining rows use Qwen3.6-27B.
Token and interaction costs are means per task. Bold values indicate the best results among the three
target-model methods.

Accuracy (%) ↑ Online tokens (k) ↓ Interactions ↓
Target

training

Method Easy Medium Hard All Input Output Rounds Tool calls

Frontier Model 93.75 60.00 39.17 54.49 346.16 9.46 16.03 28.56 –

Vanilla 75.00 43.64 10.00 33.71 595.14 15.21 23.30 47.91 No
Vanilla + SFT 75.00 49.09 6.67 35.96 223.14 14.02 15.70 34.87 Yes
REVEAL 100.00 47.27 16.67 39.33 143.71 6.95 13.88 27.92 No

.50 .75 1.0
Cosine  ↑

Qwen

Gemma

GPT-OSS

(a) TB · Direction

0.0 0.5 1.0
Rel. error  ↓

(b) TB · Error

.50 .75 1.0
Cosine  ↑

(c) HLE · Direction

0.0 0.5 1.0
Rel. error  ↓

(d) HLE · Error

Start only End only Dual endpoints

Figure 3: Endpoint approximations of mean response displacement across three models and two
benchmarks; points and bars show task-balanced means and 95% task-bootstrap intervals. Layers
23, 22, and 8 are used for Qwen, Gemma, and GPT-OSS, respectively.

contrasts to one steering direction per target and benchmark. We evaluate within-benchmark adapta-
tion using outcome-labeled source trajectories from the evaluation task collection, without a held-out
task split. Target parameters remain frozen.

We choose the intervention layer and strength empirically and keep them fixed during evaluation.
On Terminal-Bench, agents use Terminus-2 through Harbor, with vLLM serving at temperature 1.0.
REVEAL intervenes at layers 40, 30, and 15 for Qwen3.6-27B, Gemma-4-31B-IT, and GPT-OSS-
20B, respectively, with α = 0.5, at the final input-prefix position before each response. Per-request
generation caps are 81,920, 8,192, and 32,768 tokens, respectively. We set these caps separately
based on the models’ observed response-generation behavior during agent interactions, and share
each cap across methods for the same target. They bound individual responses; actual task-level
consumption is measured separately in the efficiency analysis.

3.4 MAIN RESULTS

Finding 1: REVEAL achieves higher reported performance across both benchmarks and all
three target models. On Terminal-Bench, completion improves by 5.62–6.74 percentage points
over Vanilla and by 1.12–3.37 points over REVEAL-Base (Table 1). On HLE, REVEAL likewise
achieves the highest reported overall accuracy among the compared methods for each target model.

Finding 2: REVEAL reduces online interaction costs relative to trajectory SFT. Using the same
124 trajectories from 33 tasks within the evaluation collection, REVEAL solves 35/89 Terminal-
Bench tasks versus 32/89 for trajectory SFT (Table 2). Relative to SFT, it uses 35.60% fewer input
tokens and 50.43% fewer output tokens, with fewer rounds and tool calls. These measurements
cover execution after adaptation; source collection, offline replay, profile computation, and SFT
training are excluded.
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Think

Tool

Think

Tool

Vanilla

Think

Tool

Think

Tool

REVEAL

Think

Tool

Think

Tool

Count fields separately, then
check separators.

Field-wise counts + separator sweep
Count R separately 63,841
Count S separately 15,745

Check direct concatenation 79,566
Check newline separation 79,586

R + S =
79,586

Confirm the separate-field 
interpretation.

Write answer 79,586

Compare separately, 
and combined counts.

Separate / concatenated / newline counts
Count R separately 63,841
Count S separately 15,745

Check direct concatenation 79,566
Check newline separation 79,586

R + S =
79,586

Reconsiders concatenation; 
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Write answer 79,586
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tokenize.

Count direct concatenation 79,566
Write/read answer.txt 79,566

No separate-field tokenization

Notices ambiguity; 
finalizes without testing.

Finalize task 79,566

Direct concatenation count only

Figure 6: A case study. REVEAL and the frontier reference compare alternative token-counting
operations, whereas Vanilla finalizes without testing the recognized ambiguity.

3.5 EMPIRICAL ANALYSIS

Finding 3: Response anchors provide a compact summary of local representation transitions.
At the measured layer of each model and on both benchmarks, averaging the response-start and
response-end states better approximates the boundary-relative mean response displacement than
either endpoint alone (Figure 3). Mean cosine similarity reaches 0.75–0.92, while relative error
decreases by 14.5–30.9% against the better single endpoint. These results support the response-
endpoint summary used to construct steering contrasts from Agentic Latents.

Finding 4: Update magnitude and directional retention reveal complementary interaction dy-
namics. Response-end projections are lower than response-start projections in 147/148 evaluated
layers on Terminal-Bench and 144/148 on HLE. Figure 4 places this shared pattern alongside the
distinct depth profiles of update magnitude, verbal accessibility, and cross-cycle consistency. Full
HLE profiles and within-response curves extend this analysis in Appendices D.2–D.3.
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Finding 5: The same trajectories induce correlated cross-cycle dynamics across models. For
identical replayed trajectories, task-centered S profiles retain cross-model Spearman correlations of
0.68–0.95 on Terminal-Bench and 0.71–0.84 on HLE (Figure 5). Agreement in U is substantially
weaker: shared temporal structure coexists with model-dependent update magnitudes. Outcome-
conditioned contrasts retain this agreement (Appendix D.5). These correlations characterize scalar
trajectory descriptors; steering directions are reconstructed separately in each target’s latent space.

Finding 6: In a counting task, the steered agent adopts the frontier reference’s verification pat-
tern. In count-dataset-tokens, Vanilla recognizes a possible separator effect but finalizes
the direct-concatenation total of 79,566 without testing alternatives. The frontier reference counts
fields independently and checks separator variants. REVEAL uses a different counting script, com-
pares the alternatives, and revises its initial preference for concatenation before selecting 79,586
(Figure 6). This case illustrates a verification pattern shared with the frontier reference, expressed
through the target’s own computation and decision sequence.

4 RELATED WORK

4.1 REPRESENTATION ENGINEERING AND ACTIVATION STEERING

Representation engineering examines how high-level concepts are encoded in LLM representations
and how interventions on these representations alter model behavior (Bartoszcze et al., 2025; Wehner
et al., 2025). The Representation Engineering framework (Zou et al., 2023) systematizes this per-
spective through two complementary operations: Representation Reading and Representation Con-
trol. Representative studies probe truth-related representations through Inference-Time Intervention
(Li et al., 2023) and The Geometry of Truth (Marks & Tegmark, 2024), while Activation Addition
(Turner et al., 2023) and Contrastive Activation Addition (Rimsky et al., 2024) construct steering
directions from prompt-pair or contrastive activation differences. Related vector-based studies ex-
amine refusal (Arditi et al., 2024), in-context functions (Todd et al., 2024), and task representations
(Hendel et al., 2023), while evaluation work shows that measured steering effects depend on proto-
col design (Pres et al., 2024). REVEAL compares feedback–response dynamics across trajectories
through the anchored states and dynamic profiles of Agentic Latents.

4.2 TOOL USE AND LONG-HORIZON AGENTS

Research on tool-using LLM agents increasingly examines multi-step interactions shaped by obser-
vations, tool outputs, and environmental feedback (Qin et al., 2024a; Wang et al., 2024). Represen-
tative systems include WebGPT (Nakano et al., 2022) for browsing-grounded question answering,
ReAct (Yao et al., 2023) for reasoning–action interleaving, Toolformer (Schick et al., 2023) and
ToolLLM (Qin et al., 2024b) for API use, and Reflexion (Shinn et al., 2023) for feedback-based
retry. Recent work reads tool necessity from pre-generation states and controls it through textual
prefill, diagnoses capability-relative knowing–doing gaps, and extracts steerable tool-identity direc-
tions (Sun et al., 2026; Cheng et al., 2026; Wu et al., 2026). Trajectory-level methods further decode
tool dependencies and predict episode failure from agent states, or audit safety risks through observer
representations (Sun & Kazakov, 2026; Ruan et al., 2026; Li et al., 2026). Closer to long-horizon
control, From Actions to Understanding (Padhi et al., 2026) derives success/failure directions over
agent trajectories, whereas TACT (Sui et al., 2026) steers behavioral drift axes at reasoning–action
boundaries. REVEAL uses trajectory outcomes and local representation profiles to select interaction
events, then derives steering directions from their target-model response transitions.

5 CONCLUSION

Long-horizon experience can be reused as local control within an agent’s existing representation
space. REVEAL represents this experience as Agentic Latents, comprising anchored states and dy-
namic profiles, and uses the profiles to select response-transition contrasts for steering. Our results
connect these controls to improved task execution and, on Terminal-Bench, more economical online
interaction. This reuses frontier-model experience through the executing model’s own representa-
tions, without accessing frontier-model internals or updating target parameters.
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LIMITATIONS

Our evaluations measure within-benchmark adaptation using outcome-labeled trajectories from the
evaluation task collection; transfer to held-out tasks and new environments remains untested. Fu-
ture work could evaluate explicit construction/evaluation splits and transfer across frontier sources.
Event selection also depends on compatible pre-fitted Jacobian lenses and valid feedback–response
anchors, excluding events with missing measurements. Alternative readouts and selection rules for
incomplete interaction records could extend the settings in which Agentic Latents can be studied,
while testing whether their control utility persists.

AI USE STATEMENT

We used generative AI tools to assist with literature and citation checks, local editing to improve
the clarity and readability of the manuscript, and LaTeX template migration and formatting. The
authors reviewed and revised the outputs as needed at each stage and take full responsibility for the
final text, claims, citations, and artifacts.
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A JACOBIAN-LENS READOUT

The verbal-accessibility component of Agentic Latents compares a boundary-state vocabulary read-
out with the content of the recorded response. This section develops the Jacobian-lens construction
underlying that readout and distinguishes its role in event selection from the construction of RE-
VEAL’s steering direction.

A.1 FROM LOCAL PERTURBATIONS TO A SHARED READOUT

Following Gurnee et al. (2026), consider the effect of perturbing a source residual state on down-
stream residual states. For a fixed calibration context c, let zψ(x′; c) denote the residual state at the
lens’s output layer, and define

Dψ
ℓ;x′,x(c) =

∂zψ(x′; c)

∂hψℓ (x; c)
∈ Rdψ×dψ . (12)

Write zψ = hψℓout
, where ℓout is the output-layer index of the fitted lens; the published construction

considers final and penultimate output layers. A perturbation δ at source position x gives the first-
order expansion

zψ,δ(x′; c)− zψ(x′; c) = Dψ
ℓ;x′,x(c)δ + o(∥δ∥2), x′ ≥ x. (13)

Causal attention makes the derivative zero for x′ < x. The derivatives are evaluated on a fixed
token sequence, so the expansion describes a forward computation without differentiating through
future-token sampling.

For a final-layer target, the corresponding logit derivative follows by the chain rule. Writing
sψout(x

′; c) =Wψ
U Normψ(z

ψ(x′; c)),

∂sψout(x
′; c)

∂hψℓ (x; c)
=Wψ

U DNormψ

(
zψ(x′; c)

)
Dψ
ℓ;x′,x(c). (14)

This identity separates residual transport from the output head. In particular, the normalization
derivative depends on the context; averaging residual Jacobians is not the same operation as averag-
ing logit derivatives.

Let Ic and Oc be the valid source- and destination-position sets for context c. Matching the official
mean estimator2, we define the population lens by summing over causal destinations and averaging
over source positions and contexts:

Jψℓ = Ec

 1

|Ic|
∑
x∈Ic

∑
x′∈Oc
x′≥x

Dψ
ℓ;x′,x(c)

 . (15)

For a calibration corpus D, the corresponding empirical estimator is

Ĵψℓ =
1

|D|
∑
c∈D

1

|Ic|
∑
x∈Ic

∑
x′∈Oc
x′≥x

Dψ
ℓ;x′,x(c). (16)

Here D is the lens-calibration corpus. The destination sum should not be replaced by a uniform
mean over position pairs: that change generally reweights source positions. Source layers, output
layer, position masks, and aggregation choices are properties of the fitted checkpoint.

REVEAL loads the observer-compatible matrices published by Neuronpedia3, which were fitted
using the official library. We do not estimate Jacobians or refit a lens on REVEAL trajectories.
In our evaluated setup, each target also serves as its own observer, so its V measurements use its
corresponding fitted lens. Lens fitting is an external prerequisite; REVEAL’s trajectory processing
and online steering keep both the model and lens parameters fixed.

2https://github.com/anthropics/jacobian-lens
3https://huggingface.co/neuronpedia/jacobian-lens
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A.2 VOCABULARY SCORES AND THE J-SPACE

For the raw boundary state h = hψℓ (Bt), the readout first transports h, then applies the observer’s
output normalization and unembedding:

sψt,ℓ =Wψ
U Normψ(Ĵ

ψ
ℓ h), pJ,ψt,ℓ = softmax(sψt,ℓ). (17)

The transported activation is a readout surrogate, not the reconstructed final state of this particular
response. REVEAL uses the score ordering without treating the scores as calibrated probabilities of
subsequent token occurrence.

The role of normalization can be made explicit for bias-free RMS normalization. If Normψ(z) =

Γψz/
√
d−1
ψ ∥z∥22 + ϵN, with diagonal gain Γψ , then

sψt,ℓ(y) =
⟨qψℓ,y, h⟩√

d−1
ψ ∥Ĵ

ψ
ℓ h∥22 + ϵN

, qψℓ,y = (Ĵψℓ )
⊤Γ⊤

ψ (W
ψ
U )⊤ey, (18)

where ey is the vocabulary unit vector. The denominator is shared across tokens, so their order is
determined by the inner products. This derivation requires the stated normalization form; Equa-
tion (17) retains the actual model head. Geometric RMS normalization in Appendix B is a separate
operation and is not substituted into this readout.

Gurnee et al. (2026) describe the J-space through sparse nonnegative combinations of token-indexed
lens directions. Using the effective token directions above to incorporate the normalization gain, and
suppressing the observer superscript, let N = |Vψ| and Qℓ = [qℓ,1, . . . , qℓ,N ]. For a sparsity budget
k, the analogous construction is

Jℓ,k = {Qℓβ : β ≥ 0, ∥β∥0 ≤ k}, β⋆ ∈ argmin
β≥0, ∥β∥0≤k

∥h−Qℓβ∥22. (19)

This is a union of cones; the sparse representation need not be unique. REVEAL computes vo-
cabulary ranks directly and does not solve this sparse reconstruction problem. Its Agentic Latents
comprise anchored states and dynamic profiles, not a recovered J-space, and its steering directions
come from raw target-model response-transition contrasts rather than token-lens vectors.

A.3 WHY THIS READOUT FITS REVEAL

REVEAL needs a descriptor of response-content accessibility before a response begins. A logit
lens reads intermediate states with the output head directly, equivalent to the identity transport in
Equation (17). This omits the transformation between the source layer and the output representation.
A tuned lens learns affine maps to approximate the model’s final prediction distribution (Belrose
et al., 2023). That objective addresses next-token prediction fidelity, rather than the accessibility of
content distributed throughout a response. Here, Yt includes content throughout a recorded response,
and V asks how highly that content ranks at the boundary. The boundary state uses its causal prefix;
Yt is obtained retrospectively solely for offline scoring. We therefore use the averaged-transport
readout to characterize this broader content set.

The lens operates only during offline profiling. Its V score is paired with U to match events with
similar update size and content accessibility; C and S then identify contrasting dynamics. The
resulting event indices determine which raw response transitions contribute to steering. Thus the
lens affects the choice of evidence used to construct a direction, without defining that direction’s
coordinates or adding a lens computation to online execution.

A.4 INTERPRETING THE EMPIRICAL READOUT

Our readout diagnostics distinguish relative rank from top-token recovery. Alongside V , we com-
pute

Recall@50t,ℓ =
1

|Yt|
∑
y∈Yt

1{rankpJ,ψt,ℓ (y) ≤ 50}. (20)

Both statistics weight unique content token IDs equally. In task-balanced layer-band summaries of
our HLE source-trajectory cohort (1,303 tasks), Qwen has late-layer V = 0.635 with Recall@50
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of 1.4089%, while GPT-OSS has early-layer V = 0.710 with Recall@50 of 0.0245%. The respec-
tive supported bands are zero-based layers 43–62 and 0–7. This replay cohort is separate from the
500-question online evaluation. Above-chance average ranks can therefore coexist with low top-50
coverage. This supports interpreting V as relative accessibility of recorded content, rather than re-
covery of the complete response. It also motivates using V within an observer and layer convention
instead of treating its absolute value as a model-independent quality score. These diagnostics char-
acterize the chosen readout; they do not establish comparative superiority over alternative lenses.

B AGENTIC LATENTS: ANCHORS AND DYNAMIC PROFILES

Agentic Latents combine states at corresponding stages of interaction with profiles of their local
dynamics. The anchors define which events can be compared; the profiles specify what is compared.
We give the extraction conventions and derive two properties that explain the information retained
by these measurements.

B.1 ANCHORED STATES AND CAUSAL PREFIXES

For each model, anchors are mapped from response-content and generation-header spans in its chat
serialization. Aend

t−1 is the last non-whitespace content token of the preceding response;Bt is the final
generation-header token after feedback; Astart

t andAend
t are the first lexical and last non-whitespace

content tokens of the current response. Structural chat markers are excluded from response end-
points. Correspondence refers to interaction roles, not equal token indices or shared hidden-state
coordinates across models.

Each anchor is evaluated with its recorded causal prefix. In particular, hψℓ (Bt) includes feedback
and the generation header but no token of the current response. The state at Astart

t already includes
the first lexical response token. Teacher forcing makes the recorded response available for extracting
its later states and content set Yt, while causal attention prevents those later tokens from changing
the boundary state. A one-token response may have coincident start and end anchors.

The interval from Aend
t−1 to Bt includes new feedback, serialization, and a change of token position.

Its displacement is therefore feedback-associated, not an isolated causal effect of the feedback text.
The response anchors delimit the subsequent state change using the same reference point. Their
endpoint average is a compact response summary whose fidelity is evaluated in Figure 3.

B.2 NORMALIZATION AND GEOMETRIC INTERPRETATION

For U , C, and S, we independently RMS-normalize observer states without learned gains:

h̄ψℓ (x) =
hψℓ (x)√

d−1
ψ ∥h

ψ
ℓ (x)∥22 + ϵ

, ϵ > 0. (21)

This gives ∥h̄∥2 ≤
√
dψ and hence 0 ≤ Ut,ℓ ≤ 2. It controls state scale without identifying coor-

dinates across models. The J-lens reads raw boundary states, and steering directions are constructed
from raw target states; neither operation uses Equation (21).

For nonzero raw states a0, b0 at the preceding endpoint and boundary, let a, b be their normalized
states and ρa = ∥a∥2/

√
dψ , ρb = ∥b∥2/

√
dψ . Expanding the squared displacement gives

U2 = ρ2a + ρ2b − 2ρaρb cos(a0, b0). (22)
When the stabilizer is negligible relative to both raw mean squares, ρa, ρb ≈ 1 and U2 ≈
2[1 − cos(a0, b0)]. Thus U measures geometric change, not the usefulness of new information.
The following decomposition explains why it is accompanied by retention and cross-cycle measure-
ments.

Proposition 1 (Complementary within- and cross-cycle geometry). Fix a layer ℓ and suppress its
index in U , C, S, and u. Let ut ̸= 0, xpret = h̄ψℓ (A

end
t−1), and wt(X) = h̄ψℓ (X)− xpret for a response

anchor X . Then

wt(X) =

(
1 +

ϵ

dψU2
t

)
Ct(X)ut + w⊥

t (X), ⟨w⊥
t (X), ut⟩ = 0. (23)
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For a nonzero update in the immediately succeeding cycle,

∥ut+1 − ut∥22
dψ

= U2
t+1 + U2

t − 2UtUt+1St. (24)

Equal update magnitudes can therefore accompany different response retention and cross-cycle di-
rections.

Proof. The orthogonal projection coefficient of wt(X) onto ut is ⟨wt(X), ut⟩/∥ut∥22. Substituting
Ct(X) = ⟨wt(X), ut⟩/(∥ut∥22+ ϵ) and ∥ut∥22 = dψU

2
t gives Equation (23). Expanding the squared

difference between adjacent updates gives Equation (24). For an explicit example with dψ ≥ 2,
choose orthonormal e1, e2 and 0 < R <

√
dψ . Set xpret = Re1 and h̄ψℓ (Bt) = Re2. If the response

endpoint returns to Re1 and the next boundary is Re2, then Cend
t = 0 and St = 1. If the response

endpoint remains at Re2 and the next boundary returns to Re1, then Cend
t = 2R2/(2R2 + ϵ) and

St = −1. Both cases have Ut = Ut+1 = R
√
2/dψ . The chosen normalized radius is attainable

under Equation (21) by raw vectors of norm R
√
ϵ/(1−R2/dψ). These are examples of admissible

measurement geometry, not claims about which continuations a particular model produces.

The decomposition distinguishes retention along the update axis from changes in orthogonal direc-
tions. In particular,

Cend
t − Cstart

t =

〈
h̄ψℓ (A

end
t )− h̄ψℓ (Astart

t ), ut

〉
∥ut∥22 + ϵ

. (25)

A decrease indicates displacement against that axis during the response, without implying that
all feedback information has disappeared. At equal update magnitudes, Equation (24) becomes
2U2

t (1 − St): S distinguishes temporal directions even when update sizes are unchanged. These
properties explain why the empirical depth profiles need not move together.

B.3 VERBAL ACCESSIBILITY AS A RANK STATISTIC

The response supplies a set Yt of unique non-structural content token IDs. Using a set avoids weight-
ing a token repeatedly because it occurs many times. Let N = |Vψ| and m = |Yt|. The score in
Equation (7) averages how many vocabulary entries rank below each response token. This admits a
precise pairwise interpretation.

Proposition 2 (Ranking interpretation and chance reference). Assume N > 1 and 1 ≤ m < N ,
and consider a strict vocabulary ranking with fixed tie-breaking. Let AUCt,ℓ be the fraction of pairs
(y, z) ∈ Yt × (Vψ \ Yt) in which y ranks above z. Then

Vt,ℓ =
(N −m)AUCt,ℓ+(m− 1)/2

N − 1
. (26)

Any strictly increasing transformation of the scores preserves V . Under a uniformly random vocab-
ulary permutation independent of Yt,

E[Vt,ℓ] = 1
2 , Var(Vt,ℓ) =

(N + 1)(N −m)

12m(N − 1)2
. (27)

Proof. For each y,N−rank(y) counts entries below it. Summing over Yt countsm(N−m)AUCt,ℓ
comparisons with its complement and exactly m(m − 1)/2 comparisons within Yt. Dividing by
m(N −1) gives Equation (26). Strictly increasing transformations preserve all pairwise orders. Un-
der the stated null, them ranks are sampled without replacement from {1, . . . , N}. Their normalized
mean has expectation 1/2. The population variance of (N − r)/(N − 1) is (N + 1)/[12(N − 1)];
multiplying by the finite-population factor (N −m)/[m(N − 1)] gives the stated variance.

This proposition shows that V is invariant to a common positive score temperature and has a shared
random-order reference. It does not imply that real token ranks are uniformly distributed: token
frequency and task vocabulary can produce systematic preferences. Moreover, m and N affect the
attainable range,

m− 1

2(N − 1)
≤ Vt,ℓ ≤ 1− m− 1

2(N − 1)
. (28)
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If m = N , V = 1/2 identically. We therefore retain the observer and layer context when inter-
preting this relative-accessibility score. Neither an above-chance V nor a high top-k recall assigns
correctness to a response.

B.4 FROM PROFILES TO EVENT COMPARISONS

The profiles serve different roles in REVEAL. Matching on standardized U and V seeks events
with comparable update size and boundary accessibility of response content. Selection on absolute
differences in C and S then identifies contrasting within-response and cross-cycle dynamics. The
final rollout outcomes orient each contrast; large C or S is not intrinsically rewarded. A negative S,
for example, can accompany a correction that reverses an earlier update.

The two propositions justify interpreting these quantities separately and establish what their nu-
merical values measure. They do not identify the correctness of an intermediate action or remove
every contextual difference between matched events. The matched raw target-state transitions sup-
ply the steering direction, whose behavioral utility is evaluated by online intervention. This keeps
the descriptive role of Agentic Latents distinct from the experimental test of their use for control.

B.5 HIERARCHICAL AVERAGING OF RESPONSE-TRANSITION CONTRASTS

For each task q, let Pq denote the retained successful–failed rollout pairs with nonempty selected
event sets Kp, and let Q = {q : Pq ̸= ∅} denote the eligible tasks. For each (i, j) ∈ Kp, event
i comes from the successful rollout and event j from the failed rollout. Their response-transition
summaries are computed from raw target-model states using Equation (10).

For nonempty Q, hierarchical averaging gives

ṽθℓ =
1

|Q|
∑
q∈Q

1

|Pq|
∑
p∈Pq

1

|Kp|
∑

(i,j)∈Kp

(
rθℓ,i − rθℓ,j

)
. (29)

Thus, selected event pairs receive equal weight within each rollout pair, rollout-pair means receive
equal weight within each task, and task means receive equal weight across tasks. This prevents tasks
with more eligible rollout pairs, or rollout pairs with more selected events, from receiving greater
total weight solely because of their counts. Individual contrasts and intermediate means are not
normalized; only the final nonzero aggregate is L2-normalized to obtain vθℓ .

B.6 VALIDITY AND MISSING MEASUREMENTS

Missing anchors are not interpolated. Near-zero updates are excluded from directional comparisons
using the implementation’s numerical thresholds. Evaluating the same projection expression at Bt
gives ∥ut,ℓ∥22/(∥ut,ℓ∥22 + ϵ), rather than exactly one. When ∥ut,ℓ∥22 is small, this shrinkage and
the numerically unstable direction motivate excluding the event rather than interpreting its retention
coefficient.

S uses immediately adjacent cycles in the same trajectory. A missing successor is not assigned zero,
and missing cycles are not skipped to create an artificial pair. Events with an empty response-content
set or unavailable lens readout are excluded from selection; V is aggregated only over supported lens
layers. These rules distinguish unavailable measurements from genuine zero values and preserve the
temporal unit used in the comparisons.

C PROMPT-REG POLICY

Prompt-Reg supplies the following fixed policy as additional agent instructions. It expresses
feedback-related behavioral guidance in natural language without computing representation profiles
or modifying activations.
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Prompt-Reg policy

Feedback regulation policy:
After every tool or environment response, incorporate the new evidence into the current task state and
revise any assumption that it contradicts. Carry the resulting update into the next decision and action.
When feedback shows that the current approach is ineffective, change the relevant part of the approach
rather than repeating it without new justification.
Prefer actions that directly reduce the remaining uncertainty or make verifiable progress. Reuse evidence
already obtained, and avoid repeating checks or waiting for additional observations unless they are needed
to decide the next action.
Preserve valid constraints and accumulated evidence, as well as the task’s required response and tool-call
format. Do not output this policy or an explicit reflection unless the task requires one.

D ADDITIONAL ANALYSES OF AGENTIC LATENTS

We examine response-summary fidelity, profile dynamics, and outcome-conditioned contrasts using
the existing source-trajectory records: 89 Terminal-Bench tasks and 1,303 HLE questions, distinct
from the 500-question online evaluation. Full-history replay measures at most 12 systematically
spaced centers per trajectory, retaining adjacent cycles for S. Missing measurements are excluded.
We average events within trajectories and trajectories within tasks, weighting tasks equally. Point-
wise task-bootstrap intervals use 1,000 resamples for the saved profiles and 2,000 for paired analyses
(seed 0), conditional on the recorded trajectories and centers.

D.1 ANCHOR FIDELITY ACROSS RESPONSE LENGTHS

Dual endpoints reduce reconstruction error across response lengths. We stratify anchor fidelity
by response-content length at layers 23, 22, and 8 for Qwen3.6-27B, Gemma-4-31B-IT, and GPT-
OSS-20B, respectively (zero-indexed). Figure 7 compares the endpoint average and single anchors
with the boundary-relative full-response mean on the same events. Mean relative error decreases
in all 42 comparisons across 21 nonempty model–benchmark–length strata. Mean cosine similarity
improves in 39 of these comparisons; the exceptions favor the end anchor for Qwen at 33–128 and
129–512 tokens and GPT-OSS at 129–512 tokens on HLE. Thus, the compact response-transition
summary reduces reconstruction error across lengths, while its directional advantage depends on the
stratum.
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Figure 7: Dual endpoints versus individual response anchors, stratified by response length. Positive
values indicate higher cosine similarity or lower relative error against the full-response mean dis-
placement. Bars show paired 95% task-bootstrap intervals; hollow markers denote strata with fewer
than three tasks.
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D.2 REPRESENTATION DYNAMICS ON HLE

Lower response-end retention persists on HLE despite different update profiles. Figure 8 ex-
tends the full-depth analysis to tool-assisted reasoning. Qwen’s update magnitude generally in-
creases with depth, Gemma exhibits a middle-layer trough, and GPT-OSS’s update magnitude de-
clines before a final-layer rise. Despite these differences, response-end retention is below response-
start retention in 144/148 layers; the four exceptions occur in Gemma’s early layers. Verbal ac-
cessibility and cross-cycle consistency also follow distinct depth profiles. Together, the profiles
distinguish update size, retention, accessibility, and consistency when comparing events.
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Figure 8: Full-depth HLE profiles with pointwise 95% task-bootstrap intervals. Dashed and solid C
curves mark response start and end, respectively. U/C/V use 1,303 tasks; S uses 1,091 with valid
adjacent updates. Only horizontal depth is rescaled; V excludes unsupported final layers.

D.3 RETENTION WITHIN A RESPONSE

The same endpoint ordering can arise from different response dynamics. At the diagnostic
layers used above, mean end-anchor retention is below start-anchor retention in all six model–
benchmark groups (Figure 9). The intermediate paths nevertheless differ. On Terminal-Bench,
retention at the final token is 0.126–0.157 below the last-bin mean; on HLE, it is 0.007–0.083 above
it. Gemma shows the clearest HLE recovery, reaching Cend = 0.394 after lower middle-response
projections. Endpoint attenuation therefore does not imply uniform decay throughout generation.
Distinct anchors preserve these stage-specific changes when local response transitions are compared.
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Figure 9: Within-response retention at layers 23/22/8 for Qwen/Gemma/GPT-OSS. Lines show 20
relative-position bin means; separate diamonds mark the response-start and response-end anchors.
All recorded events with at least 20 content tokens are included. Shading and bars show 95% task-
bootstrap intervals.
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The length criterion avoids empty bins and keeps the set of events identical across po-
sitions: 2,935/2,935/2,923 Terminal-Bench events and 9,524/9,062/9,254 HLE events for
Qwen/Gemma/GPT-OSS. Single-token anchors remain distinct from bin means.

D.4 READOUT RANK AND CONTENT COVERAGE

High relative content rank need not imply concentrated content recovery. Figure 10 compares
V with Recall@50, the fraction of unique response-content tokens among the top 50 vocabulary
entries in the boundary J-lens readout. GPT-OSS reaches V = 0.710 in early HLE layers, but
Recall@50 is only 0.0245%; the largest band-level recall across all groups is 1.59%. Relative
vocabulary rank and top-ranked content coverage thus capture different properties. In REVEAL, V
describes accessibility for matching events within each observer, rather than action correctness or
recovery of the full response.

Early Middle Late

Qwen

Gemma

GPT-OSS

Qwen

Gemma

GPT-OSS

0.288 0.367 0.518

0.627 0.609 0.393

0.688 0.418 0.149

0.316 0.599 0.635

0.562 0.499 0.450

0.710 0.388 0.146

(a) V · Relative rank

Early Middle Late

0.0179 0.00196 0.55

1.59 0.892 0.977

0.0301 0.0104 0.000806

0.00581 0.423 1.41

0.893 0.463 1.25

0.0245 0.00636 0.00219

(b) Recall@50 · Content coverage

0.0 0.5 1.0
Rank score

0.0 0.8 1.6
Content tokens in top 50 (%)

TB

HLE

Figure 10: Task-balanced V and Recall@50 across early/middle/late depth bands on Terminal-
Bench and HLE, using supported J-lens layers. Panels use separate linear scales; uniformly random
vocabulary ranking has expected V = 0.5.

E M L E M L

Qwen–Gemma

Qwen–OSS

Gemma–OSS

Qwen–Gemma

Qwen–OSS

Gemma–OSS

-0.27 -0.23 0.00 0.95 0.90 0.81

0.13 -0.06 -0.07 0.98 0.83 0.81

0.09 -0.05 0.01 0.97 0.87 0.73

0.28 0.29 0.42 0.68 0.84 0.82

-0.10 0.21 0.23 0.85 0.73 0.79

0.16 0.43 0.30 0.81 0.83 0.80

ΔU ΔS

(a) Raw contrasts

E M L E M L

-0.26 -0.20 0.01 0.94 0.86 0.72

-0.08 0.00 -0.08 0.97 0.76 0.72

0.21 -0.15 -0.10 0.96 0.81 0.61

0.32 0.28 0.43 0.69 0.83 0.81

-0.09 0.33 0.27 0.86 0.74 0.78

0.15 0.47 0.27 0.81 0.83 0.79

ΔU ΔS

(b) Length/count adjusted

−1.0 −0.5 0.0 0.5 1.0
Cross-model rank correlation

TB

HLE

Figure 11: Cross-model correlations of same-task success–failure contrasts before and after ad-
justment for response length and analysis-center count. E/M/L denote early/middle/late depth
bands. Every panel uses the same 34 Terminal-Bench and 208 HLE tasks; ∆U provides the update-
magnitude comparison.

Throughout the band-level analyses, early/middle/late denote zero-based layers 0–21/22–42/43–63
for Qwen, 0–19/20–39/40–59 for Gemma, and 0–7/8–15/16–23 for GPT-OSS. Readout summaries
exclude each model’s final layer, where the fitted lens is unavailable.
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D.5 OUTCOME-CONDITIONED STRUCTURE ACROSS OBSERVERS

Success–failure contrasts in cross-cycle consistency remain aligned across observers. For each
task with successful and failed frontier-model rollouts, we subtract the two groups’ mean profiles
and correlate these taskwise contrasts across models. Across 34 Terminal-Bench and 208 HLE
tasks, ∆S correlations range from 0.729 to 0.977 and from 0.684 to 0.855, respectively (Figure 11).
After rank-based adjustment for response length and analysis-center count, they remain 0.609–0.971
and 0.688–0.856. The sign of ∆S varies across tasks: successful rollouts do not uniformly have
higher consistency. This supports comparing task-specific dynamics by contrast magnitude, as in
REVEAL’s selection score, while using outcomes to orient the resulting contrasts.

Paired analysis. We use known-outcome source trajectories with complete three-bandU/S profiles,
average trajectories within each task/outcome class, and retain tasks shared by all observers. Adjust-
ment regresses ranked profile contrasts on an intercept and four ranked covariates: each observer’s
success–failure differences in mean log(1+response characters) and log(1+analysis centers). Char-
acter counts are trajectory means before transformation. Correlations use the residual ranks; boot-
strap resamples refit ranks and regressions. All 18 adjusted ∆S intervals remain above zero. These
task-level associations complement local-event selection; they do not establish its causal contribu-
tion.
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