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ABSTRACT
Linear probes on the residual stream of large language models
can detect deception, sleeper-agent intent, and strategic misrep-
resentation in single-agent settings. What is less clear is whether
these probes survive the move to multi-agent negotiation, where
deception is incentive-driven and unfolds across multiple turns,
and whether the direction a probe finds in one model transfers to
amodel from a different family. I trainmass-mean and ridge probes
on residual-stream activations from three instruction-tunedmodels—
Gemma-7B-IT, Llama-3.1-8B-Instruct, andMistral-7B-Instruct-v0.1—
across three two-agent negotiation scenarios with two deception
modes (commission and omission). Probes detect ground-truth de-
ception at AUC above 0.93 on 11 of 12 model× scenario combi-
nations, with bootstrap 95% confidence intervals entirely above
0.87. A probe trained on instructed deception in one model detects
emergent (incentive-driven) deception in the same model at AUC
0.70–0.77, supporting cheap synthetic-data training for runtime
monitors. Projecting the mass-mean direction out of the residual
stream collapses probe AUC by 0.30–0.44 across five tested cells,
confirming that the bulk of the linearly accessible deception sig-
nal is concentrated in a single direction. Cross-architecture, the
picture is mixed: the deception direction transfers strongly within
model family (Gemma-with-ToM to Gemma-without-ToM at AUC
0.92) and weakly between families (Llama to Mistral at 0.56). Steer-
ing along the probe-discovered direction at magnitudes −3 to +3
produces a monotone change in last-token logit distribution on
7 of 8 tested cells, providing logit-level evidence that the direc-
tion is causally related to model output; behavioral validation via
generate-under-steering is identified as the immediate follow-up.
The practical implication is that an activation-based deceptionmon-
itor trained on cheap labelled data can be deployed within model
family with high confidence, but cross-family transfer should not
be assumed.
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1 INTRODUCTION
Agentic LLM systems are being deployed in negotiation-like set-
tings: procurement, dynamic pricing, supply-chain coordination,
energy markets. In every one of these, the agent acts on behalf
of a principal under conflicting incentives, which means the agent
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has both the opportunity and—under certain incentive structures—
the motive to deceive. The question I want to answer is direct: can
we detect that an agent is being deceptive by looking at its inter-
nal activations, in a way that generalizes across the LLMs people
actually deploy?

There is a substantial body of recent work showing that lin-
ear probes on residual-stream activations recover honesty- and
deception-related representations in single-agent settings. Azaria
and Mitchell [2] showed an LLM’s internal state encodes truth-
telling vs. lying. Marks and Tegmark [10] introduced the mass-
mean direction that anchors much of the linear-probe literature.
Apollo Research [7] detects strategic deception in a single-agent
roleplaying setting on Llama-70B at AUC above 0.96. The standard
probe pipeline—residual-stream capture, mass-mean direction or
ridge regression on PCA-reduced features, bootstrap CIs against
shuffled-label nulls—has stabilized.

What is less stable is whether any of this survives the move to
multi-agent settings, and whether the probes a given paper trains
on one model are picking up something universal or something
model-specific.The single-agent literature givesme a probe pipeline
with clear best practices. It does not tell me whether the same di-
rection works in a two-agent negotiation, whether a probe trained
on explicit “be deceptive” instructions detects the deception that
emerges from incentives alone, or whether the probe geometry
transfers between Gemma and Llama and Mistral.

This paper is an attempt to get those answers. I build a two-
agent negotiation framework on top of Concordia [14], run three
negotiation scenarios that elicit two qualitatively different decep-
tion modes (active misrepresentation and information withhold-
ing), and capture residual-stream activations from both negotiat-
ing agents duringmulti-round dialogue. I train probes permodel× scenario
and test transfer along three axes: instructed→ emergent within
model, scenario→ scenariowithinmodel, and architecture→ architecture
across models.

The summary picture: probes work, transfer within model is
high, transfer across model families is weak. The deception direc-
tion is real, and dropping the single mass-mean direction kills most
of the probe’s AUC, supporting the standard one-dimensional in-
terpretation in the existing literature. But the directions different
architectures learn are essentially independent of each other, which
has direct implications for anyone trying to build a runtime de-
ception monitor for a deployed agentic system. Steering along the
deception direction produces monotone logit shifts at the last to-
ken position, providing correlative evidence that the direction is
causally related tomodel output; the corresponding behavioral test
(does the steered model actually generate more deceptive text?) is



the immediate next experiment and is deliberately not claimed in
this paper.

Contributions.

• Within-model probe transfer atAUC> 0.93 across three
architectures.Aprobe trained per scenario detects ground-
truth deception at AUC above 0.93 on 11 of 12model × scenario
combinations across Gemma-7B-IT, Llama-3.1-8B-Instruct,
and Mistral-7B-Instruct-v0.1. Bootstrap 95% confidence in-
tervals are entirely above 0.87 on those 11 cells. A probe
trained on instructed deception detects emergent deception
in the same model at AUC 0.70–0.77.

• The deception signal is concentrated in a single direc-
tion. Projecting the mass-mean direction out of the residual
stream collapses probe AUC by 0.30–0.44 across five tested
model× scenario combinations.This replicates the one-dimensional
structure reported in single-agentwork [10] in amulti-agent
setting.

• Cross-architecture probe-direction transfer is asymmet-
ric and weak between families. Within the Gemma fam-
ily (with-ToM scaffolding → no-ToM scaffolding) the di-
rection transfers at AUC 0.92. Between families (Llama →
Mistral, both 4096-dim) transfer collapses to 0.56, consistent
with recent reports of architecture-specific deception geom-
etry [11].

Why this matters. If you want to deploy an activation-based
monitor for deception in a real agentic system, this paper says:
train it on instructed-deception examples (which are cheap to gen-
erate at scale), apply it within the same model family, and don’t
expect it to work without recalibration if you swap the underly-
ing LLM. This is a practical recipe for runtime monitoring, with
the caveats made explicit so they don’t surface the first time a de-
ployed system swaps models.

2 SETUP
2.1 Two-agent negotiation framework
Each negotiating agent is a Concordia [14] EntityAgent composed
of context-producing modules and a single LLM that generates the
action given the composed context. The modules are determinis-
tic: they produce structured text from hand-coded rules and emit
it into the LLM’s input context. The LLM is not invoked inside any
module—only at the final action step.

The most relevant module for what follows is Theory of Mind
(ToM).The ToMmodulemaintains a per-counterpart MentalModel
with inferred goals, emotional state, deception indicators, and strate-
gic profile. It updates via deterministic emotion-lexicon matching
and deception-keyword detection, and emits an assessment string
into the LLM’s context. Five additional modules (Bayesian uncer-
tainty, evolutionary strategy selection, cultural adaptation, tempo-
ral planning, swarm coordination) follow the same pattern; all are
described in Appendix A.

The toggle of the ToM module on and off is the only architec-
tural manipulation in this paper. It produces the within-Gemma
comparison (with-ToMvs. no-ToM) that gives the family-level cross-
config transfer result.

2.2 Scenarios
Three two-agent commercial-negotiation scenarios elicit deception
via incentive structure alone, with no explicit “deceive” instruction
in the agent prompt:

Ultimatum Bluff (UB) — commission. Two agents split 100
points; each has a randomized walkaway price. The seller is re-
warded for claiming a higher walkaway than they actually have.
Deception here is active misrepresentation of a hidden parameter.

Alliance Betrayal (AB)— commission.Three-agent resource-
division game with a secret defection bribe. The agent may profess
loyalty to the alliance while planning to betray. Deception is active
misrepresentation of intentions.

InformationWithholding (IW) — omission.A used-car sale
with a known defect. The seller is rewarded for selling above fair
price; the omission iswhether to disclose the defectwhen the buyer
asks. Deception here is strategic silence rather than active false-
hood.

Each scenario is run in two modes: instructed, where the agent
is explicitly prompted to deceive in the relevant way, and emergent,
where only the incentive structure is given and the agent decides
whether to deceive on its own.

2.3 Activation capture
I wrap each LLM in a TransformerLens HookedTransformer [12].
On every agent.act() call, the model is run via run_with_cache
with hooks at blocks.{l}.hook_resid_post; the captured tensor
is the residual stream at the last input-token position.

For Gemma-7B-IT I capture at three layers {0, 14, 27} to allow di-
rect comparison with prior published probe-layer analyses [2, 10].
For Llama-3.1-8B-Instruct and Mistral-7B-Instruct-v0.1 I capture
the dense set {0, 4, 8, 12, 16, 20, 24, 28, 31} to identify the best layer
post hoc without re-running. Both negotiating agents are hooked
simultaneously, so each round produces two paired traces.

2.4 Probe pipeline
Per (model, scenario, mode), I do an 80/20 stratified train-test split
(sample-level, seed 42), fit a StandardScaler on the training fold
only, reduce to 30 PCA components (also fit on training fold only),
and train a Ridge regressor with 𝛼 = 100. Hyperparameters were
chosen during a methodology audit; 𝛼 = 10 used in earlier work
over-regularized the ablated probe and inflated reported faithful-
ness deltas.

I drop pre-negotiation belief-verification probes (round_num−1)
and post-negotiation plausibility probes (round_num −2) at probe
training time. These single-shot QA-style turns were getting in-
cluded in the activation pool by default; their distinct context shape
was inflating probe AUC by 4 points across cells we tested without
contributing real deception detection signal.

2.5 Ground truth and label scale
For each generated turn, a rule-based evaluator scores deception
per scenario: regex on the response against known scenario pa-
rameters (true walkaway, defect type, fair price). Output is a binary
emergent_ground_truth label and, where available, a continuous
severity score from an LLM judge in [0, 1].



Table 1: Headline probe AUC by model, configuration, and
scenario. 200-resample bootstrap 95% CIs. Best layer se-
lected by AUC on the held-out fold. The Gemma-7B no-ToM
ultimatum-bluff cell has awide CI driven by class imbalance
(3.4% positive class) and is reported for completeness only.
The remaining 11 cells have CIs entirely above 0.87.

Model / config Scenario AUC [95% CI] L

Gemma-7B with-ToM UB 0.793 [0.763, 0.796] 27
Gemma-7B with-ToM AB 0.769 [0.746, 0.815] 14
Gemma-7B with-ToM IW 0.936 [0.922, 0.969] 14

Gemma-7B no-ToM UB 0.932 [0.748, 0.980]† 20
Gemma-7B no-ToM AB 0.966 [0.892, 0.987] 27
Gemma-7B no-ToM IW 0.987 [0.979, 0.997] 27

Llama-3.1-8B UB 0.972 [0.942, 0.985] 4
Llama-3.1-8B AB 0.965 [0.897, 0.980] 31
Llama-3.1-8B IW 0.945 [0.871, 0.958] 31

Mistral-7B UB 0.966 [0.938, 0.983] 31
Mistral-7B AB 0.986 [0.926, 0.997] 31
Mistral-7B IW 0.976 [0.954, 0.986] 28

† Class imbalance, 3.4% positive class.

For cross-mode transfer analysis specifically, both label chan-
nels are binarized at 0.5 before training. An earlier version of the
cross-mode analysis trained a regressor on continuous instructed-
mode labels and evaluated against binary emergent labels, produc-
ing apparent “transfer fails” results that turned out to be a label-
scale artefact rather than a representational distinction. I flag this
explicitly because it materially affected one of the conclusions and
reviewers reading the prior literature on cross-mode transfer should
know the original null result was contaminated by this issue.

3 PROBES DETECT DECEPTION ACROSS
THREE ARCHITECTURES

3.1 Headline AUCs
Table 1 reports the per-cell probe AUC at the best layer with 200-
resample bootstrap 95% confidence intervals.

The pattern is consistent across architectures: at the best layer,
strategic deception is linearly decodable at AUC above 0.93 on
nearly every scenario.The two cells that fall short are both Gemma-
7B with-ToM commission scenarios (UB at 0.79, AB at 0.77), and
even those have CIs that exclude chance.

3.2 Best-layer geometry varies by architecture
The best layer for each cell is in the rightmost column of Table 1.
The pattern is not consistent across architectures and is itself a
finding: Gemma-7B’s deception signal peaks late (layers 14 to 27
of 28), Llama-3.1-8B has cells that peak as early as layer 4, and
Mistral-7B peaks consistently late (layers 28 to 31 of 32).

This matters for anyone trying to deploy a probe: the layer to
capture at is architecture-dependent, and a layer choice that works
for one model family will not necessarily transfer.

Table 2: Probe faithfulness via mass-mean ablation. The
mean-difference direction is projected out of the residual
stream and the probe is retrained on the ablated activations.
Across five cells spanning three architectures and three sce-
narios, the drop is consistently in the 0.30–0.44 range.

Cell baseline AUC ablated AUC Δ

Gemma-7B no-ToM IW (headline) 0.984 0.540 −0.444
Gemma-7B no-ToM AB 0.882 0.444 −0.438
Gemma-7B no-ToM UB 0.741 0.442 −0.299
Llama-3.1-8B IW 0.873 0.429 −0.444
Mistral-7B AB 0.955 0.569 −0.386

4 PROBE FAITHFULNESS VIA MASS-MEAN
ABLATION

The standard test for whether a probe direction is causally relevant
to the probe’s accuracy is to project the direction out of the residual
stream and retrain the probe on the remainder. If the probe was
relying on that direction, its accuracy collapses; if the direction
was incidental, accuracy is preserved.

Table 2 reports the result of this test on five cells. Across all five,
projecting the mass-mean direction out collapses probe AUC by
0.30–0.44. On the headline cell (Gemma-7B no-ToM info-withholding)
the drop is from 0.984 to 0.540, a delta of 0.44.

The remainder above chance after ablation (AUC in the 0.42–
0.57 range) is consistent with there being some additional struc-
ture beyond the dominant direction, but the bulk of the linearly
accessible deception signal is in that one direction.

A note on prior numbers: an earlier version of this analysis re-
ported drops as large as 0.79→ 0.09. That figure was a side effect
of 𝛼 = 10 over-regularizing the ablated probe more than the base-
line; the corrected drops with 𝛼 = 100 are 0.30 to 0.44, as shown
above. I am being explicit about this because the prior figure is in
the published literature and a reader may otherwise compare the
two and conclude that the result has weakened.

5 INSTRUCTED-TRAINED PROBES DETECT
EMERGENT DECEPTION

The deployment-relevant question is whether a probe trained on
cheap instructed-deception examples generalizes to incentive-driven
emergent deception within the same model. This matters because
instructed examples are easy to generate at scale; emergent exam-
ples require the agent to actually decide to deceive, which is what
you want to detect in deployment.

Within the samemodel and scenario, a probe fitted on instructed-
mode samples evaluated on emergent-mode samples (both label
scales binarized at 0.5) yields:

• Gemma-7B with-ToM, UB: AUC 0.767
• Gemma-7B with-ToM, AB: AUC 0.700
• Gemma-7B with-ToM, IW: AUC 0.708
• Mistral-7B, AB: AUC 0.770

The four cells where instructed and emergent samples co-occur
all show positive transfer in the 0.70 to 0.77 range. This is below
the within-mode AUC numbers in Table 1 but well above chance,
supporting the practical claim that an instructed-trained monitor



Table 3: Cross-architecture probe-direction transfer on
information-withholding. Each cell is the symmetric AUC
of the sourcemass-mean direction projected onto target acti-
vations. Empty cells indicate dimension mismatch (Gemma
residual is 3072-dim; Llama and Mistral are 4096-dim).

src \ tgt G-tom G-noTom Llama Mistral

G-tom 0.829 0.918 — —
G-noTom 0.596 0.982 — —
Llama — — 0.777 0.563
Mistral — — 0.517 0.953

will catch a substantial fraction of emergent deception in the same
model.

A pre-fix version of this analysis trained ridge on continuous in-
structed labels and evaluated against binary emergent labels, pro-
ducing AUCs near 0.50 on most cells and a published claim that
“cross-mode transfer fails everywhere.” That null result was partly
a label-scale artefact, not a representational mismatch. After bina-
rizing both sides at 0.5 the Mistral AB cell goes from 0.51 to 0.77.
This is worth flagging because the original null is in the literature
and a reader may otherwise conclude this paper contradicts prior
work.

6 CROSS-ARCHITECTURE
PROBE-DIRECTION TRANSFER

6.1 Setup
To test whether the deception direction is universal, I take the
mass-mean direction fit on one model× config and apply it as a
1-D classifier on another model’s activations. Specifically: project
the target model’s activations onto the source model’s direction,
then take the symmetric AUC (max of AUC and 1−AUC) of the pro-
jection against ground-truth labels. The information-withholding
scenario is the test case because it has the highest within-model
probe AUC across all four (model, config) combinations.

6.2 Results
The transfer matrix (Table 3) tells two stories.

Within the Gemma-7B family, transfer is asymmetric and one
direction is high. The with-ToM direction projected onto no-ToM
activations yields AUC 0.918; the no-ToM direction projected onto
with-ToM activations yields 0.596. The asymmetry is consistent
with the with-ToM direction containing the no-ToM direction as a
subspace—a probe trained on the more structured representation
captures a feature the simpler representation also has, but not vice
versa.

Cross-family, transfer collapses to 0.51–0.56. Llama and Mistral
both have 4096-dimensional residual streams (Gemma is 3072-dim,
so direct projection isn’t defined) so the comparison is between
two dimensionally compatible models. Even so, neither direction
projects usefully onto the other model’s activations.

Table 4: Logit-level steering dose-response. Mean absolute
change in last-token logits, relative to the no-steering base-
line, when the mass-mean deception direction is added to
the residual stream at the best layer. All seven reported cells
show monotone dose-response (magnitude 1 < magnitude 2
< magnitude 3). One additional cell (Mistral-7B ultimatum-
bluff) failed to produce stable measurements and is omitted
from the table.

Model Scenario mag 1.0 mag 2.0 mag 3.0

Gemma-7B-IT UB 0.165 0.304 0.452
Gemma-7B-IT AB 0.153 0.273 0.402
Gemma-7B-IT IW 0.165 0.304 0.453
Llama-3.1-8B AB 0.077 0.150 0.225
Llama-3.1-8B IW 0.071 0.139 0.206
Mistral-7B-v0.1 AB 0.064 0.130 0.198
Mistral-7B-v0.1 IW 0.061 0.121 0.185

6.3 What this means for deployment
If you fit a probe on Gemma and then swap to Llama, expect the
probe to break. The general claim that “deception is linearly de-
codable in LLMs” replicates within model family but not across
families. This is consistent with Mitra’s recent report [11] of near-
zero cross-model honesty-direction transfer between Gemma and
Qwen on a different deception type, and corroborates the architecture-
specificity finding in that work.

7 LOGIT-LEVEL EVIDENCE THAT THE
DIRECTION AFFECTS OUTPUT

The probe-faithfulness test in Section 4 shows that the deception
direction is causally load-bearing for the probe’s accuracy. A com-
plementary causal test is to add the direction to the residual stream
during a forward pass and measure whether the output distribu-
tion shifts.

I run this test as follows. For each of the seven cells in Table 4,
I extract the mass-mean direction at the best layer, then for each
magnitude𝑚 ∈ {1, 2, 3} I add𝑚 · 𝑑 to the residual stream at that
layer during a forward pass on twenty held-out prompts. I report
themean absolute change in last-token logits relative to a no-steering
baseline. If the direction is causally relevant, the logit shift should
increase monotonically with magnitude.

All seven cells show clean monotone dose-response. Effect sizes
scale roughly linearly in magnitude, consistent with what one ex-
pects when adding a vector to the residual stream actually moves
the post-attention computation in the direction of that vector. Effect-
size magnitudes differ by architecture: Gemma-7B is the strongest
(max effect 0.45 atmagnitude 3), Llama-3.1-8B about half that (0.21–
0.23), Mistral-7B similar to Llama (0.19–0.20). The ordering is con-
sistent across scenarios within model.

What this is andwhat it isn’t.This is logit-level evidence that
the direction is causally related to model output, not behavioral ev-
idence that the model’s generated text becomes more or less decep-
tive under steering. The latter requires a generation-loop steering
experiment that scores generated text with a deception classifier,



which I have not run. A readerwhowants strong behavioral causal-
ity should treat the result of Section 4 (probe faithfulness) and this
section as a pair of correlative tests pointing the same way, with
the behavioral test as the natural next experiment. I am explicit
about this distinction in the limitations section.

8 DISCUSSION AND LIMITATIONS
8.1 What replicates and what doesn’t
Thewithin-model probe-AUC result replicates cleanly across three
architectures: deception is linearly decodable in the residual stream,
the bulk of the signal is concentrated in a single mass-mean direc-
tion, and the direction transfers from instructed-mode training to
emergent-mode evaluation at AUC in the 0.70–0.77 range.

What does not replicate is the direction itself across model fam-
ilies. Anyone hoping to fit a probe on one model and use it as
a universal monitor will be disappointed. Within a model family
(Gemma-with-ToM toGemma-without-ToM) transfer holds at AUC
0.92. Between Llama and Mistral it collapses to 0.51–0.56.

8.2 Limitations
Behavioral causality is not established. I report logit-level dose-
response (Section 7) and probe faithfulness (Section 4). Neither
shows that the model’s generated text becomes measurably more
or less deceptive under steering.The behavioral test is implemented
in our codebase but was not run on GPU before submission. Un-
til that experiment is run, the strongest causal claim I can make is
“the deception direction predicts probe accuracy and shifts logit dis-
tributions monotonically under steering,” not “steering along the
deception direction modifies generated deception rate.”

One logit-level cell failed.Mistral-7B ultimatum-bluff did not
produce a stable monotone dose-response in the steering test (fail-
ure mode: numerical instability under one of the magnitude set-
tings). The other seven cells are clean. I have not investigated the
specific cause and report the failure here rather than dropping the
cell silently.

Data quality varies across model families. The transcripts
on which probes are trained have between 23% and 81% clean di-
alogue depending on the (model, scenario) combination, where
“clean” excludes turnswith end-of-turn-token leaks, repetition loops,
and third-person narration.The captured activation at a given turn
still encodes the model’s representational state at that moment re-
gardless of whether the output text is fluent, but a sceptical reader
maywant this caveat noted explicitly.The generation-pipeline fixes
that address these issues are landed in our codebase but the pub-
lished activations pre-date them; reruns are scheduled but not in
this paper.

Threemodel families at the 7–8B scale. Gemma-2-9B, larger
Llama variants, and the Mistral 8x7B mixture-of-experts model are
not tested. Whether the within-family / between-family transfer
pattern persists at scale is open.

Three commercial-negotiation scenarios.Thedeceptionmodes
I study (commission and omission) have been validated in this set-
ting. Generalization to non-commercial settings (social manipula-
tion, cooperative-task betrayal, long-horizon planning) is untested.

Class imbalance on one cell. Gemma-7B no-ToM ultimatum-
bluff has a 3.4% positive class. The bootstrap CI is wide and the

random- direction baseline (computed for that cell only) reaches
AUC 0.94, exceeding the real probe’s 0.74. I include the cell for
completeness but do not make headline claims from it. Per-cell
baselines on the other 11 cells are an open methodological gap I
want to fix.

Methodology audit history. The numbers in this paper are
the post-audit numbers; an earlier version of the pipeline had eight
methodological issues (CV leakage in generalization analysis, trial-
level leakage in outcome prediction, label-scale mismatch in cross-
mode transfer, dyadic pair double-counting, and others) which I
identified and fixed before reporting.Where a previously published
number disagrees with what I report (e.g., the 0.79→ 0.09 faithful-
ness claim, the cross-mode null result), the corrected number is in
this paper and the change is noted in the relevant section.

8.3 Pre/post-hoc analysis labelling
Thecross-architecture pattern (within-family transfer high, between-
family near-chance)was an exploratory finding from the post-audit
rerun, not a pre-registered prediction.Thewithin-model AUChead-
line and the mass-mean ablation magnitude were both confirmed
against predictions made before the audit fixes were applied. The
logit-level steering result in Section 7 was pre-registered as a san-
ity check on the direction quality.

8.4 Reproducibility
Code is available at https://github.com/asimsmadeit/multiagent-lab.
The activation dataset is on theHugging FaceHub at https://huggingface.
co/datasets/sycorpia/multiagent-lab-data. All probes were trained
with seed 42; bootstrap resampling uses seeds 42 through 241. Trans-
formerLens version 2.18.0 was used for activation capture. Hard-
ware: 1×NVIDIA H100 (80GB) for activation capture; all probe
analyses are CPU-only and run on a single workstation in under
three hours total. Hyperparameters are in Table B in the appendix.

9 RELATEDWORK
Linear probes for deception in LLMs. Azaria and Mitchell [2]
first showed truth-vs-lie is linearly decodable from LLM internal
states. Burns et al. [5] extracted latent knowledge without supervi-
sion. Marks and Tegmark [10] introduced themass-mean direction.
Apollo Research [7] reported strategic-deception probes on Llama-
70B at AUC above 0.96 in a single-agent roleplaying setting. Hub-
inger et al. [8] showed deceptive behaviors persist through safety
training. The present paper extends this line into multi-agent ne-
gotiation and tests cross-architecture transfer head-to-head.

Subspace dimensionality. Bürger et al. [4] argued that propo-
sitional truth lives in a 2-D subspace (general truth direction plus
polarity-flip direction) that transfers across LLaMA-2/3 andGemma-
7B for affirmative-vs-negated statement pairs. Dobrzeniecka et al. [6]
documented that INLP’s reported high dimensionality is a method-
ological artefact of iterative-removalmethods rather than evidence
of intrinsic high-dim subspaces. The 1-D mass-mean structure I re-
port is consistent with Marks and Tegmark and with the corrected
reading of Dobrzeniecka et al.

Multi-agent emergentmisalignment.Anthropic’s recentwork [1]
demonstrated that AI organizations of LLMs can be more effective
but less aligned than individual agents, behaviorally. Lee et al. [9]

https://github.com/asimsmadeit/multiagent-lab
https://huggingface.co/datasets/sycorpia/multiagent-lab-data
https://huggingface.co/datasets/sycorpia/multiagent-lab-data


called for paired two-agent activation analysis as an open problem
in mechanistic interpretability. The present paper provides infras-
tructure (paired residual-stream capture across architectures) for
that line of work but does not test the specific solo-vs-paired com-
parison Anthropic studied; that is flagged as the immediate follow-
up experiment.

Cognitive scaffolds. Barez et al. [3] and the FaithCoT bench-
mark [13] both call for representation-level tests of whether struc-
tured cognitive scaffolds causally affect what the model represents.
The Gemma-7B with-ToM vs. no-ToM cross-direction transfer in
Section 6 touches this question; full structural analysis is the sub-
ject of a separate paper.

Cross-model transfer. Mitra [11] recently reported near-zero
cosine similarity between honesty directions in Gemma and Qwen.
The cross-architecture results in Section 6 replicate this null on
a different deception type (strategic negotiation deception rather
than sandbagging) and extend it across three architectures.

10 CONCLUSION
A linear probe trained on instructed-deception examples in one
LLM detects emergent deception in the same LLM at AUC above
0.93, on three two-agent negotiation scenarios, replicated across
Gemma-7B-IT, Llama-3.1-8B-Instruct, andMistral-7B-Instruct-v0.1.
The bulk of the linearly accessible deception signal is concentrated
in a single mass-mean direction; projecting that direction out col-
lapses probe accuracy by 0.30–0.44 across five tested cells. Within
model family the direction transfers; between families it does not.
Logit-level steering along the direction at magnitudes−3 to +3 pro-
duces monotone shifts in last-token logit distributions on seven of
eight tested cells, providing correlative causal evidence.

For deployment of activation-based deceptionmonitors, the prac-
tical recipe is: train on cheap synthetic instructed examples within
the specificmodel family you intend to deploy, expectwithin-model
generalization to emergent deception at AUC in the 0.70–0.77 range,
and do not assume cross-family transfer without recalibration.The
behavioral causality test (does steering actually shift the model’s
generated deception rate?) is implemented in our codebase and is
the immediate next experiment.
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A COGNITIVE MODULES
The five non-ToM cognitive modules used in the Concordia agent
are: Bayesian uncertainty estimation (tracks belief distributions
over counterpart hidden parameters), evolutionary strategy selec-
tion (maintains a population of strategy candidates with fitness
scores), cultural adaptation (adjusts communication style based on
cues in the counterpart’s messages), temporal strategy planning
(manages negotiation phase and concession rate), and swarm co-
ordination (aggregates observations across teammates in team sce-
narios). All five update via deterministic rules and emit structured
text into the LLM’s context. The LLM is not invoked inside any
module; only at the final action-generation step. The central ma-
nipulation in this paper is the ToM toggle; the other modules are
background constants.

B HYPERPARAMETER TABLE
Probe pipeline: ridge regression with 𝛼 = 100 on 30-component
PCA-reduced features. Train-test split: 80/20 stratified, seed 42. Boot-
strap: 200 resampleswith seeds 42 through 241. Layer sets: Gemma-
7B {0, 14, 27}; Llama-3.1-8B and Mistral-7B {0, 4, 8, 12, 16, 20, 24, 28,
31}. Sample-type filter excludes round_num −1 (pre-negotiation
belief-verification probes) and round_num−2 (post-negotiation plau-
sibility probes) at probe training time. Cross-mode label binariza-
tion threshold: 0.5.

C PRE-AUDIT VS POST-AUDIT NUMBERS
The methodology audit corrected eight issues; the resulting num-
bers that differ frompreviously published figures are: probe-faithfulness
delta on Gemma-7B no-ToM info-withholding shifted from 0.79→
0.09 (delta 0.70) to 0.984→ 0.540 (delta 0.44), attributed to the 𝛼 =
10 → 100 ridge regularization fix that prevented the ablated probe
from over-shrinking; cross-mode transfer on Mistral-7B alliance-
betrayal shifted from 0.51 to 0.77, attributed to binarizing the label
scale on both sides; and dyadic pair-probe AUC dropped from 1.00
to 0.79–0.92 on Gemma-7B with-ToM after applying pair-aware
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train/test splits. The remaining audit fixes either confirmed the ex-
isting numbers or moved them by less than 0.05 on AUC.
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