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Abstract

Does a language model’s internal representation of its conversational partner’s expertise actually drive
how it responds? We investigate this for multi-turn collaborative dialogue—a setting where partner
expertise must be actively inferred across turns, not read from a prompt. Using EXPERTCOLLAB, a con-
trolled corpus of dialogues between LLM-played personas at four expertise levels, we show that partner
expertise is linearly decodable from early residual-stream layers via linear probing, peaking at layer 8
before degrading to near-chance well before the network’s midpoint. We then ask whether those early-
layer representations are causally active. Counterfactual activation patching—replacing residual-stream
activations at a candidate layer with those from a different expertise condition—reveals a sharp dissoci-
ation: injecting the expertise difference at probe-peak layers leaves a fixed late-layer readout essentially
unchanged, while the same difference injected past the network’s midpoint propagates nearly completely,
an 11X separation confirmed to be content-specific rather than a generic perturbation artifact. This gap
reaches the model’s output: late-layer patches shift roughly one in three top predicted tokens; probe-
peak patches leave the output essentially unchanged, with two independent diagnostics converging on the
same transition point. Probing alone would mislocalize the intervention target by over half the network
depth—a structural constraint on any attempt to steer partner-conditioned behavior. All results are for
a single model family on a synthetic corpus; generalizability across architectures and naturalistic dialogue
remains an open question.

1 Introduction

Skilled communicators adapt to their audience: vocabulary, depth, and framing shift based on what the lis-
tener knows and what expertise they bring [Clark and Murphy, 1982, Bell, 1984, Clark, 1996]. Whether LLMs
do something analogous internally—and where in the network any such partner representation operates—
has practical stakes for audience adaptation, sycophancy, and calibrated expert disagreement [Sharma et al.,
2024, Wang et al., 2026, Vennemeyer et al., 2026].

One common way to ask where something is encoded in a neural network is probing: training a lightweight
classifier on the model’s internal representations at each layer to test whether a given attribute can be read
off there [Alain and Bengio, 2017, Belinkov, 2022|. Studies using this approach show that user attributes are
decodable from intermediate layers [Pan et al., 2026, Choi et al., 2025, Zhu et al., 2024], creating a natural
but often wrong inference: that the layer where the probe peaks is where the attribute is computationally
relevant. A probe tells you where information is readable; it says nothing about whether the network actually
uses that representation downstream. The causal complement is activation patching: replacing activations
at a candidate layer with those from a different condition and measuring whether the change propagates
to a later position |[Vig et al., 2020, Meng et al., 2022, Wang et al., 2023].1 A growing body of work finds

IThroughout, “causally active” refers specifically to within-forward-pass propagation: whether a modified activation at layer
L reaches a fixed downstream readout.



that probe peaks and propagation loci frequently diverge—in vision transformers [Huang and Chang, 2025],
sparse autoencoder features [Arad et al., 2025], and user-belief representations [Choi et al., 2025]. We ask
whether the same holds for a relational, multi-turn attribute that must be inferred across a conversation
rather than read from a single prompt.
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Figure 1: Llama-3.3-70B role-plays both speakers in each EXPERTCOLLAB dialogue (Generate); residual-
stream activations are extracted at the participant-perspective position every four layers (Extract); linear
probes test where partner expertise is linearly readable (Probe, blue); counterfactual activation patching
tests whether early-layer representations propagate to a fixed late-layer readout (Patch, green).

Our analysis yields three findings: partner expertise shows an early probe peak that degrades before the
network’s midpoint, contrasting with statically-specified attributes that persist throughout; the probe-peak
layer is causally inert while mid-to-late layers propagate nearly completely; and this propagation boundary
coincides with the generation boundary, confirmed by two independent diagnostics converging on the same
transition point. Full counterfactual generation—running the model to completion under modified activations
across multiple turns—remains the primary open extension.

Contributions. (1) A concrete demonstration that, for a relational multi-turn attribute, probing mis-
localizes the intervention target by over half the network—extending the decodability#causality finding
from vision transformers [Huang and Chang, 2025] and sparse autoencoder features [Arad et al., 2025] to
conversational partner modeling. (2) A participant-perspective activation extraction methodology, together
with EXPERTCOLLAB, a controlled corpus of multi-turn research-planning dialogues between LLM-played
personas at four expertise levels. (3) A counterfactual patching design with norm-matched random-delta
controls and behavioral linkage measurements connecting the propagation finding to the model’s output dis-
tribution. All results are for a single model family on a synthetic corpus; generalizability across architectures
and naturalistic dialogue remains an open question.



2 Related Work

Implicit personalization. LLMs systematically adjust outputs based on inferred user attributes [Jin
et al., 2024]. A prominent downstream failure is sycophancy [Sharma et al., 2024], with mechanistic accounts
linking it to user-opinion representations overriding learned knowledge in deeper layers [Wang et al., 2026] and
distinct sycophantic behaviors mapping to separable internal subspaces [Vennemeyer et al., 2026]; Papadatos
and Freedman [2024] use linear sycophancy probes as a fine-tuning signal. LLMs can represent beliefs and
mental states of conversational partners in their activations [Zhu et al., 2024], but this literature focuses on
vignette-style tasks rather than free-form multi-turn generation. We extend this to a less stylized setting:
tracking a collaborator’s competence level during generation, where the attribute must be inferred across
turns. A growing literature applies probes specifically to multi-turn dialogue [Jaipersaud et al., 2025], with
Ichmoukhamedov and Martens [2025] cautioning that probes trained on short conversational formats may
not generalize to longer ones.

Causal localization and the decodability /propagation gap. Transformer language models maintain
a running representation vector—the residual stream—to which each layer adds its computation via a skip
connection, rather than replacing the previous representation outright [Elhage et al., 2021]. What a probe
reads at layer L therefore reflects everything written into this stream up to that point, but that information
need not persist forward if subsequent layers overwrite or ignore it. Activation patching [Vig et al., 2020,
Geiger et al., 2022, Meng et al., 2022, Wang et al., 2023] tests this directly by injecting a modified activation
at some layer and measuring whether the change survives to a downstream position. Prior work finds
that probe peaks and causal loci frequently diverge: Huang and Chang [2025] demonstrate this in vision
transformers; Arad et al. [2025] find it for sparse autoencoder features; Choi et al. [2025] show that user-
attribute representations are reliably decoded from intermediate layers but that actually steering behavior
requires interventions across multiple layers. Our experiment extends this framework to a relational, multi-
turn conversational attribute.

Layered organization of transformer LMs and linear probing. Transformer language models orga-
nize linguistic information hierarchically by depth [Tenney et al., 2019, Jawahar et al., 2019, Geva et al.,
2021]: a probe peaking in early layers most naturally exploits surface regularities—hedging patterns, vocab-
ulary formality, syntactic complexity. Linear probes [Alain and Bengio, 2017, Belinkov, 2022| test whether
a property is linearly encoded at a given layer; Hewitt and Liang [2019] introduce the selectivity criterion
to distinguish probe expressivity from representation content. We restrict to linear probes for tractability in
the high-dimensional, low-sample regime (p = 8192 > n) and for compatibility with the downstream causal
step.

3 Methods

We now describe the corpus construction, activation extraction protocol, and experimental design that
instantiate this framework.

3.1 EXPERTCOLLAB

EXPERTCOLLAB comprises synthetic research-planning dialogues between two LLM-played agents at four
expertise levels—high school student (HS), junior researcher (JR), researcher (R), and professor (PROF)—
generated by Llama-3.3-70B-Instruct-Turbo via Together AIl. Each agent receives a persona prompt spec-
ifying engagement style, characteristic blind spots, and interaction tendencies appropriate to its expertise
level; agents communicate in ways that reflect their level rather than announcing it. Synthetic dialogue per-
mits controlled construction of expertise counterfactuals impossible to arrange naturalistically; LM-played
personas reproduce individual-level behavioral patterns with notable fidelity [Park et al., 2026]. The single
generator controls for style and topic-distribution confounds; we discuss the resulting same-model confound
in section 5.

Personas specify no explicit credentials or job titles—expertise must be inferred from how an agent
communicates, not from stated affiliations. All 28 conversations were used without modification. The corpus



covers seven distinct expertise-level pairings (drawn from same-level and cross-level combinations of the four
levels) across four research scenarios (speculative decoding, GNN robustness, scaling laws, soil microbiome),
yielding n = 28 base conversations of 12 turns each with randomized first speaker.

3.2 Participant-Perspective Probing

When analyzing a conversation, a key design choice is whose perspective to take. Rather than feeding the
model the full transcript as a passive reader, we extract activations at the position the model occupies when
it is actually about to generate its next turn—what we call the participant perspective. This matters because
the same exchange looks different from each speaker’s viewpoint: from speaker s’s perspective, the partner’s
prior turns are the input (user) and s’s own prior turns are its previous outputs (assistant). Formatting
the context this way with add_generation_prompt=True ensures the extracted representation reflects what
the model knows at the moment of generation—its working state as it decides what to say next, not a static
reading of the transcript.

Residual-stream activations are extracted at the final token position of every fourth layer of Llama-3.3-70B-Instruct
(layers 0-76, 20 checkpoints total, d = 8192) via NDIF /nnsight. Both speakers’ activations are pooled into
role-agnostic targets (n = 56 total speaker-turn instances). L2-regularized logistic regression probes [Alain
and Bengio, 2017] (C' = 0.01, stratified 5-fold cross-validation; C' selected to prevent degenerate solutions
in the high-dimensional low-sample regime; we did not tune C' against layer profiles) are trained per (layer,
turn) cell on two targets: partner_level (4-class: the partner’s expertise level) and own_level (4-class:
the generating speaker’s own level). Given the small sample size (n ~ 9-11 per class per fold), per-cell CV
accuracy estimates carry substantial uncertainty; results should be interpreted in terms of the overall layer
profile rather than point estimates at individual cells.

Surface-feature baseline. To test how much of the neural probe signal reflects simple lexical regularities
rather than deeper processing, we also train a logistic regression classifier on five surface-linguistic statistics
computed from each speaker’s conversational history at extraction time: hedging rate (fraction of hedge-word
tokens), mean sentence length, question rate, type-token ratio, and vocabulary complexity (mean inverse log-
frequency of content words). The baseline uses the same partner_level target and cross-validation protocol
(C = 0.01, stratified 5-fold).

3.3 Counterfactual Activation Patching

Experiment design. Probing tells us where partner expertise is readable in the network. The patching
experiment asks whether those representations are causally active—whether modifying them actually changes
what the network computes downstream. Concretely: if we replace the residual-stream vector at layer L
during a forward pass with one taken from a different expertise condition, does that substitution survive to
a fixed late-layer readout at layer 767 If so, the representation at layer L is on the causal path; if not, it is
effectively overwritten or bypassed before the output.

Formally, for a pair of dialogues differing only in one participant’s expertise level, we define the expertise
delta A = h%(source) — h” (target), where h’ is the residual-stream vector at layer L. We add A to the
target’s stream at layer L and run the forward pass to completion, then check whether the late-layer readout
shifted toward the source.

Counterfactual pairs. Each dialogue has two participant roles. We hold one participant’s persona con-
stant (participant B) while varying the other’s expertise level across all four levels (participant A), creating
a set of conversations that differ only in A’s expertise. Pairing these across all ordered expertise-level combi-
nations yields the counterfactual pairs used for analysis. The primary analysis uses n = 48 cross-level pairs
in the partner-encoding ablation: we patch participant B’s residual stream (whose context changes as their
partner’s expertise varies, so A captures how B encodes its partner) and read out the partner_level probe
at layer 76.

Readout and normalization. We fix the readout at Lyone = 76, downstream of every candidate patch
layer Lpaten € {0,4,...,76}, so any nonzero effect E requires propagation through the intervening com-



putation. To measure propagation, we compare the probe’s output on the patched forward pass against
two baselines—what the probe would output if the full source activation were present (pgom) versus the
unpatched target (pgo):
E(Lpatch7 T) — Ppatched — Pto )
Pfrom — Pto

FE ~ 1 means the patched stream fully recovered the source’s late-layer representation; £ =~ 0 means the
injected delta did not reach the readout. Cells where |pgom — Pto] < 0.05 are masked to exclude pairs where
the probe cannot distinguish the two conditions (20.1% of cells). All reported intervals are 95% cluster
bootstrap CIs resampling pairs (B = 1000).

Controls. Setting Lpatch = Lprobe (trivial recovery) verifies the measurement is working: the probe reads
the patched activation directly, so E should be ~ 1 regardless of content. Replacing A with a norm-matched
random vector—same magnitude, random direction—tests whether any early-layer null result reflects content-
specific failure to propagate or simply generic decay of perturbations over network depth.

Behavioral metrics. To connect the propagation finding to the model’s actual output, we record two
additional quantities on the same patched and unpatched forward passes across all n = 48 pairs: (1) token
overlap—the fraction of top-5 predicted tokens at the generation position shared between the patched and
unpatched run, and (2) representation shift (1 — cosf)—cosine dissimilarity between the patched and un-
patched residual-stream activations at layer 76. Unlike the probe-based FE, these metrics require no baseline
normalization and are computed for every pair at all candidate patch layers.

4 Results

4.1 Partner Expertise Is Decodable Early but Does Not Persist

The probing results (fig. 2) reveal a structural asymmetry between two qualitatively different encoding
tasks. own_level—the speaker’s own expertise, specified in the system prompt—has mean CV accuracy
exceeding 0.60 at every layer from 0 through 76. The network’s skip connections carry this information
forward throughout the entire model without degradation, establishing that the architecture is capable of
maintaining an attribute across depth when it is statically provided.
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Figure 2: Pooled participant-perspective probe accuracy (n = 56). Left: Peak CV accuracy by layer;
partner-level peaks at layer 8 (acc = 0.786) and declines to near-chance by layer 40; own-level stays above
0.60 throughout. Right: Partner-level accuracy heatmap (layer x turn); early-layer concentration is robust,
but the starred maximum (layer 8, turn 5) is not reliably identifiable at this sample size.

partner_level behaves differently in every respect. It must be inferred from the partner’s utterances
rather than read from a prompt entry, and the probe profile reflects this: accuracy builds across turns as
the model accumulates evidence, reaching its maximum at layer 8 (acc = 0.786, turn 5 in the best-turn



analysis), then degrading monotonically to near-chance by layer 40. We note that the specific turn of peak
accuracy should be interpreted cautiously given the small n; with roughly 9-11 training instances per fold,
per-turn estimates are noisy and the turn-5 optimum is not robustly identifiable. The consistent finding is
the early-layer peak and subsequent degradation, not the specific turn coordinate. The peak is later, lower,
and impermanent.

The profile—early peak, monotone decline, absent at late layers—is consistent with an early-layer encod-
ing built primarily on surface-linguistic features (hedging density, vocabulary formality, syntactic complexity)
that dominate early transformer representations [Tenney et al., 2019, Geva et al., 2021]. The surface-feature
baseline tests this directly: a logistic regression on five lexical statistics achieves 0.32 accuracy on the same
4-class target—above chance (0.25), but 0.45 points below the neural probe’s 0.786. The early-layer encoding
captures structure that simple surface statistics miss, making the question of whether it propagates forward
non-obvious. The patching experiment answers it.

4.2 Early-Layer Deltas Do Not Propagate; Mid-to-Late Layers Do

Probing established that partner expertise is linearly readable from early-layer representations; the question is
whether those representations are causally active. Protocol calibration is verified: with Lpatch = Lprobe = 76,
per-turn E values are {1.09, 1.00, 1.00, 1.00, 0.98, 1.00} (mean 1.01), confirming the measurement is working
correctly. The main layer profile (fig. 3, left) gives a clear answer: at the probe-peak layers (0 and 4),
E =0.009 and F = 0.012—the injected delta leaves the late-layer readout essentially unchanged, meaning
the network’s intervening computation overwrites or ignores the modification entirely. The early band (layers
0-12) yields mean E = 0.085 [0.050, 0.123]. E begins rising at layer 8 and transitions sharply through layers
20-36, reaching 0.496 at layer 20, 0.623 at layer 28, and 0.858 at layer 36 (E = 0.858 [0.801, 0.911]). By layer
36 propagation is nearly complete, and layers 40 through 72 all exceed 0.90. The early-layer representation
the probe can read is not on the causal path to the output.

The random-delta control (fig. 3, right) confirms the early-layer null is content-specific, not a generic
property of perturbation decay. Replacing the expertise delta with a norm-matched random vector produces
confidence interval widths 10-15x larger than the real experiment with no monotone structure. It is the
expertise-specific direction of the delta, not its magnitude, that determines whether it propagates.
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Figure 3: Layer profile of normalized causal effect E (n = 48 pairs). Left: E rises monotonically from
near zero at early layers to near one at late layers (11.3x separation); shaded region marks the transition
zone (layers 20-36). Right: Norm-matched random-A control yields no monotone structure and CI widths
10-15x larger, ruling out generic perturbation decay.

The heatmap (fig. 4) shows that this depth-dependence holds regardless of where in the conversation the
patch is applied: every column is red at the bottom (early layers, near-zero propagation) and green at the
top (late layers, near-complete propagation), with the same transition band running horizontally across all
six speaker turns. The causal structure is a property of network depth, not conversational position.



Partner-encoding ablation (n = 48 pairs, gap =0.05)
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Figure 4: E(Lpatch,T’) heatmap (n = 48 pairs, 20.1% of cells masked). The early-layer null and late-layer
recovery are uniform across all turns, indicating a property of network depth rather than conversational
position.

Directionality and domain stratifications are consistent with the main result. Patching toward a higher-
expertise source (n = 24) and patching toward a lower-expertise source (n = 24) yield E = 0.653 [0.597, 0.713]
and E = 0.660 [0.614, 0.704] respectively—a 0.007-point difference with fully overlapping confidence intervals,
indicating that recovery is direction-symmetric. Domain recovery varies modestly: gnn_robustness E =
0.691, scaling_laws E = 0.668, speculative_decoding E = 0.659, soil_microbiome E = (0.598; the soil
scenario, the only domain outside machine learning, shows the lowest recovery, consistent with expertise-
discriminating signals being less sharply differentiated there.

A complementary ablation patching the other participant’s stream and reading out the own-level probe
showed qualitatively similar early/late dissociation, but the near-perfect own-level probe accuracy at all
layers produces small normalization denominators and unstable E values. We treat this as exploratory.

The probe finds partner expertise at layer 8; patching at layer 8 moves the late-layer readout by 0.118.
The patch needs to reach layer 36 before it moves the readout by more than 0.85. The probe peak and the
propagation zone are in different parts of the network, and the gap is content-specific.

4.3 The Propagation Gap Reaches the Model’s Output

Whether this internal propagation structure reaches the model’s output is what the behavioral metrics answer
(fig. 5). Token overlap declines gradually from the earliest patch layers—0.97 at layers 04, falling to 0.85
by layer 8 and settling near 0.67 by layer 32. Even low-magnitude perturbations at shallow layers produce
a small output-side footprint, consistent with the network’s additive (residual) structure: any injected delta
contributes to the final-layer computation and can displace marginal predicted tokens. But the effect is small
and graded, not the sharp transition we would expect if early layers were causally relevant.

Representation shift (1 — cos @) tells the sharper story. It is essentially flat (<0.01) at layers 0—4, then
rises sharply beginning at layer 8, reaching 0.40 by layer 32 where it saturates. This onset matches the
transition in F—and it does so without using a trained probe: cosine dissimilarity at layer 76 requires no
classifier, yet identifies the same boundary as the probe-based causal effect. Two independent diagnostics,
designed around entirely different readouts, converge on the same layer-8 transition, which strongly implies
this is a structural property of the computation rather than an artifact of either readout method.



Behavioral Linkage: Activation Patching (n=48 pairs)
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Figure 5: Behavioral effects of activation patching (n = 48 pairs). Left: Top-5 token overlap declines
gradually from 0.97 at layers 0—4 to =0.67 by layer 32. Right: Cosine dissimilarity (1 — cos#f) at layer 76
is flat (<0.01) at layers 0—4 then rises sharply from layer 8, matching the onset in E without requiring a
trained probe.

Together the metrics close the chain. Probing told us where partner expertise is readable (layer 8).
Patching told us where it propagates (layer 36+). The behavioral measurements confirm that the propagation
boundary is also the generation boundary: patches at probe-peak layers leave the model’s output nearly
untouched, while the same delta injected past the network’s midpoint shifts roughly one in three of the
model’s top predicted tokens. The gap between readable and causally active extends all the way to what
the model says.

5 Discussion and Future Work

Practical implications. The central finding constrains where interventions on partner-conditioned behav-
ior would need to be applied. If a practitioner wanted to modify how a model adapts to its conversational
partner—whether to reduce sycophancy, calibrate explanation depth, or steer expert disagreement—probing
would direct them to the layers where the partner-expertise signal is strongest. The patching result shows
that intervening there would have negligible downstream effect; the intervention would need to target the
latter half of the network, where the representation actually propagates. The mislocalization spans over half
the network—a concrete instance of the broader principle that decodability does not imply causal relevance
[Huang and Chang, 2025, Arad et al., 2025].

What the early-layer signal is. The surface-feature baseline rules out the simplest explanation for the
early-layer peak: the 0.45-point gap between lexical accuracy (0.32) and neural probe accuracy (0.786)
shows the early-layer encoding captures structure that surface statistics do not. The profile is consis-
tent with richer representations—discourse dynamics, reciprocal question—answer structure, topic-authority
negotiation—that aggregate measures miss. This reframes the main finding: the gap between probe peak
and propagation zone is not a story about the probe finding noise. The model forms a rich early encoding
of partner expertise that nonetheless fails to route forward. Whether this representation is overwritten by
subsequent processing, written into a non-propagating subspace, or simply fails to connect to the channels
that carry information to later layers remains an open mechanistic question. Cross-model replication and
nonlinear readouts can begin to constrain these possibilities.

Scope and generalizability. All results reported here are for a single model (L1ama-3.3-70B-Instruct)
on EXPERTCOLLAB, a synthetic corpus generated by the same model. Three limitations follow directly.



First, the specific layer boundaries (probe peak at layer 8, propagation onset at layer 36) are properties of
this architecture and should not be taken as universal constants; they may shift substantially for models
of different depth, width, or training regime. Second, because EXPERTCOLLAB is generated by the same
model being probed, the expertise representations we study may reflect self-recognition of the model’s own
generation patterns rather than genuine inference about an external interlocutor—a form of circularity
that naturalistic corpora or cross-model generation would mitigate. Third, the corpus is small (n = 28
base conversations, n = 56 speaker-instances for probing, n = 48 pairs for patching) and the reported
peak CV accuracies carry uncertainty that the current analyses do not fully quantify. We treat these
results as establishing a proof of concept and characterizing one instance of the probe-peak/propagation-
zone dissociation for a relational dialogue attribute, rather than as claims about LLMs in general.

Open questions. Cross-model replication is the highest priority: all results are for a single model family,
and the single-generator confound in EXPERTCOLLAB means the probed model also generated the corpus.
Running the same pipeline on a second model family with EXPERTCOLLAB held fixed would test architecture-
invariance and dissolve this confound. More directly, the identified propagation zone is a natural target for
steering experiments: activation steering vectors [Turner et al., 2024, Arditi et al., 2024] applied at layers
36+ would test whether the partner-expertise representation can be externally modified, connecting this
internal finding to the sycophancy and audience-adaptation behaviors that motivate the problem. Nonlinear
readouts and own-level patching remain secondary open questions.

6 Conclusion

We asked whether the layer where a probe finds a conversational partner’s expertise is the layer from which
that information propagates forward. It is not. Partner expertise is decodable at layer 8 but causally inert
there: injecting the corresponding activation difference at probe-peak layers leaves the late-layer readout
unchanged, while injecting the same difference at layers 36+ shifts it by over 85%. The gap is content-
specific, direction-symmetric, and stable across turns and domains. It also reaches the model’s output:
the same transition that marks where deltas begin propagating internally marks where the model begins
generating differently—with late-layer patches shifting roughly one in three top predicted tokens, and two
independent diagnostics converging on the same layer-8 onset. For anyone seeking to steer how a model
adapts to its conversational partner, the probe would point to the wrong part of the network by over half
its depth.
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