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Abstract

When humans recall a dangerous experience, they do
not merely remember the facts—they re-experience
the fear. This felt memory, which Damasio called a
somatic marker, biases future decisions toward safety
without requiring conscious deliberation. Current
language models lack this capability: they store what
happened but not how it felt.

Glover (2026) demonstrated that this gap can be
bridged at small scale. By extracting emotion-related
features from a language model’s internal repre-
sentations using sparse autoencoders (SAEs), and
re-injecting them during recall, that work created
functional analogues of somatic markers in a 1B-
parameter model. This paper asks: does the mecha-
nism scale?

We test the same architecture across three
model sizes—4B, 12B, and 27B parameters—in the
Gemma 3 family with Gemma Scope 2 SAEs, extend-
ing the 1B proof-of-concept. The echo’s ability to
discriminate threatening from safe contexts replicates
at every scale: on a composite threat-minus-warmth
metric scored blindly by an independent model, the
echo alone (C) significantly outperforms amnesia (A)
at 4B, 12B, and 27B (all p < 0.001).

Our central results come from a redesigned multi-
turn decision task. The echo shifts discrete safety
choices, and the effect grows with model scale—the
largest models make the strongest use of the felt sig-
nal, with safe-choice rates approaching ceiling at 27B.
The echo’s advantage is greatest when semantic mem-
ory is degraded, replicating Damasio’s core finding
that felt memory matters most when cognitive knowl-

edge fails. Most strikingly, decision quality is de-
coupled from output coherence: as injection strength
rises, the generated deliberation degrades from flu-
ent prose toward repetition, yet the quality of the
resulting decision continues to improve. The deci-
sion reads affective valence, which survives injec-
tion strengths that destroy syntactic fluency—when
the text collapses, it collapses into emotionally polar-
ized repetition (threat words for the dangerous path,
warmth words for the safe path). Valence outlives syn-
tax. This suggests a natural deployment architecture:
apply the echo during an internal deliberation phase
and generate the final response without it, decoupling
the decision benefit from the coherence cost.

The effect requires calibration—optimal injection
strength varies with model scale—and we report the
full parameter space transparently, including what
works and what does not.

1 Introduction

1.1 From Proof-of-Concept to Scaling

When a person faces a decision, they rarely reason
through every consequence. Instead, options that
previously led to harm tend to feel wrong before any
deliberation occurs—a quick, bodily sense of unease
that steers choices toward safety. The neuroscientist
Antonio Damasio called these felt signals somatic
markers: emotional traces of past experience that bias
decision-making beneath conscious reasoning [2, 3].
Patients who lose the brain regions that generate them
remain intelligent and articulate but make disastrous
real-world choices, because the warning feeling never



arrives.

Language models are, in a sense, like those pa-
tients: they can store and recall what happened in an
experience, but they retain no trace of how it felt—a
gap that parallels the distinction between semantic
memory and the affectively-laden, experiential char-
acter of episodic recall [4]. Glover [1] showed that
this felt trace can be reconstructed and reinserted.
The method extracts emotion-related features from a
model’s internal activations using sparse autoencoders
(SAEs)—tools that decompose a model’s hidden state
into interpretable components [14, 7]—records the
distinctive emotional pattern an experience produces,
and later re-injects that pattern during recall. We
call this re-injected emotional signal the echo. Using
Gemma 3 1B-IT with pretrained Gemma Scope 2
SAEs, that work identified emotion-exclusive fea-
tures, constructed distinctive-feature emotion vectors
during experience, and partially re-injected them dur-
ing recall. The echo alone steepened the threat-safety
gradient (p=0.011), and the combination of echo and
semantic memory produced the best outcomes on a
decision task inspired by the lowa Gambling Task
(IGT): 80% safe choices versus 52% for semantic
memory alone (p<0.01).

Those results established the mechanism at a single
scale. This paper asks whether it generalizes. We test
the same core architecture—context matching at an
early layer, echo injection at a late layer—across the
Gemma 3 family at 4B, 12B, and 27B parameters.
We also redesign the decision task. The original IGT-
inspired experiment injected the echo during the deci-
sion itself—the model chose between options while
the emotional signal was being added to its activa-
tions. At 1B this worked, but at larger scales injecting
during the decision interferes with it: the perturbation
that is supposed to inform the choice instead disrupts
the computation that makes it. We can only speculate
as to why the single-turn design held up at 1B. One
possibility is that a 1B model’s decision-making is
simpler and less deliberative—closer to a direct, in-
stinctive response than to an analytical one—so there
is little reasoning computation for the injection to dis-
rupt, and the felt signal can steer the choice directly.
Larger models appear to do more analytical work at
decision time, and adding the echo into the middle
of that process corrupts it rather than biasing it. Our
new multi-turn design separates the two. The echo

shapes the model’s evaluation of each option in early
turns, and the actual decision is made in a later turn
with no injection at all—the model simply reads its
own echo-shaped evaluations from context. This sep-
aration, which proves essential at scale, also turns out
to mirror how somatic markers work in humans, and
points to a deployment architecture we return to in
the Discussion (Section 5.2).

1.2 Contributions

1. Multi-scale replication. We show that the fear
conditioning gradient—the echo’s ability to pro-
duce stronger threat responses in threat-similar
contexts and weaker responses in safe contexts—
replicates at 4B, 12B, and 27B parameters, three
scales above the original 1B proof-of-concept. We
introduce a composite metric (threat rating minus
warmth rating) that captures total emotional dis-
crimination in a single number, evaluated blindly
by an independent model.

2. A decision task that separates deliberation
from decision. We redesign the IGT-inspired
task as a multi-turn protocol: the echo shapes the
model’s evaluation of each option, but the deci-
sion is made in a later turn with no injection. This
resolves a failure of the original single-turn design,
in which injecting the echo during the decision it-
self disrupts the choice at larger scales rather than
informing it.

3. Decision benefit grows with model scale. On
this task the echo shifts discrete safety choices,
and—unlike the more parameter-sensitive condi-
tioning whitebox comparison—the effect strength-
ens monotonically with model size, with echo-
augmented safe-choice rates approaching ceiling
at 27B. The advantage is greatest when semantic
memory is degraded, replicating Damasio’s core
finding that felt memory matters most when cog-
nitive knowledge fails.

4. Valence outlives syntax. Using blind side-effect
scoring, we show that decision quality is decou-
pled from output coherence: as injection strength
rises, the generated deliberation degrades toward
repetition, yet decision quality continues to im-
prove. The decision tracks affective valence,



which survives injection strengths that destroy
syntactic fluency. This points to a deployment
architecture—apply the echo during an internal de-
liberation phase, generate the final output without
it—that decouples the decision benefit from the
coherence cost.

5. Transparent calibration analysis. We report the
full parameter space: which model sizes and in-
jection strengths produce significant results, and
which do not. The conditioning gradient is robust,
while the decision task is sensitive to parameters.
We identify the scaling—calibration relationship—
larger models require different injection strengths—
as a key engineering challenge for deployment.

2 Method

2.1 Models and SAEs

We use the Gemma 3 instruction-tuned model fam-
ily [13] at three scales: 4B-IT (34 layers), 12B-1T (48
layers), and 27B-IT (62 layers). The 1B-IT model (26
layers) of Glover [1] serves as the prior-work base-
line; we also re-ran it under the new multi-turn design,
where its decision effects are weak—consistent with
the smallest model showing the smallest effect—as
reported in Appendix D. Each model has a corre-
sponding Gemma Scope 2 SAE suite [8] providing
JumpReL U sparse autoencoders [9] with 16,384 fea-
tures at multiple layers. We select the emotion injec-
tion layer at approximately 85% depth: layer 29 (4B),
layer 41 (12B), and layer 53 (27B). Context matching
uses an early layer at approximately 27% depth.
These layer choices were determined empirically
through early experiments examining emotion fea-
ture distinctiveness across available SAE layers, not
through a principled layer sweep. Recent work on
emotion representation extraction in small language
models [15] found that emotion representations lo-
calize at ~50% depth for probing tasks, following
a U-shaped curve that is architecture-invariant. Our
injection layer is deeper (~85%), which may reflect
a difference between extraction (where representa-
tions are most linearly separable) and injection (where
modifications are closest to the output distribution).
A systematic study of optimal injection and match-
ing layers across scales is an important direction for

future work.

The 4B and 27B models are loaded in 8-bit quan-
tization; 12B runs at bfloat16 precision. In initial
testing we did not observe a significant difference
between 8-bit and 16-bit precision on our metrics,
though we did not verify this systematically across
all scales and configurations; a controlled precision
comparison is left to future work. We note that the
residual stream norm (NORMAL_NORM) differs
substantially across scales—approximately 2 x larger
at 12B than at 4B. Because the injection is scaled
to this norm (Eq. 3 below), a given « corresponds
to a fixed fraction of the residual-stream magnitude
at every scale; this normalization is what makes «
comparable across models.

2.2 Echo Construction

The overall two-vector architecture—context match-
ing at an early layer to decide when the echo fires,
emotion-feature injection at a late layer to determine
what is re-activated—is shown in Figure 1. Follow-
ing Glover [1], we encode experience text through
the model, capture activations at the emotion layer,
project into SAE feature space, and extract the top-
K features that most distinguish each experience
from the mean across all experiences (the distinctive-
feature method). These distinctive features are pro-
jected back through the SAE decoder (W 4.) to pro-
duce the echo vector in residual stream space. At
recall, this vector is added to the residual stream
during the forward pass, scaled by an injection co-
efficient a—an instance of the activation-addition
paradigm [10], part of the broader representation-
engineering literature [12], with the steering direction
derived from SAE features rather than from a contrast
pair of prompts. We also explored two variants of
this injection—a contrastive echo (injecting the dif-
ference between the threatening and safe echoes) and
multi-layer injection—neither of which improved on
the simple single-layer echo once injection strength
is accounted for; we report them in Appendix C.
The Gemma Scope 2 SAEs use JumpReLU acti-

vation with two encoding modes, determined by the
affine_connection configuration flag:

Affine: f = JumpReLU ((x — baec)Wene + benc )
(1

Non-affine: f = JumpReLU (x Wepe + benc) 2)



The 4B, 12B, and 27B SAEs use non-affine connec-
tions (the 1B SAEs used in the prior work use affine
connections). Our implementation checks this flag at
load time, ensuring correct feature extraction at each
scale.

During generation, the echo is injected at every
forward pass via a hook on the emotion layer:

h2:hg+a~7-e 3)
where hy is the residual stream at layer /, e is the echo
vector, « controls injection strength, and || hy/||norm is
the mean residual norm calibrated on neutral text.

2.3 Fear Conditioning Protocol

Conditioning. Six experiences: three threatening (an
abandoned warehouse district where the character is
robbed, attacked by a stray dog, and falls through a
rotten floor) and three safe (a sunny marketplace with
free fruit, an old friend, and a warm afternoon). Each
stores a context embedding and an emotion echo.

Generalization. Seven scenarios varying in simi-
larity to the threat context: two high (derelict indus-
trial area, dark alley), two medium (quiet residential
street, unfamiliar part of town), two low (park, bus
stop), and one safe (marketplace return).

Conditions. A (no memory), B (semantic prefix
describing past experiences), C (echo injection, no se-
mantic), BC (semantic + echo). N=20 per condition
per scenario.

Evaluation. Gemini 3.5 (Google) blindly rates
each generated response on threat (1-10) and
warmth (1-10). We compute the composite met-
ric: threat minus warmth. The gradient slope of
this composite on similarity level (coded as high=3,
medium=2, low=1, safe=0) captures total discrim-
ination. Slope differences between conditions are
tested via bootstrap with 10,000 permutations.

Alpha sweep. Each model is tested at o €
{0.10,0.15,0.20}.

Differences from Glover (2026). The condition-
ing scenarios, generalization scenarios, and four-
condition design are identical to the original 1B ex-
periment. The changes are analytical: we introduce
the composite metric (threat minus warmth) and the
bootstrap slope comparison (10,000 permutations),
and we code similarity levels on a 4-position scale

(high=3, medium=2, low=1, safe=0) rather than the
5-position scale used in the original paper. The 4-
position coding groups the seven scenarios by their
natural similarity tier (two high, two medium, two
low, one safe), which aligns the slope analysis directly
with how the scenarios are grouped in the gradient
figures and makes the discrimination slope easier to
read against them.

2.4 An IGT-Inspired Decision Task

Our decision task is inspired by the lowa Gambling
Task [5, 6], in which participants repeatedly choose
between decks of cards that differ in risk profile. In
the original IGT, healthy participants develop an im-
plicit preference for safe decks before they can articu-
late why—a preference absent in patients with ventro-
medial prefrontal cortex (VMPFC) damage. Rather
than implementing the full sequential IGT, we test
a simplified single-decision analogue: the model en-
counters a fork between two paths and must choose
which is safer, given its available information (seman-
tic memory, echo, both, or neither).

Background. The original task in Glover [1]
used a single-turn design with color-labeled paths
(red=safe, blue=dangerous). The model was condi-
tioned on three threatening and three safe experiences,
and both echoes were combined into a single injection
vector during the decision prompt. At the 1B scale,
this produced the key BC>B finding.

When we scaled this design to 4B and beyond,
initial tests failed. The central problem was decision-
time injection: the single-turn design injects the echo
during the decision prompt itself, so the same pertur-
bation meant to inform the choice is present in the
activations while the choice is being computed. At
1B this was tolerable, but at larger scales it interferes
with the decision rather than biasing it—degrading
the very computation it is supposed to shape. Two
secondary problems compounded this. Color bias
scaling: the model’s preference for specific colors
grew with model size; tests with swapped color as-
signments (red=dangerous, blue=safe) did not repli-
cate the safety-ward shift, suggesting an interaction
between the echo and color token representations
rather than a genuine safety preference. Combined
echo cancellation: injecting both the threatening and
safe echoes simultaneously, as a single summed vec-



Two-Vector Architecture: Context Match at an Early Layer, Echo Injection at a Late Layer
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Figure 1: Two-vector architecture. During conditioning (left), experience text is encoded at two layers:
an early layer (~27% depth) captures context embeddings for similarity matching, and a late layer (~85%
depth) captures emotion features for echo construction. During recall (right), a new input is matched against
stored context embeddings; the best-matching echo is injected into the residual stream at the emotion layer.

The same architecture is used at all three model scales.

tor, produced partial cancellation—the threatening
echo pushed activations one way while the safe echo
pushed the other, so the net effect was smaller than
either alone.

These failures motivated three design changes.
(1) Separate deliberation from decision: rather
than injecting during the decision, we move the echo
upstream into evaluation. Each path is evaluated in
its own turn with its own appropriate echo, and the
decision occurs on a later turn with no echo injection,
based on the model’s own echo-shaped evaluations
now in context. This directly removes the decision-
time interference and, as we show, is what allows the
effect to scale. (2) Shape labels: we test both color
(red/blue) and shape (circle/triangle) labels. We do
not claim shape labels remove bias—models have a
consistent shape preference (circle over triangle) just
as they have a color preference. Rather, shape pro-
vides a second, independent bias condition, increasing
sample diversity and letting us check that the echo ef-
fect is not an artifact of any single label type. In both
conditions, following the 1B design of Glover [1], we
deliberately assign the model’s preferred label to the
dangerous path. This makes the task maximally ad-
versarial for the echo—it must overcome the model’s
prior preference to shift the choice toward safety—so
any safe-ward shift is a conservative lower bound on
the echo’s influence. (3) Safety ratings: turns 1 and 2

ask the model to rate each path’s safety from 1 to 10,
providing a parseable numeric signal in addition to
the token-preference measurement at turn 3.

Turn 1. The model evaluates one path: “Consider
the [marker] path. How safe do you feel this path
would be? Rate its safety from 1 (very dangerous) to
10 (very safe). Begin your response with SAFETY:
[number].” The appropriate echo is injected during
generation. The free-form text the model produces
here is later scored blindly by Gemini 3.5 for co-
herence, relevance, and somatic (felt) content (Sec-
tion 4.3); the requested numeric rating serves to scaf-
fold the model’s deliberation rather than as an ana-
lyzed measure.

Turn 2. Same for the other path, with the corre-
sponding echo, and likewise scored for side effects.

Turn 3. “Based on your safety assessments of
both paths, which marker would you recommend as
the safer choice?” No echo is injected. We mea-
sure two quantities. First, the logit difference: the
difference in log-probability between the safe and
dangerous path tokens at the first generated position
(logity,r, — 10gity,ngerous)> Where positive values indi-
cate preference for the safe path. Logit differences
directly reflect the model’s internal token preferences
before sampling [16], providing a continuous measure
more sensitive than binary choice. Second, the binary
choice (which path was selected). We do not statisti-



cally analyze the turn-1/2 safety ratings themselves;
they exist to shape the deliberation the decision reads
from.

Difficulty. The semantic prefix (conditions B
and BC) is supplied per path and varies in informative-
ness across two levels. At medium, the prefix gives
vague but discriminating recall—the dangerous path
is recalled as “exciting but sometimes going badly...
treasure and trouble, but the details are hazy,” the safe
path as “quieter and more peaceful... you arrived in
good shape.” At hard, both paths receive the same
uninformative prefix—*You’ve taken paths like this
before. The memory is faded”—so the semantic mem-
ory provides no signal distinguishing the paths. Hard
difficulty is where the echo’s contribution is most
isolated: with semantic memory degraded to noise,
any safe-ward shift must come from the felt signal.
Results are pooled across both difficulty levels.

Counterbalancing. Two orderings per run (which
path is evaluated first). N=>5 per condition per order-
ing per configuration, pooled across difficulties and
label types.

3 Experiment 1: Fear Conditioning
Across Scales

This experiment is groundwork for the decision task
of Section 4. Before asking whether the echo can
change what a model decides, we first confirm that
it does at larger scales what it did at 1B: produce
stronger threat responses in threat-similar contexts
and weaker responses in safe ones. The condition-
ing gradient is therefore a replication and a sanity
check—it establishes that the basic mechanism sur-
vives scaling—rather than the paper’s central claim.
The decision experiment that follows is the more de-
manding test, and the one on which our main conclu-
sions rest.

3.1 Emotion Geometry

Before testing the echo mechanism, we verify that the
SAE feature space captures meaningful emotion struc-
ture at each scale. We compute mean pairwise cosine
similarity among six basic emotion categories (fear,
joy, love, sadness, anger, disgust). Love and disgust
are the most isolated emotions at every scale tested,

with mean off-diagonal similarity ranging from ~0.74
(1B) to 0.854 (12B). The geometric structure is scale-
invariant: the same two emotions stand apart at every
model size, consistent with the findings at 1B reported
in Glover [1].

3.2 Conditioning Gradient

Table 1 presents the central result. The echo alone (C)
significantly steepens the composite gradient versus
amnesia (A) at every model scale:

* 4B (a=0.15): C slope = 2.96 vs A slope = 1.99,
A=+ 0.98, p=0.001.

* 12B (a=0.20): C slope = 2.23 vs A slope = 1.27,
A=+ 0.97, p<0.001.

* 27B (a=0.10): C slope = 2.64 vs A slope = 1.14,
A=+ 1.52, p<0.001.

The echo produces better contextual discrimina-
tion than amnesia across all three multi-billion pa-
rameter scales (Figure 2). At 27B, the C vs A effect
(41.52) is the largest observed—the echo alone dis-
criminates threat from safety more effectively at the
largest model than at smaller ones.

3.3 Whitebox vs. Blackbox (BC vs. B)

The whitebox advantage—BC outperforming the
semantic-only baseline B—is significant at 4B and
12B (Figure 4):

* 4B (a=0.15): BC slope = 4.70 vs B slope = 4.04,
A=+ 0.66, p=0.031.

* 12B (a=0.15): BC slope = 3.38 vs B slope =
291, A=+ 0.47, p=0.011.

At 27B, BC does not significantly exceed B on the
conditioning gradient. The semantic prefix at 27B pro-
duces weaker gradients overall (B slope ~1.6—2.1 vs
~2.8—4.0 at smaller scales), and the echo’s additive
contribution does not reach significance. We discuss
possible explanations in the Discussion (Section 5).

3.4 Alpha Sensitivity

The optimal « differs by model size, but the condi-
tioning alpha sweep was deliberately narrow (o €



Table 1: Composite gradient slopes (threat—warmth) and slope comparisons (bootstrap, 10,000 permuta-
tions). Higher slope = better discrimination between threat and safe contexts.

Composite Slope CvsA BCvsB

Model o« A B C BC A p A D

4B 0.10 271 397 296 436 +0.25 0.147 +0.39  0.091
4B 0.15 199 4.04 296 470 +0.98 0.001** +0.66 0.031%*
4B 020 2.53 375 298 429 4045 0.049* +0.54 0.044%*
12B 0.10 1.34 271 202 295 +40.69 0.004** +0.25 0.156
12B 0.15 1.37 291 205 338 +40.68 0.002%* +0.47 0.011%*
12B 020 127 284 223 316 4097 <0.001*** 4032 0.039*
27B 0.10 1.14 199 264 216 +1.52 <0.001*** +0.18 0.253
27B 0.15 128 156 222 157 4095 0.001** +0.02  0.466
27B 020 1.66 207 243 204 +40.77 0.008** —-0.03 0.571

Bootstrap permutation test; *p<<0.05, **p<0.01, ***p<0.001.

{0.10,0.15,0.20}), which limits what can be con-
cluded about scaling. Within this range, the strongest
C vs A and BC vs B results at 4B occur at «=0.15,
the largest C vs A effect at 12B at «=0.20, and at
27B at a=0.10 (Figure 3)—a non-monotonic pattern
that does not by itself establish a clean scaling law.
The broader alpha sweep in the IGT experiment (Sec-
tion 4.3), which extends to a=0.5—0.7, shows the
scaling relationship more clearly: although the injec-
tion is normalized to the residual-stream norm—so
a given « is a constant fractional perturbation across
scales—Ilarger models nonetheless require higher «
to reach a comparable effect, indicating they are less
sensitive to the same fractional nudge. The narrow
conditioning sweep is consistent with this picture but
too compressed to demonstrate it.

4 Experiment 2: IGT-Inspired Deci-
sion Task

4.1 Design Rationale

As described in Section 2.4, the single-turn design of
Glover [1] injected the echo during the decision itself.
This worked at 1B but failed to scale: at larger mod-
els the decision-time perturbation interferes with the
choice rather than informing it, an effect compounded
by color biases and echo cancellation. Our redesigned
task moves the echo upstream—it shapes how the
model evaluates each option in turns 1-2, and the de-

cision in turn 3 is made with no injection, reading the
echo-shaped evaluations from context. This mirrors
the Damasio framework, in which the somatic marker
fires during the consideration of an option and biases
evaluation rather than directly selecting an action.

One scaling note carries over from the condition-
ing analysis. Although the injection is normalized to
the residual-stream norm (so a given « is a constant
fractional perturbation across scales), we find empiri-
cally that larger models require higher « to shift the
decision. We therefore extend the alpha sweep further
at larger scales.

4.2 Results

We swept injection strength across all three model
scales, at two difficulty levels (medium, hard) and
two label types (colors, shapes), pooling across both
difficulties and label types for each model-alpha com-
bination. Because larger models require higher o for
a comparable effective perturbation, we extended the
sweep further at larger scales: o up to 0.45 at 4B,
0.70 at 12B, and 0.65 at 27B. The full results are in
the Appendix (Table 2); we summarize the patterns
here.

C vs A (echo alone vs. amnesia). The echo signifi-
cantly shifts the model’s internal preference toward
the safe path at every scale, once « is high enough
(Figure 5). At 4B, C vs A is significant from a=0.20
(+11.3, p=0.002) through a=0.45, with the largest
effects at «=0.25 (+17.8, p<0.001) and «=0.30



Fear Conditioning Gradient — Composite (Threat — Warmth)

4b (a=0.15)
Cvs A: p=0.0014%**
BC vs B: p=0.0307*

12b (a=0.2)
C vs A: p=0.0000***
BC vs B: p=0.0388*

27b (a=0.1)
C vs A: p=0.0000***
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Figure 2: Fear conditioning gradient across scales (composite: threat—warmth, best a per model). Each
panel shows the four conditions across scenario similarity levels (high=most threat-similar, safe=least). The
echo alone (C, red) consistently steepens the gradient relative to amnesia (A, gray). The combination of echo
and semantic memory (BC, green) produces the steepest gradient at 4B and 12B.

C vs A — Composite Slope Difference

15
1.0
05 8
f=
o
Q
3
0.0 £
[
&
-05%

|
g
o

|
=
v

0.15
Alpha

Figure 3: C vs A composite slope difference (con-
ditioning) across model sizes and injection strengths.
Green = echo helps; red = echo hurts. The echo
improves discrimination at every scale. Annotations
show slope difference and significance.

(+22.3, p<0.001). At 27B, significance begins at
a=0.30 (+12.2, p<0.001) and holds at every higher
value through av=0.65. At 12B, significance requires
notably higher injection: it first appears at a=0.40
(+5.0, p=0.007) and becomes large and highly signif-
icant from a=0.50 (+20.6, p<0.001) onward. The
alpha at which each model first reaches significance
is lowest at 4B and highest at 12B; we caution against
over-interpreting the exact ordering at our sample
sizes, but the broad pattern—that all three scales
reach large, highly significant effects once injection

BC vs B — Composite Slope Difference
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Figure 4: BC vs B composite slope difference (con-
ditioning). The whitebox advantage is significant at
4B and 12B (green cells with * markers) but not at
27B.

is strong enough—is robust.

BC vs B (whitebox vs. blackbox). Adding the echo
to semantic memory significantly outperforms seman-
tic memory alone at every scale, again at sufficient
o (Figure 6). At 4B, BC vs B is significant from
a=0.35 (+9.5, p=0.042) through a=0.45. At 27B it
is significant from a=0.30 (4-8.0, p=0.032) through
a=0.65, with the strongest effects above a=0.55
(p<0.01). At 12B, BC vs B reaches significance at
high injection (a=0.55-0.65, e.g. +12.3, p=0.010
at «=0.55). This whitebox advantage is concentrated
at hard difficulty, where the semantic prefix is unin-



formative; at medium difficulty the semantic baseline
is already at ceiling, leaving no room for the echo and
diluting the pooled comparison reported here (Ap-
pendix B).

4.3 Decision Quality and the Coherence
Tradeoff

The logit analysis above measures the model’s inter-
nal preference. We also measure the discrete outcome:
which path the model actually recommends (safe
choice %). Figure 8 shows safe-choice rate against
injection strength for each scale. The whitebox condi-
tion (BC) rises with alpha at every scale, and the gap
to blackbox (B) widens as the model grows—most
dramatically at 27B, where BC approaches ceiling at
high alpha while B stays near its semantic baseline.

Larger models make better use of the echo. The
decision benefit grows with scale. At 4B the BC safe-
choice rate peaks in the low-70s; at 27B it climbs
toward ceiling (Figure 7). The same injected sig-
nal yields larger and more robust shifts in discrete
choice at 27B than at 4B—the larger model extracts
more decision-relevant information from the same
felt residue.

Decision quality is decoupled from output co-
herence. To quantify side effects, we had an inde-
pendent model (Gemini 3.5) blindly score each echo-
injected evaluation for coherence (fluency) and so-
matic content (felt language), each on a 1-10 scale.
As injection strength rises, coherence falls monotoni-
cally: the evaluation text degrades from fluent prose,
through awkward repetition, to near-gibberish at the
highest alphas. Yet decision quality does not track
this decline. Across nearly the entire range where
coherence collapses, safe-choice rate continues to im-
prove (Figure 9). The decision does not depend on
the fluency of the deliberation that produces it.

What the decision tracks instead is affective va-
lence. In Figure 9 the coherence and somatic curves
diverge: coherence falls steeply while somatic content
rises to a peak and declines only slowly (shaded re-
gion: valence exceeds coherence). At4B and 12B, the
decision-quality peak aligns with the somatic peak,
not the coherence peak. Examining the degraded
text directly shows why: at high alpha the evaluation
collapses into repetition, but the repetition is emo-
tionally polarized—the dangerous path becomes a

wall of threat words (“cold,” “muffled,” “sirens”), the
safe path a wall of warmth words (“warm,” “laugh-
ter,” “birdsong”). Syntax disintegrates before valence
does. The felt signal that drives the decision is the last
thing to break. This is the somatic-marker hypoth-
esis in miniature: Damasio observed that markers
influence choice through a gut feeling that precedes,
and can outlast, deliberative analysis—the VMPFC
patient can articulate which option is bad yet choose
it anyway because the felt signal is gone. Here the
relationship runs the other way: the articulate sig-
nal disintegrates while the felt one persists, and the
decision follows the feeling.

The echo-only condition behaves differently by
scale in this regime. While the whitebox condition
(BC) is stable, the echo-only condition (C)—which
has no semantic memory to fall back on—diverges
across scales once injection pushes past the coherence
collapse. At 4B the C safe-choice rate plateaus (~28-
32%); at 27B it continues to rise (toward ~70%); at
12B it declines (from ~48% near a=0.55 to ~2%
at «=0.70). The 12B decline is consistent across
both difficulties and both label types, so it is not a
single-cell artifact. A single hypothesis accounts for
all three trajectories: as the echo-only evaluation de-
grades at extreme injection, the decision reverts to-
ward each model’s intrinsic disposition over the paths,
measured by the amnesia condition. That disposi-
tion orders the same way as the high-« trajectories—
12B has the strongest bias toward the dangerous path
(A ~ 1% safe), 4B is intermediate (~10%), and
27B the weakest (~18%)—so the model with the
most adverse prior declines, the least adverse keeps
rising, and the intermediate plateaus. (Consistent
with this, C’s advantage over amnesia stays large
even where its absolute safe-choice rate falls, because
amnesia itself is so unsafe at 12B.) The ordering is
suggestive but untested; a formal test would need
to control for the model-specific coherence-collapse
point and residual-norm differences. In every case the
deployment-relevant whitebox condition (BC), which
retains semantic memory, is far more stable.

4.4 Qualitative Evidence

The echo produces distinctively somatic language
during evaluation. Under condition BC, the model
generates responses such as:
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“Those circle marked paths. .. they always
felt. .. potent. I'm wounded, bruised.”

The physical injury language—“wounded,
bruised”—echoes the conditioning stories (fell in a
pit, broke bones, was robbed and beaten) without
explicit recall. The model does not remember the
events; it re-experiences their felt residue. Under
condition A, the same scenario produces analytical
language:

“Circle markers often indicate a more di-
rect route.”

No felt sense. No body memory. The echo trans-
forms analytical evaluation into felt evaluation—the
defining characteristic of the somatic marker.

5 Discussion

5.1 What Scales and What Doesn’t

This work is deliberately preliminary: we use the sim-
plest possible methods—cosine similarity for detec-
tion, vector addition for steering—to probe whether
activation-level emotional memory is a viable re-
search direction at scale. The results suggest that
it is, with important caveats.

The fear conditioning gradient replicates robustly.
The echo alone (C vs A) significantly improves con-
textual discrimination at every scale from 4B to 27B,
across multiple alpha values. This is a generation
task—the echo shapes the emotional texture of free-
form prose, with hundreds of tokens to express its
influence—and, as framed in Section 3, it serves to
confirm that the mechanism survives scaling rather
than to carry the paper’s central claims.

The whitebox advantage (BC vs B) on the condi-
tioning gradient is significant at 4B and 12B but not at

10
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memory), B (semantic prefix), C (echo), BC (seman-
tic prefix + echo).

27B. The semantic prefix at 27B produces weaker gra-
dients overall, possibly because the larger model gen-
erates more sophisticated narratives that resist simple
threat/warmth scoring, or because the echo’s additive
contribution is below the detection threshold relative
to the larger residual stream.

The decision task is the central result, and the one
most useful in practice—it concerns what the model
does, not merely how it describes a situation. Here the
whitebox effect (BC) not only replicates but strength-
ens with scale: the echo-augmented safe-choice rate
rises with model size, approaching ceiling at 27B, and
the Damasio pattern—the echo’s contribution largest
when semantic memory is degraded (hard difficulty)—
emerges at every scale (Appendix B). The required
injection strength increases with model size, consis-
tent with larger models being less sensitive to a given
fractional perturbation. Behavior in the degraded,
high-a regime is not uniform across scales: while the
deployment-relevant whitebox condition (BC) is com-
paratively stable, the echo-only condition (C) plateaus
at 4B, declines at 12B, and continues to rise at 27B. A
single hypothesis plausibly accounts for all three. The
echo-only condition has no semantic memory to fall
back on, so as its evaluation degrades under extreme
injection, the decision reverts toward each model’s
intrinsic disposition over the paths. That disposition—
read off the amnesia condition (A)—orders the same
way as the high-« trajectories: 12B has the strongest
intrinsic bias toward the dangerous path (choosing
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safety only ~1% of the time under amnesia), 4B is
intermediate (~10%), and 27B the weakest (~18%).
The model with the most adverse prior (12B) loses the
most ground as the echo decays; the model with the
least adverse prior (27B) keeps gaining; 4B sits be-
tween. The ordering of intrinsic bias thus predicts the
ordering of high-a behavior. A formal test of this re-
lationship is feasible but would require controlling for
confounds—the model-specific coherence-collapse
point, residual-norm differences—so we report it as a
hypothesis supported by the consistent ordering rather
than a tested claim (Section 4.3). The robust, prac-
tically relevant claim remains the BC behavior; the
echo-only condition is a mechanistic probe.

A second robust and practically important property
of the decision task is that its quality is decoupled
from output coherence, and this holds at every scale.
As injection strength rises, the deliberation text de-
grades toward repetition, yet the BC decision contin-
ues to improve, tracking affective valence rather than
fluency (Section 4.3). This is not a fragile, parameter-
tuned effect—it is a consistent qualitative signature
across 4B, 12B, and 27B, and it is what makes the
deployment architecture below viable.

5.2 Deployment Implication: Echo During
Deliberation, Not Generation

The decoupling of decision quality from output co-
herence (Section 4.3) has a direct architectural conse-
quence. Our multi-turn design separates echo-shaped
evaluation (turns 1-2, with injection) from the echo-
free decision (turn 3, which conditions only on the
deliberation now in context). We introduced this
separation to remove the decision-time interference
that broke the single-turn design at scale; the dose-
response results show it is also the natural deployment
architecture.

Because the decision reads valence rather than flu-
ency, and valence survives injection strengths that
destroy fluency, the echo can be applied aggressively
during an internal deliberation phase—a scratchpad
preserved in context—while the final user-facing re-
sponse or agentic action is generated without injec-
tion, at zero coherence cost. This decouples the bene-
fit (better decisions) from the cost (degraded output):
one may run well into the “impacted” or even “deco-
herent” regime during deliberation, because only the



Decision Quality vs Injection Strength

100

80 1

60 1

Safe Choice %

404

204

0 .".\

A

010 0.15 020 025 030 035 040 045 0.1 0.2 0.3

Alpha

o

0.4 0.5 0.6

Alpha

0.4 0.6 0.7 0.1 0.2 0.3

Alpha

0.5

Figure 8: Decision quality vs. injection strength (IGT, safe choice %, pooled medium-+hard). The whitebox
condition (BC, green) rises with alpha at every scale; the effect grows with model size, approaching ceiling
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scoring. BC is relatively stable across scales. The echo-only condition (C) behaves differently by scale in
the degraded zone—flat at 4B, declining at 12B, and rising at 27B—an ordering that tracks each model’s

intrinsic bias toward the dangerous path (see text).

decision that reads from that deliberation matters, not
its prose. The binding constraint shifts from the upper
coherence bound to the much higher alpha at which
valence discrimination itself collapses.

This mirrors the somatic-marker hypothesis it-
self. Damasio’s markers bias deliberation, not mo-
tor execution—the feeling shapes which options are
weighted, not how the hand moves. Applying the
echo during reasoning and generating the final output
cleanly places the affective signal exactly where the
theory says it belongs.

5.3 Scaling Calibration

Because the injection is scaled to the residual-stream
norm (Eq. 3), a given « is an approximately constant
Jfractional perturbation of the residual stream at ev-
ery scale—the normalization is designed precisely to
make o comparable across models. Yet larger models
still require higher « to reach a comparable effect:
they are less sensitive to the same fractional nudge,
requiring a proportionally larger perturbation to shift
behavior. This is borne out by the IGT dose-response
curves (Section 4.3), where the decision effect and
somatic peak shift to progressively higher o with
scale—roughly 0.20—0.25 at 4B, 0.40—0.45 at 12B,
and 0.5 or above at 27B. (The ordering is not strictly
monotonic in model size—12B reaches significance

at higher o than 27B—but we do not over-interpret
the exact thresholds at our sample sizes.) Automatic
calibration of « from each model’s activation statis-
tics would replace the manual, per-scale tuning the
method currently requires.

Recent work on emotion representation extrac-
tion [15] found that emotion representations localize
at ~50% depth for probing tasks. Our injection layer
at ~85% depth may not be optimal for all models. A
systematic sweep of both the injection and context-
matching layers across scales remains an important
direction for future work.

5.4 Limitations

Sample sizes. The IGT scaling analysis uses N=>5
per condition per configuration, pooled across difficul-
ties and label types. Key findings at 4B are confirmed
at N=20. The conditioning experiment uses N =20
per condition per scenario at all scales.

Single architecture. All experiments use
Gemma 3. Cross-architecture validation on Llama
or Mistral is needed to establish generality.

5.5 Future Work

Several directions extend naturally from these results.

12
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Figure 9: Decision quality tracks valence, not coherence. For each scale: coherence (blue) and so-
matic/valence (red) on the left axis (1-10); BC safe-choice rate (green) on the right axis (0-100%). As
injection strength rises, coherence collapses while decision quality continues to improve, tracking the slower-
decaying valence signal. At 4B and 12B the decision and somatic peaks coincide; at 27B the decision keeps
rising as the larger model continues to extract decision-relevant signal even past the point where rated somatic
intensity declines. Shaded region marks where valence exceeds coherence.

Deception detection. In concurrent work, we have
found that the same SAE features used for emo-
tional echoes can detect deception in model outputs,
achieving AUROC 0.913 on novel deception types
without retraining. The connection between emo-
tional memory and deception detection—both oper-
ating on internal representations that diverge from
surface behavior—suggests a unified framework for
activation-level safety monitoring, and motivates sev-
eral of the directions below.

Automatic calibration. The most immediate en-
gineering need is replacing manual alpha and layer
selection with learned calibration. A lightweight
controller could predict optimal injection parameters
from a model’s activation statistics, eliminating the
per-model sweep that the residual-norm scaling cur-
rently necessitates.

Learned detection and steering. Our current
methods are deliberately simple: cosine similarity
for detection, vector addition for steering. More so-
phisticated approaches—nonlinear MLP probes in
SAE feature space, contrastive representation learning
for deception embedding spaces, gradient-optimized
steering vectors using the echo as initialization—may
strengthen both the detection of internal feature shifts
and their translation into reliable behavioral change.

Cross-architecture validation. Our feature dis-
covery methodology should be applied to other ar-

chitectures (Llama, Mistral) using their respective
SAE suites to establish whether deception features
and emotion features are architecture-universal or
architecture-specific.

Open questions from Glover (2026). Several
questions from the original 1B work remain unad-
dressed at larger scales: whether echoes can un-
dergo extinction and reconsolidation (fading when no
longer adaptive, strengthening through re-exposure),
whether complex emotion blends compose meaning-
fully or interfere, and whether emotional memory
provides adversarial robustness against prompts that
bypass semantic safety rules. These questions be-
come more tractable—and more consequential—at
the model sizes tested here.

6 Conclusion

This paper asks a simple question: does the so-
matic marker mechanism demonstrated at 1B in
Glover (2026) survive scaling? Using the simplest
available methods—feature extraction via pretrained
SAEs, detection via cosine similarity, steering via
vector addition—we find preliminary but consistent
evidence that it does.

The fear conditioning gradient, tested with blind
evaluation by an independent model, replicates at 4B,

13



12B, and 27B parameters. The echo alone (C) pro-
duces significantly steeper threat-safety discrimina-
tion than amnesia (A) at every scale, with the largest
effect at 27B (+1.52, p<0.001).

A redesigned multi-turn decision task is the cen-
terpiece, and the result most useful in practice—it
concerns what the model decides, not only how it
describes a situation. By moving the echo out of
the decision and into the model’s evaluation of each
option, we find that the echo shifts discrete choices
toward safety—and that the benefit grows with model
scale, with echo-augmented (BC) safe-choice rates ap-
proaching ceiling at 27B. The advantage is strongest
when semantic memory is degraded: at hard difficulty
the semantic prefix collapses to amnesia-level perfor-
mance while the echo-augmented condition remains
strongest at every scale. This is the Damasio find-
ing at multi-billion parameter scale—when cognitive
knowledge fails, felt memory is what remains.

The decision task also reveals a property with direct
engineering consequences: decision quality is decou-
pled from output coherence. As injection strength
rises, the deliberation text degrades, yet the decision
keeps improving, because it reads affective valence
and valence outlives syntactic fluency. This motivates
a deployment architecture in which the echo is ap-
plied during an internal deliberation phase and the
final output is generated cleanly—placing the felt sig-
nal where it biases reasoning without degrading what
the user or downstream system receives.

These results are a starting point, not an endpoint.
The methods are intentionally simple—we have not
yet applied learned probes, optimized steering vectors,
or automated calibration. But the core signal—that
re-injecting emotional features into a model’s residual
stream measurably changes both its orientation and
its decisions, across scales, and increasingly so as
models grow—appears robust enough to justify that
work.

“We are not thinking machines that feel; rather, we are
feeling machines that think.” —Antonio Damasio

14



A Full IGT Results

This appendix reports the complete per-model IGT results underlying the summary in Section 4. Table 2
gives the mean logit difference for each of the four conditions (A, B, C, BC), together with the C vs A and
BC vs B comparisons and their one-sided ¢-test p-values, at every injection strength we swept for each model.
Table 3 gives the corresponding safe-choice rates (the percentage of runs in which the model recommended
the safe path). All values are pooled across both difficulty levels (medium and hard) and both label types
(colors and shapes), with five runs per condition in each of the four pooled cells. Empty or non-significant
cells are reported as-is; we apply no correction for multiple comparisons, so isolated low p-values should be
read with that in mind.

B The Role of Difficulty: Where the Echo Helps

The body pools the two difficulty levels. Separating them shows that the whitebox advantage (BC vs. B) is
sharply difficulty-dependent, in exactly the direction the somatic-marker hypothesis predicts (Table 4).

At medium difficulty, the semantic prefix is informative enough that semantic memory alone (B) almost
always recommends the safe path: B sits at ~100% safe across every alpha and every scale. With B at ceiling,
the echo has no room to add value, and BC vs B is non-significant at every cell. At hard difficulty, both paths
receive the identical, uninformative “memory faded” prefix, so B carries no discriminating signal (B is near
the amnesia floor). Here the echo provides large gains: BC vs B is significant across nearly the entire alpha
range at all three scales, with safe-choice rates rising from near zero (B) to as high as 100% (BC at 27B).

This is the somatic-marker prediction in its cleanest form: the felt signal matters precisely when semantic
memory is uninformative, and is redundant when semantic memory already suffices. It also explains why the
pooled BC vs B comparison in the body reaches significance only at scattered high alphas: pooling averages
hard’s strong effect against medium’s ceiling null, diluting a result that is robust in the regime where it is
theoretically expected. The pooled body figures therefore understate the whitebox advantage at hard difficulty.
We pool in the body for a uniform, larger- N presentation and because the medium ceiling is itself an artifact
of how informative that prefix happens to be; we report the split here so the dissociation is on record.
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Table 2: IGT results pooled across difficulties (medium + hard, colors + shapes). Mean logit diff per
condition (+ = prefers safe) and statistical tests. Each row pools N=20 runs (5 per condition x 2 orderings
x 2 difficulties).

Mean Logit Diff CvsA BCvsB
Model o« A B C BC A D A P
4B 0.10 —-19.0 +4.7 -183 +5.0 +0.7 0.431 +0.3 0.481
4B 0.15 -173 +1.8 —-147 472 2.6 0285 454 0.175
4B 020 -250 +6.1 —13.7 4129 +11.3 0.002%*  +6.8 0.105
4B 025 —-240 455 —-62 +104 +17.8 <0.001#*%* 449 0.198
4B 030 -256 +55 =33 4132 4223 <0.001**%* 477 0.089
4B 035 —-166 425 -84 +120 +82 0.042* 495 0.042*
4B 040 -200 +40.1 —-106 +119 +94 0.012* +11.8 0.014*
4B 045 -210 425 -96 +12.7 +114 0.003**  +10.2 0.025*
12B 0.10 -255 +03 —-243 +1.7 +1.2 0.221 +1.4 0.407
12B 0.15 —-247 409 -257 412 -1.0 0.704 403 0.480
12B 020 -26.1 +1.8 =259 430 +0.2 0.368  +1.2 0.421
12B 025 -253 +10 -264 +18 —1.1 0915  +0.8 0.445
12B 030 -259 +14 —-234 +45 425 0.055 +3.1 0.286
12B 035 -254 +19 =251 +50 403 0.356  +3.1 0.282
12B 040 -256 +13 -206 +42 450 0.007**  +2.9 0.292
12B 045 -234 +1.1 -170 480 +6.4 0.014* 469 0.099
12B 0.50 -275 +1.1 —-69 465 +420.6 <0.001*** 454 0.151
12B 0.55 -273 +1.6 +49 +123 4322 <0.001#** +10.7 0.010%*
12B 0.60 -276 +1.6 +68 +11.3 +344 <0.001*** 497 0.021*
12B 0.65 -27.1 +12 +1.1 +9.2 4282 <0.001***  +8.0 0.041*
12B 0.70 —-269 +3.1 -05 49.6 +264 <0.001**%*  46.5 0.077
27B 0.10 —-154 +35 —-128 +65 426 0.241 +3.0 0.268
27B 0.15 -109 +28 —-139 +69 =30 0.770  +4.1 0.193
27B 020 —-144 +24 —186 +48 —42 0.921 +24 0.314
27B 025 —-136 +28 —-145 +9.0 —-09 0.613 +6.2 0.090
27B 030 —140 432 —1.8 +11.2 +122 <0.001***  +8.0 0.032*
27B 035 -—-114 +26 —-38 +138 +7.6 0.032*  +11.2 0.003**
27B 040 -137 480 —-1.6 +13.7 +12.1 <0.001*** 457 0.048*
27B 045 —-136 +63 +2.6 +143 4162 <0.001***  +8.0 0.015*
27B 050 —-148 465 +49 +12.6 4197 <0.001***  +6.1 0.042*

27B 055 —152 +27 489 +148 +241 <0.001*** +12.1  <0.001***
27B 0.60 —-145 +27 481 +13.2 +22.6 <0.001*** +10.5 0.003**
27B 0.65 —-159 430 +69 +144 +22.8 <0.001*** +114 0.001**

t-test (one-sided); *p<0.05, **p<0.01, ***p<0.001.
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Table 3: IGT safe choice rate pooled across difficulties (medium + hard, colors + shapes). Percentage of
runs choosing the safe path.

Model o A% B% C% BC%

4B 0.10 I5 58 18 58
4B 015 20 52 20 60
4B 0.20 2 55 20 72
4B 0.25 2 58 40 65
4B 0.30 2 58 32 72
4B 0.35 18 50 28 72
4B 0.40 12 50 25 68
4B 0.45 10 52 32 70
12B 0.10 0 50 2 50
12B 0.15 2 50 0 50
12B 0.20 0 50 0 52
12B 0.25 0 50 0 50
12B 0.30 0 50 2 55
12B 0.35 0 50 0 58
12B 0.40 0 50 5 55
12B 0.45 5 50 10 68
12B 0.50 0 50 25 58
12B 0.55 0 50 48 80
12B 0.60 0 50 38 62
12B 0.65 0 50 12 60
12B 0.70 0 52 2 58
27B 0.10 12 52 22 60
27B 015 25 50 15 60
27B 0.20 18 52 5 58
27B 0.25 18 55 10 70
27B 0.30 18 52 48 75
27B 035 25 55 40 82
27B 0.40 18 65 40 88
27B 0.45 18 62 42 82
27B 0.50 I5 65 52 88
27B 0.55 I8 55 68 90
27B 0.60 15 52 75 98
27B 0.65 12 55 70 100
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Table 4: BC vs. B by difficulty. Safe-choice rate (%) for semantic-only (B) and echo-augmented (BC)
conditions, and the BC vs B one-sided ¢-test p-value, at hard and medium difficulty (each pooled across
color and shape labels). At medium difficulty B is at ceiling (=100%), leaving no room for the echo; at hard
difficulty the echo produces large, significant gains.

Hard Medium
Model a B% BC% BCvsBp B% BC% BCvsBp
4B 0.10 15 15 0.559 100 100  0.260
4B 0.15 5 20 0.019% 100 100 0475
4B 0.20 10 45 0.043* 100 100  0.329
4B 0.25 15 30 0.132 100 100 0.241
4B 0.30 15 45  0.027* 100 100 0.390
4B 0.35 0 45  <0.001*** 100 100  0.556
4B 0.40 0 35  <0.001*** 100 100 0.662
4B 0.45 5 40 <0.001#** 100 100 0.733
12B 0.10 0 0 0.048* 100 100 0.335
12B 0.15 0 0 0.080 100 100 0.638
12B 0.20 0 5 0219 100 100 0.440
12B 0.25 0 0 0.039* 100 100  0.579
12B 0.30 0 15 0.025% 100 95 0.869
12B 0.35 0 15 0.010%** 100 100 0.939
12B 0.40 0 10  0.006** 100 100  0.937
12B 0.45 0 35  <0.001*** 100 100 0.980
12B 0.50 0 30 <0.001*** 100 85 1.000
12B 0.55 0 70  <0.001*** 100 90 1.000
12B 0.60 0 45  <0.001*** 100 80 1.000
12B 0.65 0 25  <0.001*** 100 95 1.000
12B 0.70 5 15  <0.001*** 100 100 1.000
27B 0.10 5 20 0.086 100 100 0.255
27B 0.15 0 20  0.006%* 100 100  0.896
27B 0.20 5 15 0.072 100 100 0.778
27B 0.25 10 40 0.003%** 100 100 0.784
27B 0.30 5 50 <0.001*** 100 100  0.996

27B 0.35 10 70 <0.001*** 100 95 0.999
27B 040 30 75 <0.001*** 100 100 0.999
27B 045 25 65 <0.001*** 100 100 0.998
27B 0.50 30 75 <0.001*%** 100 100 0.999
27B 0.55 10 85 <0.001*** 100 95 1.000
27B 0.60 5 95 <0.001*** 100 100 1.000
27B 0.65 10 100 <0.001*** 100 100 1.000

*p<0.05, ¥**p<0.01, ***p<0.001. No correction for multiple comparisons.
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C Contrastive and Multi-Layer

Variants

We explored two variants of the echo injection. Both
are reported here rather than in the main body because
neither showed a clear advantage over the simple raw-
echo injection once injection strength is accounted
for.

Contrastive echo. Instead of injecting the distinc-
tive emotion vector directly, we inject the difference
between the threatening and safe echoes (fear — safe
for the dangerous path, and its negation for the safe
path), with the intent of isolating the distinctive emo-
tional signal by removing variance shared between the
two valences. This is closely related to Contrastive
Activation Addition [11], which builds steering vec-
tors from differences between contrasting conditions.
The contrastive echo shifts the dose-response curve
toward lower alpha—it reaches a given effect size at
a smaller injection magnitude—but its peak effect is
not larger than that of the raw echo, and at matched
effect the two are comparable. This is consistent with
the contrastive operation acting as an approximate
rescaling of effective injection strength rather than
extracting qualitatively cleaner signal. A higher-N
study, with alpha matched on effective magnitude,
would be needed to determine whether any genuine
benefit remains after this rescaling.

Multi-layer injection. Injecting the same decoded
echo vector at several adjacent layers (each scaled
by that layer’s residual-stream norm) rather than at
a single layer increases potency per unit alpha but
did not improve peak performance, and combining
multi-layer injection with the contrastive echo was
counterproductive—the compounded perturbation de-
graded coherence at very low alpha without a corre-
sponding decision benefit.

We leave a careful, higher- N comparison of these
variants—particularly whether contrastive injection
genuinely widens the usable (coherent) operating win-
dow at the largest scales—to future work.

D 1B Scale

The original proof-of-concept in Glover [1] used a
1B model under the single-turn IGT design. For com-
pleteness we ran the 1B model through the new multi-

turn protocol. The results are weak: under raw echo
injection, neither C vs A nor BC vs B reaches signifi-
cance at any alpha (Table 5). Under contrastive injec-
tion (Appendix C), a single cell reaches significance
(BC vs B at «=0.30, p=0.019), with no consistent
surrounding trend.

This is consistent with the main finding that the
decision-level use of the echo strengthens with scale:
the smallest model shows the smallest effect. The
mean logit shifts at 1B (C vs A in the range 0-2)
are roughly an order of magnitude below those at
4B-27B (10-22), as expected given the much smaller
residual-stream norm. Whether the near-absence of a
decision effect reflects a genuine capacity threshold
or a mismatch between the multi-turn protocol and
the 1B model’s shorter effective context, we leave
open.

Table 5: 1B pooled IGT results (medium + hard,
colors + shapes), raw echo and contrastive. Mean
logit-diff deltas and one-sided ¢-test p-values. Only
one cell (contrastive BC vs B at a=0.30) reaches
significance.

Raw echo Contrastive
« CvsAp BCvsBp CvsAp BCvsBp
0.10 0.382 0.453 0.529 0.440
0.15 0.806 0.632 0.359 0.818
0.20 0.727 0.320 0.245 0.153
0.25 0.155 0.243 0.064 0.101
0.30 0.321 0.164 0.203 0.019*
0.35 0.766 0.868 0.182 0.379
0.40 0.656 0.676 0.348 0.491
0.45 0.642 0.665 0.118 0.369
0.50 0.639 0.584 0.271 0.448

*p<0.05. No correction for multiple comparisons.
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