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Abstract

Large language models (LLMs) increasingly
score open-ended text along multidimensional
rubrics, yet strong score recoverability need not
imply that a dimension is distinct or relevant
to downstream decisions. We examine how
Gemma-2-2B represents five metacognitive-
prompting dimensions in self-reflections from
486 participants on a probabilistic reversal
learning task. Linear probes recover all di-
mensions across depth, with depth gradients
ordered by the rubric hierarchy. Evaluation
is strongly decoded but has the weakest cou-
pling to independently measured task markers.
Under the primary five-occurrence token fil-
ter, Evaluation-related vocabulary shows no de-
tectable association with switching, whereas
the negative Final Decision association is stable
across frequency thresholds. Activation patch-
ing yields oppositely signed point estimates in
a fixed linear win—switch readout when the Fi-
nal Decision—Evaluation matched-pair contrast
is injected in each direction, although no layer
survives correction across the full sweep. These
findings show that decodability alone is insuffi-
cient evidence for weighting rubric dimensions
in downstream decisions.!

1 Introduction

Al workflows increasingly use LLM scores as in-
puts to decisions about individuals, including tutor-
ing and mental-health assessment (Xu et al., 2026;
Hu et al., 2026). In multi-agent systems, such
scores can propagate to later components (Guo
et al., 2024); consequently, an LLM-as-judge that
misreads mastery or symptoms can alter subse-
quent support (Zheng et al., 2023; Li et al., 2024).

LLM graders can rely on lexical shortcuts unlike
the evidence human raters use (Wu et al., 2024),
motivating structured, multidimensional scoring

'github.com/psuthaharan/mp-11m-geometry.

(Hashemi et al., 2024; Wang et al., 2026). Metacog-
nitive prompting (MP) applies this approach to re-
flective text through five dimensions: Comprehen-
sion, Judgment, Evaluation, Final Decision, and
Confidence (Wang and Zhao, 2024).

Prior work used GPT-4 to score MP in post-task
reflections and found that the aggregate score mod-
erated a relationship between volatility beliefs and
erratic switching (Suthaharan et al., 2026), but did
not examine the five dimensions separately or their
representation inside a language model. Figure 1
provides a schematic overview of how we construct
one layer-specific vector per reflection and exam-
ine the relative positions and score-associated di-
rections of those vectors. We then combine linear
probing, logit-lens analysis, and activation patching
in Gemma-2-2B to ask whether each dimension is
recoverable, whether recoverability coincides with
independently measured task markers, and whether
dimension-related geometry contributes to a win—
switch readout.

2 Related Work

Measuring metacognition. Canonical metacog-
nition measures quantify how confidence tracks
performance (Fleming and Lau, 2014), whereas
broader constructs such as evaluation and self-
reflection lack obvious ground truth (Katyal and
Fleming, 2024). LLM scoring offers a complemen-
tary narrative measure (Jenner et al., 2025; Sutha-
haran et al., 2026); we test its five dimensions indi-
vidually.

Internal representations of psychological con-
structs. Psychological beliefs can be recovered
and manipulated in language-model activations
(Zhu et al., 2024), while factual knowledge may
be internally recoverable without being expressed
(Gekhman et al., 2025). Thus, separately named
rubric dimensions need not imply distinct represen-
tations or downstream use.
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Gemma-2-2B: 26 Transformer Blocks

contextualized

Self-reflection
1
Irealized that I often e
react too quickly. that
Iwant to slow down | lopen
and think more carefully e
before responding. quickD

Embeddind L0 ...

tokenize

representation

Tokens (T)

—_—

dimensions (d)
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I' We examine how the internal representations of many self-reflections are arranged in activation space.
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Figure 1: Self-reflections as vectors in layer-specific representational spaces. (Top) Each participant’s reflection
is tokenized (split into text units) and embedded (each token is converted into an initial numerical representation
before information from the rest of the reflection is incorporated). These representations then travel through the
residual stream, where Gemma-2-2B’s 26 transformer blocks (LO-L25) repeatedly update them using preceding
context. (Bottom) At a selected layer ¢, mean pooling averages each reflection’s token representations into one 2,304-
dimensional vector. Repeating this for all N = 486 participants places their reflection vectors in a shared space.
Nearby vectors are represented similarly, while linear probes identify directions along which metacognitive scores
vary. These positions and directions constitute the geometry analyzed here. Cell colors and the two-dimensional

view are schematic; analyses use all 2,304 dimensions.

Interpreting transformer representations. The
residual stream supports layer-resolved probing for
linearly decodable information (Elhage et al., 2021;
Alain and Bengio, 2016; Belinkov, 2022; Park et al.,
2024) and logit-lens inspection of vocabulary align-
ment (nostalgebraist, 2020; Belrose et al., 2023);
depth may distinguish surface from integrative con-
tent (Luo et al., 2025). Activation patching and
contrastive steering test whether a direction affects
a fixed downstream readout (Meng et al., 2022;
Zhang and Nanda, 2024; Turner et al., 2023; Rim-
sky et al., 2024). We compose these tools to audit
presence, content, and downstream influence in the
same rubric representations.

3 Methods

3.1 Participants, task, and markers

We analyze N = 486 participants who com-
pleted a 160-trial, three-option probabilistic re-
versal learning task and then answered two open-
ended prompts about their strategy and switching
(Suthaharan et al., 2026). The independently mea-

sured task markers are win—switch rate (W SR),
the proportion of choices switched after positive
feedback (mean .096, SD .165, median .020, range
[0, .990]), and the initial volatility prior 13, an antic-
ipatory belief about environmental change (Mathys
etal., 2011).

3.2 Metacognitive prompting scores

GPT-4 scores for Comprehension, Judgment, Eval-
uation, Final Decision, and Confidence are reused
without modification from the validated protocol
of Suthaharan et al. (2026). Gemma-2-2B does not
generate scores here; probes predict those exist-
ing scores from Gemma activations of the human-
written reflections.

3.3 Model and representation extraction

We use the base Gemma-2-2B (Gemma Team,
2024), with 26 layers, residual width d = 2304,
and tied SentencePiece embedding/unembedding
matrix E € R?56.000xd_Reflections are tokenized
with BOS, padded as needed, and capped at 512 to-

kens (none were truncated). Let hl@ be participant

J
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i’s residual state at layer ¢ and token position j. We
mean-pool content positions, excluding BOS and
padding:

0 _ 1
L =7 ji:
¢ jEcontent(i)

) e RY. (1)

This yields 26 activation matrices X®) ¢
R486x2304

3.4 Length residualization

Because length covaries with scores and activations,
we residualize every participant-indexed variable
v;—scores, markers, activation coordinates, and
logit-lens channels—against log-transformed char-
acter count log(1 + ¢;):

v; = Po + Prlog(l+¢;) + & @)

We retain v; = ¢g;. Descriptive correlations use
full-sample adjustment; probing fits activation and
score adjustments within each outer training fold
and applies them to its held-out fold. Correlations
between adjusted quantities are partial correlations
controlling for log-transformed length, denoted 7p,.

3.5 Layer-wise linear probing

Estimator. For each layer £ and dimension k, we
fit ridge regression from residualized activations to
residualized scores y:

o= ang i, 5~ 20w + ol ©)

Here Z® is column-standardized X ). Within
each outer training fold, « is selected by efficient

leave-one-out cross-validation over 13 values on
[1071,107].

Evaluation. Five-fold outer cross-validation fits
length adjustment, standardization, o, and the
probe without the held-out fold. Held-out encoding
strength is

ri(¢) = corr (Q,(f)

s k) “4)
over concatenated out-of-fold predictions.
Benjamini—-Hochberg correction covers all
26 x 5 = 130 layer—dimension tests; because
conventional Pearson tests are applied to tuned
cross-validated predictions, adjusted cell-wise p
values are exploratory.

Cross-dimensional specificity. The five rubric
scores are derived from the same reflection, raising
the possibility that a probe trained on one dimen-
sion could recover variance shared across several
dimensions. We therefore quantified overlap at
both the score and probe levels. We first computed
5 x 5 Pearson correlation matrices for the raw GPT-
4 scores and for the cross-fitted length-adjusted
scores. We then correlated each dimension’s out-
of-fold probe prediction at its observed maximizing
layer with all five cross-fitted score residuals, yield-
ing a cross-dimensional transfer matrix (Appendix
Figure 7). For each probe, we summarized target
specificity as the correlation with its matched rubric
score relative to its strongest absolute off-target cor-
relation.

Profile shape and depth gradient. Dimensions
differ in overall decodability, so comparing raw
r across dimensions conflates profile shape with
level. For Figure 2A we therefore z-score each di-
mension’s profile across its own 26 layers, zx(¢) =
(ri(0) — 71)/ sde 7€), so that z(¢) > 0 marks
a layer that encodes dimension k better than that
dimension’s own average. Each dimension’s ob-
served maximizing layer is {;, = argmaxy ri ().
To summarize how encoding changes with depth
we compute the depth gradient py, the Spearman
rank correlation between layer index and rj(¢)
across the 26 layers. pj near +1 indicates encoding
that builds toward the deepest layers, near —1 an
early peak and decline, and near O no trend. To test
whether these depth gradients follow the MP rubric
order, we correlate the five p; values with rubric
position and compute an exact two-sided permu-
tation p value over all 5! = 120 assignments. We
assess uncertainty with 5,000 participant-bootstrap
resamples of the out-of-fold predictions and scores,
recomputing the layer profiles, maximizing layers,
depth gradients, and ordered-trend statistic in each
resample.

3.6 Encoding—coupling analysis

We next ask whether dimensions that are strongly
recoverable from the model also align with indepen-
dently measured task markers. For each dimension
k, the probe at its observed maximizing layer yields
a cross-validated readout ¢, € R*®6. We place
each dimension in a two-dimensional plane (Fig-
ure 3). The z-coordinate is its encoding strength
71 (¢7). The y-coordinate summarizes coupling of
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the same readout to the two task markers,

DS

be {WSR, ud}

‘rp(gka b)’a (5)

the mean absolute partial correlation with win—
switch rate and the initial volatility prior. This
mean is used only as the display coordinate in
Figure 3; statistical inference is based on the ten
signed dimension-by-marker partial correlations
evaluated separately. For each association, uncer-
tainty is quantified with participant-bootstrap 95%
confidence intervals, and Holm correction controls
familywise error across the ten tests (Appendix
Table 1).

We use the cross-validated probe prediction be-
cause it is the dimension-specific signal recoverable
from Gemma’s activations. Relating that readout
to the task markers quantifies how the recovered
score signal covaries with independently measured
belief and behavioral variation. This quantity does
not isolate representational relevance from the un-
derlying score—marker relationship or probe error,
so we interpret it specifically as recovered-readout
coupling.

3.7 Logit-lens vocabulary coupling

The encoding—coupling map operates on whole
reflections; we next resolve it at the level of vo-
cabulary using the logit lens (nostalgebraist, 2020),
asking which words carry each dimension’s signal
in the model’s own geometry. Because the unem-
bedding is tied to E, projecting a pooled represen-
tation through E T scores its alignment with every
token’s embedding direction:

¢ =2V ET e RM. 6)

Stacking across participants yields a 486 x 256,000
logit matrix per layer. We focus on Evaluation and
Final Decision because they show the largest sepa-
ration in task-marker coupling in Figure 3. For each
dimension, the logit-lens analysis is performed at
the same observed maximizing layer used for its
probe readout: £ = 12 for Evaluation and ¢ = 21
for Final Decision.

Token filtering and lemma channels. Only a
small fraction of the vocabulary is informative for
this corpus. We retain tokens that (i) occur any-
where in the 486 reflections (n = 1,143), (ii) occur
at least five times (n = 325), and (iii) are not stop-
words, punctuation, or bare numerals (n = 241

content tokens). Since one lexical idea often spans
morphological variants in separate columns (e.g.,
switch, switched, switching), tokens sharing a root
are merged into lemma channels by averaging their
logit columns, reducing the 241 tokens to 207 chan-
nels.

Token-filter diagnostics and sensitivity. Be-
cause intermediate logits are uncalibrated, we as-
sess corpus-relative token ranks rather than ab-
solute magnitudes. We repeat coupling analyses
at minimum counts 1, 2, 5, and 10 and audit all
256,000 vocabulary directions under a fixed read-
ability rule; Appendix D gives criteria and results.
The audit is descriptive and does not select Figure 4
tokens.

Coupling coordinates. Each lemma channel A,
with per-participant values gy, receives two coordi-
nates: rgv()\) = rp(gf\u),yEv) and rpp(\) =
Tp (g&Ql),yFD), its partial correlations with the
Evaluation and Final Decision scores at each di-
mension’s observed maximizing layer. We plot all
207 channels in the (rFp, rgyv) plane, generating
the coupling subspace of Figure 4A, and the dom-
inance statistic A(A) = rgy(A\) — rpp(A) clas-
sifies each channel as EV-dominant (A > 0) or
FD-dominant (A < 0).

Rubric specificity. Channels with both couplings
positive (n = 29) co-track both rubrics, raising
the question of whether they are rubric-specific or
merely generically elevated. The dominance diag-
onal splits them into an EV-leaning zone (rgy >
rrp; 7 = 11) and an FD-leaning zone (rpp > TEV;
n = 18). We pool each zone’s channels into one
per-participant score (the mean of its channel val-
ues) and compute its partial correlation with the
zone’s own rubric (rmatcheq) and with the other
(eross)- Rubric specificity, AT = rmatched — Terosss
is positive when a zone’s vocabulary tracks its own
dimension more than the other. Uncertainty is
quantified with a 95% bootstrap confidence inter-
val over participants, and stability with 20 random
50/50 participant splits that evaluate the fixed chan-
nels on each held-out half. Because the zones are
defined from full-sample couplings before resam-
pling, these intervals and split summaries are con-
ditional on the selected channels and are treated as
exploratory.

Token-level coupling to behavior. Finally, we
return to the 241 individual content tokens (one
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step before lemma merging) and give each token,
alongside its rubric coupling, a behavioral cou-
pling rwsr(t) = rp(€, WSR), the partial cor-
relation between its 486 logit values and win—
switch rate. Across the 241 tokens we compute the
Spearman correlation between rubric and behav-
ioral coupling—p(rgv(t),rwsr(t)) at layer 12
and p(rpp(t), rwsr(t)) at layer 21 (Figure 4C)—
to describe whether vocabulary that signals a di-
mension also signals behavior. Because token di-
rections are correlated rather than independent sam-
pling units, the conventional Spearman p values are
descriptive.

3.8 Activation patching

We test whether shifting a representation toward
Final Decision geometry changes the model’s
win—switch readout using layer-resolved activation
patching, a causal-intervention technique in which
a directed perturbation is injected into the residual
stream mid-forward-pass and its downstream con-
sequence is measured (Meng et al., 2022; Zhang
and Nanda, 2024). The contrastive construction
of the injected direction follows the design princi-
ple of steering with contrastive pairs (Turner et al.,
2023; Rimsky et al., 2024).

Matched pairs. We construct pairs of reflections
that differ sharply in Final Decision versus Evalu-
ation content while being matched on length. Let
D; = yrp;i — YEv,i- (Step 1) Rank all 486 partic-
ipants by D;; the top 20% form the source pool
(Final-Decision-leaning) and the bottom 20% the
target pool (Evaluation-leaning). (Step 2) Tra-
verse the source pool in random order, pairing each
source with the still-unused target closest in re-
flection length until P = 15 pairs exist. (Step 3)
A reversed control repeats the procedure with the
pools’ roles swapped, injecting the same axis in the
opposite direction.

Win-switch readout. The intervention needs a
fixed downstream quantity to watch. We define
a win—switch readout at the final layer by ridge
regression (Eq. 3) from the residualized layer-25
activations X (2°) to the residualized win—switch
rates. Let Sywggr denote the feature standardization
fitted for this readout. Its prediction for a residual-
ized final-layer activation is

fwsr (&) = bwsr + WysrSwsr(®).  (7)

The fitted length adjustment, scaler, intercept, and
ridge coefficients are then held fixed and applied

identically to patched and baseline activations. Dis-
placement along +wwsg in these standardized co-
ordinates corresponds to a higher predicted residu-
alized win—switch rate. As a predictive diagnostic,
the readout had in-sample » = .881 but five-fold
fixed-a out-of-fold » = .272 and R? = —.194; it
is therefore a model-internal intervention endpoint
rather than a validated behavioral predictor.

Intervention. For a pair (s, t) and patch layer L,
the injected direction is the pair’s pooled geometry
gap at that layer, computed from the raw (non-
residualized) activations:

AE) = g _ gF) ¢ Rd, )

s

We rerun the target’s forward pass; at layer L, A(%)
is added to the residual state of every token posi-
tion,

WY« h 4+ AD vy, 9)

and all subsequent layers L+1, ..., 25 recompute
on the perturbed stream, so the perturbation propa-
gates through downstream computation rather than
being carried passively. The patched final-layer
states are mean-pooled (Eq. 1), length-residualized
against the target’s own length, and projected onto
the fixed readout (Eq. 7). The pair’s effect at layer
L is the patched-minus-baseline prediction,

essi(L) = fwsr (82" — fwsr (20%°)

_ UAJ\K/SRSWSR (:i:tpatch)

— WyyspSwsr (£).

(10)
where the baseline is an unperturbed forward
pass of the same target text. The layer-L effect
AWSR(L) is the mean of es_,;(L) over the 15
pairs. Pointwise uncertainty is summarized with
95% confidence intervals from 5,000 nonparamet-
ric bootstrap resamples over pairs. Since the inter-
vention is evaluated across all 26 layers, layer-wise
inference treats the complete layer sweep as one
family. We use an exact sign-flip max-|¢| procedure
over all 2'° possible sign assignments to control
familywise error across the 26 layers.

The sweep is repeated for the reversed interven-
tion to assess directionality (Figure 5). As addi-
tional specificity checks, at L19, the layer with
the smallest familywise-adjusted p value in the fo-
cal sweep, we compare the intervention with 100
isotropic Gaussian perturbations normalized within
pair to the empirical intervention norm and with the
nine other pairwise MP dimension contrasts. The
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former tests whether the focal direction is unusual
relative to equally large arbitrary perturbations; the
latter tests whether the effect is unique to the Final
Decision—Evaluation contrast.

4 Results
4.1 Depth gradients follow the MP hierarchy

All five dimensions showed positive held-out cor-
relations throughout the residual stream, with ex-
ploratory BH-adjusted Pearson tests below .05 for
all 130 layer—dimension combinations. Relative
encoding was lower in the early layers (LO-LS;
Figure 2A), consistent with metacognitive content
requiring contextual integration beyond the surface-
level features those layers resolve (Luo et al., 2025).
Encoding then strengthens, with observed max-
ima at Evaluation L.12, Comprehension L.13, Judg-
ment L14, Confidence L16, and Final Decision
L21 (Appendix Figure 6). Depth gradients (Fig-
ure 2B) summarize the profile shapes. Final De-
cision and Confidence build toward the deepest
layers (p = 4-0.83 and +-0.84, respectively), Eval-
uation peaks mid-network without pronounced late
growth (p = +0.23), Judgment shows little di-
rectional trend (p = —0.11), and Comprehension
peaks mid-network and declines (p = —0.35). The
depth gradients show an ordered association with
the MP hierarchy (r = 0.971, exact permutation
p = 0.0167, bootstrap 95% CI [0.529, 0.991]), con-
sistent with dimensions involving more integrative
commitment building more strongly with depth
(Wang and Zhao, 2024).

4.2 Encoding strength dissociates from
task-marker coupling

The encoding—coupling plane (Figure 3) reveals
a selective dissociation. Comprehension, Judg-
ment, Confidence, and Final Decision show modest
task-marker coupling (r = 0.119-0.159), whereas
Evaluation is lower (r = 0.050) despite strong
held-out encoding (r = 0.579). Across 5,000
participant-bootstrap draws, Evaluation was the
lowest-coupling dimension in 91.7% of resamples.
We also observe that Evaluation was weakly related
to both the initial volatility prior (r, = —0.063)
and win—switch rate (r, = —0.037), with neither
association surviving Holm correction (Appendix
Table 1). Its low position in Figure 3 therefore does
not arise from averaging across otherwise divergent
marker relationships.

The dissociation is also not explained solely

by overlap among the rubric dimensions. Eval-
uation’s out-of-fold probe prediction correlated
more strongly with its matched Evaluation score
(r = 0.579) than with any off-target dimension
(maximum absolute » = 0.361; Appendix Fig-
ure 7). Evaluation is therefore strongly recover-
able from Gemma’s representation while remaining
comparatively weakly aligned with independently
measured task markers.

4.3 Vocabulary-level structure of the
dissociation

The coupling subspace of the 207 lemma chan-
nels (Figure 4A) is sharply asymmetric: 188
channels (90.8%) are FD-dominant versus 19 EV-
dominant (9.2%), reflecting how heavily partici-
pants recount the task in action vocabulary (part-
ner, switched, cards) relative to the sparse ap-
praisal register (successful, losses). Within the
upper-right quadrant, where both couplings are
positive (n = 29), the dominance diagonal sep-
arates 11 EV-leaning from 18 FD-leaning channels.
Conditional on these full-sample-selected channels,
pooled EV-leaning vocabulary tracks Evaluation
more than Final Decision (Ar = +0.111, 95%
CI [+0.009, 40.217], p = .0288; 20/20 split-half
estimates positive), whereas pooled FD-leaning
vocabulary shows no specificity (Ar = —0.040,
95% CI [—0.122,40.050], p = .3668; 2/20 split-
half estimates positive). Because channel selection
was not repeated within resamples, these speci-
ficity estimates are exploratory and do not estab-
lish out-of-sample rubric specificity. At the level
of individual tokens (Figure 4C), under the pri-
mary five-occurrence filter, Evaluation coupling
was not detectably related to win—switch coupling
(p = +0.053, descriptive p = .416), whereas
Final Decision coupling was strongly negative
(p = —0.675, descriptive p < .001). The Fi-
nal Decision association remained strongly neg-
ative across minimum-frequency thresholds of 1, 2,
5, and 10 occurrences (p = —0.614 to —0.675,
all descriptive p < .001), whereas the Evalua-
tion association was sensitive to token selection
(p = —0.069 to +0.330). The retained tokens were
not uniformly low-ranking in the corpus-relative
vocabulary: 174 of 241 tokens at L12 and 108 of
241 at L21 entered the top 100 for at least one
participant. The highest-ranking excluded corpus
items were predominantly stopwords, punctuation,
or unreadable token pieces. The fixed-rank full-
vocabulary audit was semantically mixed rather
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Figure 2: Depth gradients follow the metacognitive prompting hierarchy. (A) Layer-wise encoding profiles
(z-scored nested held-out Pearson 7) across the 26 residual layers for the five MP dimensions (N = 486), with
observed maximizing layers marked. (B) Spearman depth gradient (p) between layer index and held-out r for each
dimension. Across the MP rubric order, the depth gradients show an ordered trend (r = 0.971, exact permutation

p = 0.0167, bootstrap 95% CI [0.529, 0.991]).
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Figure 3: Evaluation shows the weakest coupling to
task markers. Encoding strength (held-out r at each
dimension’s observed maximizing layer) versus task-
marker coupling (mean absolute partial r with 1 and
win—switch rate; N = 486). The mean is used only as
a display coordinate; marker-specific associations are
evaluated separately.

than uniformly confirming the corpus-restricted
interpretation (Appendix D). Thus, the stable lex-
ical pattern is the negative Final Decision associ-
ation across frequency thresholds; the absence of
detectable Evaluation coupling under the primary
filter is not invariant to token-selection threshold.
This asymmetry motivates the intervention test of
§4.4.

4.4 Activation patching yields suggestive
readout shifts

Injecting the Final Decision—Evaluation matched-
pair contrast yielded negative point estimates in
the win—switch readout across the layer sweep
(Figure 5). The most negative mean occurred
at L20 (AWSR = —0.1195). L19 had a sim-

ilar mean effect (AWSR = —0.1168, 95% CI
[—0.1951, —0.0426]) and the smallest adjusted p
value (raw exact sign-flip p .0081; max-|t|
prwER = .0715). Thus, no individual layer sur-
vived familywise correction across the 26-layer
sweep.

At L19, the reversed intervention had a pos-
itive point estimate (AWSR = +0.0933, 95%
CI [-0.0067,+0.1977]). A post-selection com-
parison at L.19 found the focal contrast unusual
relative to norm-matched random perturbations
(p = 0.0198), but this comparison does not cor-
rect for selecting .19 from the layer sweep. The
pattern was also not unique to this rubric contrast,
as two of the nine alternative MP contrasts pro-
duced intervals excluding zero. Given the readout’s
weak out-of-fold performance and the absence of a
layer surviving correction, these results are descrip-
tive evidence of a direction-dependent change in a
fitted model-internal diagnostic, not confirmatory
evidence about downstream model use or human
behavior.

5 Discussion

We asked how a language model internally rep-
resents the five dimensions of the metacognitive
prompting rubric, and whether its strongest repre-
sentations are those that align with independently
measured task markers. Our linear probes recov-
ered all five dimensions from the residual stream
of Gemma-2-2B, within encoding profiles that var-
ied across depth. Evaluation was decoded about
as well as any dimension, yet its recovered readout
showed the weakest coupling to the task markers,
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Figure 4: Outcome-focused vocabulary characterizes the coupling asymmetry. Logit-lens vocabulary coupling
at the Evaluation and Final Decision observed maximizing layers (L12, L21; N = 486). (A) Coupling subspace
of the 207 lemma channels in (rgp, rgv). (B) Rubric specificity (Ar = Tmatched — Teross) Of each upper-right
zone. Error bars are participant-bootstrap 95% confidence intervals and the asterisk marks an interval excluding
zero; these estimates are exploratory and conditional on the full-sample-selected channels. (C) Token-level rubric
coupling versus win—switch coupling across the 241 content tokens; conventional token-wise p values are descriptive.
Token-filter diagnostics, frequency-threshold sensitivity, and the full-vocabulary semantic audit are reported in

Appendix D and Table 2.

a pattern that remained after separating the volatil-
ity prior from win—switch behavior. The patching
analysis yielded downward point estimates when
the Final Decision—Evaluation matched-pair con-
trast was injected in one direction and an upward
point estimate at L.19 when it was reversed, but
no layer survived sweep-wise correction. This
distinction between decodability and external cou-
pling is consistent with longstanding cautions that
successful probing establishes that information is
present, not that the model uses it (Hewitt and
Liang, 2019; Elazar et al., 2021). Related work sim-
ilarly shows that factual knowledge can be encoded
internally without being expressed in a model’s
outputs (Gekhman et al., 2025). Our results ex-
tend this distinction to multidimensional scoring.
A rubric dimension can be strongly recoverable
from a model’s representation while its recovered
readout remains only weakly aligned with indepen-
dently measured external variation.

Interestingly, the model was never exposed to the
rubric. Yet its residual-stream depth gradients align
with the rubric’s hierarchy. We do not take this to
mean that the model performs metacognition. A
more parsimonious reading is that the linguistic
content of later rubric stages requires more contex-
tual integration before individuals become separa-
ble on it, consistent with evidence that early layers
resolve surface form while deeper layers integrate
meaning (Luo et al., 2025). The broad uncertainty

around the maximizing layers (Appendix Figure 6),
however, argues against interpreting the observed
maximizing-layer differences as five sharply sepa-
rated computational stages.

A natural concern is that the dimensions our
probes recover reflect the scorer rather than the
language. The design contains a check against
this possibility. The scores were assigned by GPT-
4, whereas the geometry that predicts them was
measured in a base model three orders of magni-
tude smaller, from a different family (Gemma-2-
2B). This cross-model recovery is consistent with
the dimensions corresponding to regularities of re-
flective language on which independently trained
models converge (Huh et al., 2024). The overlap
analysis sharpens this interpretation. The five di-
mensions remain correlated after controlling for
reflection length, and their probe readouts show
cross-dimensional transfer (Appendix Figure 7),
indicating that the recovered geometry contains
substantial structure shared across the rubric. Yet
Evaluation remains more strongly aligned with its
own rubric score than with any other dimension,
showing that this shared structure does not fully
account for its decodability. The geometry there-
fore appears to combine rubric-wide regularities
with at least some dimension-specific signal. We
caution that cross-model recovery does not estab-
lish construct validity, because models trained on
overlapping text can converge on the same scoring
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Figure 5: Activation patching yields a suggestive
shift in the win-switch readout. Layer-resolved
activation-patching effect on the fixed linear readout
(N = 15 matched pairs), shown as the patched-minus-
baseline change in predicted residualized WSR when the
matched-pair contrast is injected at layer L (solid: FD-
leaning source into EV-leaning target; dashed: reversed
intervention). Shading shows pointwise 95% bootstrap
confidence intervals from 5,000 resamples. No individ-
ual layer survives max-|¢| familywise correction across
the 26-layer sweep (minimum ppwgg = 0715 at L19).
Dotted vertical lines mark the observed maximizing lay-
ers for Evaluation and Final Decision from Figure 2.

regularities and share the same blind spots.

Reflective text separates the description of ac-
tion from the appraisal of outcome (Rakovié et al.,
2022). In students’ post-exam reflections, evalua-
tive language predicted subsequent study behavior
only indirectly, through the language of concrete
plans, and neither prior exam performance nor be-
havior predicted the volume of evaluation itself.
The internal geometry of Gemma-2-2B shows a
related division; the appraisal register is compara-
tively weakly and filter-sensitively coupled to be-
havior, whereas the action-proximal register shows
a stable behavioral association (Figure 4). This
asymmetry extends to how metacognition is mea-
sured. Confidence became the best measured facet
of metacognition because task accuracy supplies a
ground truth, whereas the broader evaluative pro-
cesses the field aims to capture lack one (Katyal
and Fleming, 2024). The evaluative stage exhibits
the same untethering when models perform reflec-
tion themselves, drifting from initially accurate
judgments under MP prompting (Wang and Zhao,
2024) and monitoring only a limited part of their
own activations (Ji-An et al., 2025).

These findings have important implications for
Al workflows in which dimension scores inform
decisions about individuals, such as pedagogical

tagging, scaffold selection, and adaptive assess-
ment (Xu et al., 2026; Hu et al., 2026). A workflow
that weights dimensions according to how reliably
an LLM can recover them would, in our MP set-
ting, assign substantial weight to Evaluation despite
its recovered readout’s comparatively weak align-
ment with the task markers. The problem is there-
fore not simply whether a rubric dimension can be
measured consistently, but whether the recoverable
score signal aligns with external measures relevant
to its intended use. This work motivates an au-
dit during instrument validation, before dimension
scores gate decisions: compare decodability with
coupling to independently measured task markers,
then use intervention to test how the relevant geom-
etry affects a fixed model endpoint.

6 Conclusion

We mapped how a language model represents the
five dimensions of a metacognitive rubric, showing
that strong decodability does not guarantee align-
ment with external signals relevant to downstream
use. Evaluation was among the most strongly re-
coverable dimensions, yet its recovered readout
showed the weakest coupling to the task mark-
ers. Patching along the Final Decision—Evaluation
matched-pair contrast produced descriptive, oppo-
sitely signed changes in the model’s fixed linear
win—switch readout. A related asymmetry was vis-
ible in vocabulary, separating outcome appraisal
from action-proximal language. Decodability is
therefore an incomplete basis for weighting rubric
dimensions. When dimension-level scores inform
decisions about individuals, recovered score sig-
nals should be compared with independent validity
evidence before they guide downstream decisions.

Limitations

Our evidence comes from a single 2-billion-
parameter base model, Gemma-2-2B. The exact
representational geometry reported here should
therefore not be assumed to generalize across
model scale, architecture, or post-training regime.
Larger or instruction-tuned models may organize
their representations differently, so the depth order-
ing and the dissociation we report may shift with
scale or tuning; the audit sequence itself does not
depend on the model, and whether the dissocia-
tion replicates elsewhere is a question the method
makes directly testable. Mean pooling collapses
token-level structure, so effects carried by specific
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positions rather than the reflection-level average
are invisible to our analyses. Our encoding esti-
mates are therefore conservative with respect to
what the stream contains. The logit lens is applied
without learned calibration, and intermediate-layer
projections can be miscalibrated (Belrose et al.,
2023); our lens statistics are within-layer corre-
lations across participants, which limits but does
not eliminate the concern. The primary vocabulary
analysis is also restricted to corpus-attested con-
tent tokens, so it cannot guarantee coverage of ev-
ery non-occurring or multi-token paraphrase. The
full-vocabulary audit was semantically mixed and
contained substantial off-corpus noise; frequency-
threshold sensitivity further showed that the Final
Decision association was stable whereas the ab-
sence of detectable Evaluation coupling was filter-
dependent (Appendix D). The patching interven-
tion is coarse—a single pooled direction broad-
cast to every token position—and its endpoint is a
weakly cross-validated, fitted model-internal linear
readout of win—switch rate, not behavior itself. The
intervention result is therefore limited to descrip-
tive changes in that diagnostic and does not estab-
lish downstream model use or human effects. The
matched-pair design rests on 15 pairs, with uncer-
tainty quantified by bootstrap over pairs; no layer
survived correction across the full sweep. The sam-
ple is also a single English-language online cohort
performing one task, and length residualization as-
sumes a log-linear length effect; departures from
either constrain generality. Finally, the study evalu-
ates offline scoring of post-task reflections, so the
findings do not establish how the same audit would
behave in interactive or open-ended LL.M-as-judge
deployments.

Ethics Statement

This work is a secondary analysis of de-identified
self-reflections and task data collected online with
informed consent under the protocol reported by
Suthaharan et al. (2026), and made publicly avail-
able by those authors; no new human data were
collected. The task markers analyzed are linked to
paranoia, a sensitive attribute. Nothing in this pa-
per supports individual-level inference, and the cen-
tral finding cautions against precisely that use. A
rubric dimension can appear well measured while
remaining only weakly aligned with independently
measured task markers, so dimension scores should
not inform decisions about individuals without in-

dependent validity evidence. All modeling used
the open-weights Gemma-2-2B; rubric scores were
reused from prior work.

Data and Code Availability

The de-identified tabular data, analysis note-
book, cached pair-level activation-patching
outputs,  generated statistical summaries,
and figure-generation code are available
at https://github.com/psuthaharan/
mp-11lm-geometry. The reproduction entry point
is mp_llm_geometry_analysis.ipynb; it identi-
fies the analyzed model as google/gemma-2-2b,
verifies the mean-pooled activation checkpoint,
and validates the cached pair-level outputs used to
reproduce the four analysis figures.
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A Uncertainty in observed maximizing
layers

Across 5,000 participant-bootstrap resamples, the
95% intervals for the maximizing layers were LO—
L16 for Comprehension, L2-L.18 for Judgment,
L6-L23 for Evaluation, L5-L.25 for Final Decision,
and L15-L.23 for Confidence. The broad, overlap-
ping intervals indicate that the observed maxima in
Figure 2A should not be interpreted as five sharply
separated computational stages.

Uncertainty in observed encoding maxima

Final decision I A |
Confidence - )—i—.—(
Comprehension - @ I
Evaluation L @ }
Judgment - I @ :
T T T T T T
0 5 10 15 20 25

Residual-stream layer

Figure 6: Bootstrap uncertainty in the maximizing
layers of Figure 2A. Points show the mean maximizing
layer across 5,000 participant-bootstrap resamples, hor-
izontal lines show 95% bootstrap percentile intervals,
and black ticks mark the observed maximizing layers.

B Cross-dimensional score overlap and
probe transfer

Since all five MP dimensions are scored from the
same reflection, we examined how much of their
apparent separability could be attributed to shared
score structure (Figure 7). The GPT-4 scores were
strongly correlated across dimensions (mean ab-
solute off-diagonal » = 0.837), but this overlap
was attenuated after cross-fitted adjustment for re-
flection length (r = 0.495) and was lower again
for cross-dimensional transfer of the out-of-fold
probe predictions (r = 0.325). This progressive re-
duction suggests that the probes are not simply
recovering a common signal carried by all five
scores. Evaluation provides the clearest evidence.
Its probe prediction correlated more strongly with
its matched Evaluation score (r = 0.579) than
with any off-target dimension (maximum absolute
r = 0.361), indicating that its strong decodability
includes structure specific to Evaluation.
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Figure 7: Score overlap and cross-dimensional probe transfer. (A) Pearson correlations among the five raw
GPT-4 MP scores. (B) Correlations among cross-fitted score residuals after adjusting for log-transformed reflection
length within each outer training fold. (C) Cross-dimensional transfer between each dimension’s out-of-fold probe
prediction at its observed maximizing layer and all five cross-fitted score residuals. Rows in panel C denote the

probe target and columns denote the rubric score.

C Marker-specific coupling underlying Dimension Volatility prior Win-switch rate
Figure 3 —0.113 —0.193
[-0.197, —0.018] [—0.266, —0.111]
. . . . . hensi L1 = .052 .001
The vertical coordinate in Figure 3 summarizes Comprehension (L13) —_ pr = 05 pr < 00
coupling to two distinct task markers, so we exam- 0123 0T
) ) o ’ [-0.215, —0.027] [~0.235, —0.080]
ined the signed associations separately to ensure Judgment (L14) pr = .032 pu = .004
that their mean did not conceal marker-specific ef- —0.063 —0.037
fects. Evaluation was weakly related to both the [-0.156,0.028]  [—0.111,0.044]
o . . . Evaluati L12 = .336 = .420
volatility prior (r, = —0.063) and win—switch rate valuation (L12) P b
o . . . .. —0.143 —0.176
(rp = 0.037), with neither assomatlon.surylvn.lg (0231, —0.046] [-0.265, —0.001]
Holm correction (Table 1). Its low coupling in Fig- Final Decision (L21) pr = 011 pr = .001
ure 3 therefore does not arise from averaging across ~0.099 ~0.138
otherwise divergent marker relationships. The re- [~0.183, —0.008] [—0.211, —0.065]
Confidence (L16) pa = .089 pr = .013

maining dimensions showed modest negative asso-
ciations, with six of the ten dimension-by-marker
tests surviving familywise correction.

D Token-filter diagnostics and robustness

Intermediate-layer logits are not calibrated proba-
bilities, and correlation-based coupling is invariant
to translation and positive rescaling, so absolute
magnitude was not treated as evidence that a to-
ken was meaningfully represented. For each of the
1,143 corpus-attested tokens, we instead recorded
participant-wise ranks and top-100 incidence at
L12 and L21. We evaluated Figure 4C at mini-
mum corpus counts of 1, 2, 5, and 10 while hold-
ing readability and content-word criteria fixed (Ta-
ble 2). Final Decision coupling remained stable
(p = —0.614 to —0.675, all descriptive p < .001),
whereas Evaluation varied with the threshold. Thus,
absence of detectable Evaluation coupling under
the primary five-occurrence filter is not invariant to
token selection.

We also examined whether the retained tokens

Table 1: Marker-specific coupling underlying Fig-
ure 3. Signed partial correlations between each di-
mension’s out-of-fold probe prediction at its observed
maximizing layer and the two task markers, control-
ling for log-transformed reflection length (N = 486).
Values show 1, participant-bootstrap 95% Cls, and
Holm-adjusted p values (pgr) across the ten dimension-
by-marker tests.

occupied nontrivial positions in the corpus-relative
vocabulary readout. Of the 241 tokens retained
by the primary filter, 174 at .12 and 108 at L.21
entered the corpus-relative top 100 for at least
one participant. The highest-ranking excluded
corpus-attested items were predominantly stop-
words, punctuation, or unreadable token pieces,
rather than omitted content words with uniformly
stronger intermediate-layer readouts.

Finally, we audited all 256,000 Gemma vocabu-
lary directions, including absent tokens. Readable
directions were word-initial content tokens of at
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Minimum count Tokens Evaluation p Final Decision p

1 984 +0.330, p < .001 —0.614, p < .001
2 488 +0.205, p < .001 —0.647, p < .001
5 241 +0.053, p = .416 —0.675, p < .001
0

1 126 —0.069, p=.439 —0.653, p < .001

Table 2: Sensitivity of token-level rubric—behavior
coupling to the minimum-frequency criterion. Spear-
man correlations between each token’s rubric coupling
and win—switch coupling at the Evaluation (L12) and
Final Decision (L21) observed maximizing layers. The
five-occurrence threshold is the primary filter used in
Figure 4C; conventional token-wise p values are descrip-
tive.

most 24 characters, at least half alphabetic, with
English Zipf frequency at least 3, deduplicated after
lowercasing. To avoid selecting examples post hoc,
we report the first five under this fixed rule. Evalu-
ation’s positive pole was juvenile, cease, blockade,
misdemeanor, and prohibiting; its negative pole
was interested, details, information, Did, and Hey.
Final Decision’s positive pole was horizontal, sil-
ver, shopping, smashed, and vertical; its negative
pole was indeed, necessarily, although, nor, and
moreover. These mixed extremes make the scan a
descriptive transparency check, not confirmation
of a uniformly coherent structure or a source for
token selection. Complete ranks accompany the
analysis outputs.
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