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Abstract

Sentence-level explanations can miss the big-
ger picture of how a black-box model behaves
across data, which matters most for complex
criteria like safety that cannot be defined by a
single rule. We trace Logit-Trajectory, which
tracks adjacent-layer logit updates as vectors
and aggregates them into a reproducible dataset-
level trajectory pattern, enabling depth-wise ex-
plainability through signals such as coherence
and angular rotation. Across 6 languages and
5 NLP tasks, we show these trajectory sum-
maries reveal consistent depth-wise patterns
that divergence- and similarity-based baselines
often wash out due to scalarization. As a case
study where dataset-level intermediate decision
structure matters, we evaluate safety classifi-
cation, reporting both trajectory-level visual
separability and classification performance.

1 Introduction

Recent work on black-box explainability for lan-
guage models has largely focused on per-sentence
or per-example analyses(Vaswani et al., 2017;
Brown et al., 2020; Ouyang et al., 2022). How-
ever, explanations grounded in individual instances
rarely yield a consistent account of model behavior
at the dataset level(Ouyang et al., 2022; Bai et al.,
2022; Wei et al., 2023; Gehman et al., 2020). This
limitation becomes more acute as modern LLMs
are deployed across diverse tasks and conditions
within a single model. In particular, when the tar-
get criterion is inherently multi-faceted—such as
safety, which cannot be captured by a single scalar
objective—per-example explanations are insuffi-
cient. What is needed instead is a dataset-level
analysis that traces the intermediate structure of
decision formation as it unfolds across layer depth.

Lens-style methods(Figure 1(a)) such as the logit
lens (nostalgebraist, 2020) and tuned lens (Belrose
et al., 2023) decode intermediate predictions but
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Figure 1: (a) Prior logit-lens readouts(nostalgebraist,
2020) trace a layerxtoken logit for a single input; such
readouts wash out directional transitions, and aggregat-
ing them at the dataset level is difficult. (b) Our dataset-
level trajectory: for each x, build a layerxlayer A-map
A, j(x) and aggregate over D to obtain a dataset-level
pattern.

are essentially layerwise snapshots, typically ana-
lyzed per example. Layerwise metrics reduce each
transition to a single number, e.g., KL divergence
on decoded outputs (Kishino et al., 2025) or simi-
larity measures in representation space (Kornblith
et al., 2019; Morcos et al., 2018). At the dataset
level, depth-wise transition patterns can wash out
under scalarization, obscuring stable structure in
how decisions evolve across depth.

A natural concern is that summing adjacent up-
dates recovers an endpoint statistic 2(L) — 20 Our
focus is the intermediate structure—centroid co-
herence and angular rotation—which is not recov-
erable from the endpoint alone and becomes stable
under dataset-level aggregation.

We introduce Logit-Trajectory, a dataset-level
framework that preserves depth-wise transitions by
tracking adjacent logit updates. These patterns en-
able practitioners to (1) localize where target task
decisions stabilize, (2) highlight high-impact transi-
tion points for debugging and intervention, and (3)
produces task-discriminative trajectory for compar-
ing models and detecting distribution shift—signals
scalar summaries often miss. Instead of decod-
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Metric

What it captures (and misses)

Where it can fail (dataset-
level)

What we observe

KL-divergence
(nostalgebraist
(2020))

Cosine similarity

(Jiang et al

(2025a))

Endpoint statistic
Aem d

Logit-Trajectory
(Ours)

Scalar change distribution;
misses update direction/turns.

Scalar  angular
misses transition
across depth.

similarity;
geometry

Vector updates AO=L ); misses
update trajectories.

Vector updates Al

keeps directional structure
(Centroid coherence/Angular

Averaging collapses mixed dy-
namics; emphasizes endpoint
spikes over last-layer structure.

Angular rotation average out;
differences show mainly at
early/late layers.

No capturing internal-
change—weaker dataset-level
discrimination; variation by
model is very large.

Retains turns/alignment under
averaging; Provide learnable di-
agnostic signal

High within and high between (gap
< 0.3); spikes near final layers, weak
mid-layer signal.

High within and high between (gap
< 0.05); mostly flat mid-layers.

Smaller within—between gaps (up
to 0.578); Failure of the p-value to
converge for models with 70B+ pa-
rameters.

Larger within—between gaps (up to
0.636); learnable with logistic regres-
sion (pre-filter).

rotation).

Table 1: Under dataset averaging, scalar metrics(KL-divergence, cosine similarity) can blur condition-specific
structure; our Logit-Trajectory retains directional dynamics and yields larger within—between gaps. L is the model’s
total number of layers, and / is an internal layer index with 1 < ¢ < L.

ing per-layer predictions, we model each layer-to-
layer difference as a vector update in vocabulary
space and aggregate updates across examples into a
dataset-averaged vector field (centroid). We then
measure centroid-direction coherence and angu-
lar rotation across depth, yielding reproducible
signatures comparable across datasets, models, and
conditions (Figure 1).

Finally, we use safety classification as a down-
stream case study in a diagnostic setting to demon-
strate that trajectory features are learnable: safe
and harmful subsets exhibit systematic differences
in their trajectories, and a simple classifier can
leverage early-layer transitions as a pre-filtering
signal. We present this experiment as evidence that
trajectory signals are learnable, not as a claim of
state-of-the-art safety filtering.

Our main contributions are:

* Logit-Trajectory: A dataset-level trajectory
pattern that aggregates adjacent logit updates
into a centroid field and measures coherence
and angular rotation across depth.

* Trajectory pattern vs. scalar summaries:
Evidence that scalar transition metrics can
wash out dataset-level structure through aggre-
gation and mixing, whereas trajectory maps
preserve separability.

* Downstream case study: A case study
demonstrating that trajectory features are dis-
criminative and support early-layer prediction
in a safety classification setting.

2 Related Work

Lens-based decoding. Prior work decodes in-
termediate hidden states into vocabulary space
(logit lens) and mitigates representation drift with
learned per-layer decoders (tuned lens) (nostalge-
braist, 2020; Belrose et al., 2023; Pal et al., 2023).
These methods primarily provide per-layer snap-
shots; we instead model adjacent-layer logit up-
dates and aggregate them to obtain stable dataset-
level transitions.

Logit attribution and component decomposition.
Logit-decomposition methods explain outputs by
attributing contributions to tokens, layers, or inter-
nal components (Ferrando et al., 2023; Nguyen).
In contrast, we focus on layerwise logit update vec-
tors and their aggregation to capture dataset-level
decision dynamics.

Representation similarity across layers. Lay-
erwise similarity metrics (e.g., cosine, CKA) are
widely used to characterize redundancy or stage
boundaries (Kornblith et al., 2019; Jiang et al.,
2025b). However, they capture geometry, not the
direction of movement in vocabulary space; we in-
stead track direction via aggregated adjacent-layer
logit updates. Probing networks can also make such
representations linearly or with a lightweight MLP
separable (Agarwal et al., 2025; Sun et al., 2025).

Our key distinction: dataset-level transition be-
yond token-wise lenses. Lens-style methods are
typically token-wise, providing per-prompt, per-
layer snapshots. Rather than tracking distribution-
level dynamics, we aggregate adjacent-layer logit
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updates into a dataset-averaged vector field and an-
alyzing its stable structure (centroid coherence and
transitions). This yields a reproducible decision
flow for an entire dataset and supports diagnostics
such as early-layer predictive.

3 Preliminaries

We consider scalar baselines for layer-wise change:
KL divergence (distributional shift) and cosine sim-
ilarity (directional alignment). Since our quanti-
ties are aggregated at the dataset level, they are
not directly comparable to token-wise lens read-
outs. Logit-Trajectories are complementary: they
summarize adjacent-layer logit updates as vectors
(via centroids and coherence), exposing directional
structure and mixture effects that scalar metrics
collapse.

KL divergence (nostalgebraist, 2020). Let
p) = softmax(z(9)). We use KL(p® ||p+1) or
KL(p“||p").

Cosine similarity (Jiang et al., 2025a). We use
logit cosine cos(z(¥), z(*+1)) and hidden cosine
cos(hO), pe+1)),

4 Logit-Trajectory Tracing

This section introduces Logit-Trajectory, our core
tool for analyzing layer-wise behavior. Notation is
summarized in Appendix B.

Core idea. (1) At layer /, logits z(Y) encode the
model’s output preferences. (2) The adjacent-layer
difference A(—4+1) captures how these prefer-
ences rotate as depth increases. (3) Keeping A as a
vector (rather than a scalar) preserves both change
magnitude and direction, indicating which tokens
the model moves toward. Unlike snapshot-based
probes that decode layers independently, we view
inference as a sequence of updates and aggregate
trajectories across the dataset for stable, compara-
ble analysis.

4.1 Logit-Trajectory Definition

To capture layer-wise directional changes, we use
adjacent-layer logit differences. For a model fy
with L layers, let oY) () be the hidden state at
layer ¢ for input x, and let t* denote the decision
token (default: the last valid token). We define the
vocab-space logit at t* as

29 (z) = LMHead (h@ (x)t*> erRVI, (1)

where V' is the vocabulary. The vector update
across an adjacent-layer transition is

AE=ED () = D () — O ) e RV (2)

If needed, we generalize to an arbitrary layer pair
(05, 0;) as A=) (2) = 2(8) (z) — 2(8) ().

4.2 Extracting z(©): Architecture-agnostic
Logit Projection

To trace Logit-Trajectory applicable to encoder-
only, encoder—decoder, and decoder-only models,
we compute 20 by applying the LM head to the
output of each layer block. By default, ¢* is the
last valid token; for encoder—decoder models, we
apply the same definition using the logits at the first
decoder step.

5 Dataset-level Logit-Trajectory
Aggregation

This section aggregates transition vectors A at the
dataset level to quantify and visualize representa-
tive depth-wise transition and consistency patterns
as computation proceeds through depth.

5.1 Centroid Coherence and Angular
Rotation

For a transition ¢t = ¢ — ¢ + 1, we define the
dataset-level representative direction (centroid) as

¢t = By AD (2)]. 3)

We measure how well an individual sample’s up-
date aligns with the centroid via cosine similarity:

Agry(z) = cos (A (z),¢;). “4)

The centroid coherence E,[Agr,(x)] yields a layer-
wise consistency curve over depth.

Subset analysis. For any subset D' C D (lan-
guage/task/label/safety condition), we analogously
compute ¢;(D’) and Agr,(D’) to compare decision-
flow patterns across conditions.

5.2 Dataset-level Layer x Layer Visualization
To visualize the structure of updates at the dataset
level, we define a length-normalized mean Logit-
Trajectory for a layer span (i, j). Given adjacent
transitions A1) (), we define

1
ZA“_}K—H)(Q") e R|V|,

A
)

A(i—m‘)(x) —
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which represents the average update trajectory pat-
tern over the layer span [i, j|. The dataset-level
layer-pair centroid is

Cij = Epup [A07D) (2)]. (6)

We construct an upper-triangular heatmap by
mapping Cj ; to a scalar:

H'® = ||Cisll, (7)
H{$ = cos(Cij, Co,L-1), )
H;;g = an(Ci,j) . (9)

Here, H™?# highlights spans with large average
changes, H“*® measures alignment with the over-
all depth transition Cy 1,1, and H*'® captures the
mean signed tendency of the centroid vector. To
avoid span-length bias, we use mean aggregation.

For visualization of H*'%, we apply min—-max
scaling over all valid layer spans in the full layer
range (0 ~ L—1):

rravg Hz‘]/’g T min(PvQ) H;‘flg

2,7 avg . avg
7 maxp q) Hp,qg — ming, oy Hpq

(10)

where the minimum and maximum are taken over
all valid layer pairs (p,q) with0 <p < g < L—1.

We compute layerwise logits at a fixed “decision”
position—last input token(encoder: [CLS] (Devlin
et al.,, 2019), decoder: [EOS] (Radford et al.,
2018))- to avoid dependence on input, output sen-
tence lengths. See Appendix A.2 for further details.

6 Experimental Setup

We describe datasets, models, extraction set-
tings, and baselines. Additional details are in Ap-
pendix Al

6.1 Dataset and Task Formulation

¢ Multilingual multi-task (Aya) (Singh et al.,
2024).2

* Languages. English, German, Spanish, Hindi,
Japanese, Korean.

e Task focus. We mainly report results
on Paraphrase Identification, Event Link-
ing, Question-Answering, Dialogue, Summa-
rization (long-form generation), while the
pipeline supports other Aya task types.

!Code and data will be made publicly available upon ac-

ceptance.

2Cohe reLabs/aya_collection_language_split
(train, field: inputs).

* Downstream case study (binary safety). A
CSV-based dataset with safe/unsafe labels,
split into train/test for predictive evaluation.

Detailed statistics are provided in Appendix A.1
and Appendix A.7.

6.2 Models

We include diverse architectures:

bert-base-cased,
(De-

* Encoder-only:
bert-base-multilingual-cased
vlin et al., 2019).

¢ Encoder—decoder: T5-1large (Raffel et al.,
2020) , flan-T5-1arge (Chung et al., 2022)
(encoder component).

* Decoder-only: Qwen2.5-(3B/7B/72B)-
Instruct (Yang et al., 2024), L1ama-(3.2-3B,
3.1-8B, 3.3-70B)-Instruct (Llama, 2024).

We discuss the main results for the decoder-only
models Llama-3 and Qwen?2.5. Results for the other
models are reported in Appendix D.

6.3 Baselines and Statistical Testing

 Baselines. The end-to-end difference A, q
(= ) — Z(O)), which does not track interme-
diate layers. We also consider adjacent-layer
KL divergence and cosine similarity. (For a
detailed explanation, see Appendix A.5.)

* Dataset-level stability (within vs. between).

— Within: same condition, different seeds.

— Between: different conditions (e.g.,
tasks/languages) under the same model.

* Uncertainty & significance. Bootstrap Cls
(default 300 resamples) and permutation tests
(default 5,000 permutations).

7 Results

Throughout our analysis, we connect visual trajec-
tory patterns to quantitative criteria: visually stable
regions correspond to high centroid coherence (Eq.
4) and low angular rotation, while visually irregu-
lar or spiky patterns correspond to lower alignment
and higher directional variance. This provides a
consistent bridge between qualitative observations
and measurable trajectory properties.

We show that vector-valued logit capture
dataset-level structure that scalar summaries (KL-
divergence/cosine similarity) often wash out.
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Model Metric ~ Within ~ Between 0
BERT KL 1.000 0.973 0.0271
-base-cased Cos 1.000 0.989 0.011}
Acend 1.000 0.682 0.318f
A 1.000 0.678 0.322¢
BERT KL 1.000 0.995 0.005+1
-base-multilingual-cased  Cos 1.000 0.990 0.0101
Acnd 1.000 0.737 0.263+1
A 1.000 0.661 0.339¢
T5 KL 1.000 0.709 0.291+
-large Cos 1.000 1.000 0.0001
Acnd 1.000 0.998 0.002}
A 1.000 0.987 0.013+
Flan-T5 KL 1.000 0.757 0.243f
-large Cos 1.000 1.000 0.000}
A 1.000 0.881 0.119¢
Acnd 1.000 0.950 0.050+
Qwen2.5 KL 1.000 0.751 0.249%
-3B-Instruct Cos 1.000 0.999 0.001}
Acnd 1.000 0.870 0.1301
A 1.000 0.470 0.5301
Qwen2.5 KL 1.000 0.952 0.048+
-7B-Instruct Cos 1.000 0.993 0.00771
Acnd 1.000 0.422 0.578+
A 1.000 0.621 0.379+
Qwen2.5 KL 0.933 0.758 0.175}
-72B-Instruct Cos 1.000 0.997 0.003+
Acnd 0.034 0.149 -0.115
A 0.004 0.267 -0.264+
Llama-3.2 KL 1.000 0.909 0.091f
-3B-Instruct Cos 1.000 0.996 0.00471
Acnd 1.000 0.609 0.3901
A 1.000 0.364 0.6361
Llama-3.1 KL 1.000 0.949 0.051+
-8B-Instruct Cos 1.000 0.995 0.0057
Aend 0.999 0.617 0.383+
A 1.000 0.393 0.607+1
Llama-3.3 KL 0.998 0.985 0.014+
-70B-Instruct Cos 1.000 1.000 0.000%
Acnd 0.025 0.080 -0.054
A 0.011 0.163 -0.152¢

Table 2: Trajectory generalization via within-/between-
dataset similarity (higher is better). § = mean(within
— between); bold = max 4; {: p < 0.001 (within #
between). Baselines: KL-divergence(KL), Cosine Simi-
larity(Cos), and 2(X) — 2(0)(A,,4, it uses only the start
and end representations without accounting for inter-
mediate depth). A is generally more discriminative; for
70B+ models, higher within-dataset trajectory diversity
may reduce within similarity, shrinking §.

Acng—which does not account for layer-wise
changes across depth—does not yield consistent
results across models (Table 1). Our experiments
establish three findings: 1) a reproducible layer-
depth wise trajectory pattern, 2) summarizes its pat-
tern with a layer xlayer upper-triangular heatmap,
and 3) reveals convergence and change-points
through trajectory-aware diagnostics. Pattern vari-
ations across models, languages, and tasks are
reported in Appendix D. Appendix D.5 presents
stress tests for cross-condition confusability, and
Appendix C compares computational costs be-
tween our method and the baselines.
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Figure 2: Layerxlayer upper-triangular heatmaps of
dataset-level logit updates for Qwen2.5-7B-Instruct,
-72B-Instruct (brighter = larger change). H™?&: up-
date magnitude; H°*®: alignment to global update
Co,r,—1. Early layers: larger/less-aligned; late layers:
smaller/more-aligned—progressive stabilization.

7.1 Dataset-specific Logit-Trajectory Patterns

We test whether our method yields reproducible
trajectory patterns at the dataset (condition) level,
and whether preserving A as a vector provides an
advantage over scalarized transition metrics.

For each condition g, we compute transition cen-

troids {c!” 122 and define

L—2
. 1 '
Sim(g, ¢') = -1 Z cos(cgg), cgg )).
t=0

within measures coherence within condition g,
while between measures similarity across condi-
tions.

Ideally, a method should yield high within and
low between. For models up to 8B parameters, A
consistently exhibits the most desirable separation
(Table 2). The full similarity distributions are pro-
vided in Appendix D.1.

In contrast, for very large models (70B+), A and
Acng exhibit atypical behavior: both the within
and between values are very low, while KL-
divergence and cosine similarity are both high. We
observe this pattern consistently across all tasks
used in the experiments. We hypothesize that these
models admit more diverse trajectories even within
a single condition, which depresses within simi-
larity. Moreover, this tendency appears to be overly
compressed when compared against other metrics.
Our goal is not to summarize behavior into a single
scalar; rather, we aim to identify a dataset-level two-
dimensional fingerprint. As shown in Sections 7.2—
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compute cos(A® (z),¢;) with ¢, = E,[A®)(z)], and report the mean with confidence intervals. Higher values
indicate more consistent update trajectories across samples. We excluded Ag,q since it yields no depth-wise result.
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Figure 4: Dialogue task results for Llama and Qwen.
We quantify layer-wise angular rotation as Z(c¢¢, ¢t41),
where ¢; = E,[A®)(z)]. Larger angles indicate abrupt
shifts in the average update trajectory. The Critical Layer
region marks the lowest rotations, corresponding to lay-
ers that support stable task-wise decisions.

9, our methodology retains sufficient discriminative
ability at the dataset level.

7.2 Trajectory Visualization Across Layer
Depth: Layer x Layer Heatmaps

We summarize dataset-level layer xlayer dynamics
with an upper-triangular heatmap, visualizing 1)
update magnitude H;*® and 2) alignment with
the overall transition chj’s from centroids Cj ;
(Method 5.2).

Figure 2 shows both maps: H™? highlights
where updates are large (often increasing toward
later layers), while H°® indicates how closely each
update aligns with the global transition Cy 11 (typ-
ically low in early layers and increasing with depth).
We quantitatively validate this visual pattern via the

coherence and rotation analyses in Sec. 7.3, where
increasing alignment and decreasing angular varia-
tion across depth confirm the observed stabilization
trend.

Across models, H™?8 exhibits broadly similar
patterns, and because it captures only absolute
changes, it suggests that input-specific informa-
tion is rapidly filtered out as representations propa-
gate through depth. Overall, models exhibit larger
rotate, less-aligned changes in early layers and
small rotate, more-aligned updates in later lay-
ers, consistent with progressive stabilization. Sub-
set heatmaps by language/task reveal additional
condition-specific structure (Appendix D.3).

7.3 Trajectory-aware Dynamics: Centroid
Coherence and Angular Rotations

In this work, we interpret these quantities as op-
erational criteria for trajectory structure: centroid
coherence captures the consistency of update direc-
tions across samples, while angular rotation cap-
tures transitions in the dominant update direction
across depth. Preserving A as a vector exposes
directional structure that scalar summaries (KL di-
vergence, cosine similarity) obscure. We measure
(i) alignment between sample transitions and the
dataset centroid (centroid coherence) and (ii) depth
locations where the centroid direction turns (angu-
lar rotations).

Centroid coherence. Figure 3 shows centroid
coherence E,[Agr,(z)]. Unlike KL-divergence
or cosine similarity, which wash out depth-wise
directionality under scalar aggregation, Logit-
Transition preserves intermediate-layer direc-
tional dynamics. Results for the other models are
provided in Appendix D.2.

Angular rotations. Figure 4 plots the turning an-
gle between continuous centroid directions across
depth. Rotation profiles depend on architecture but
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Model Layer span (len=4) Flip.n Flipnq OMargin (Mean)  dnrargin (Med)
Fragile (16-19) 0.248 0.500 +1.064 +1.051
Qwen2.5-3B-Instruct Critical (3-6) 0.282 0.540 +0.488 +0.508
Random controls 0.420 £ 0.066  0.518 +0.023 - -
Fragile (7-10) 0.448 0.510 +1.026 +1.152
Qwen2.5-7B-Instruct Critical (16-19) 0.554 0.588 +1.754 +1.848
Random controls 0.481 £0.135 0.575 +0.074 - -
Fragile (76-79) 0.220 0.460 +0.111 +0.099
Qwen2.5-72B-Instruct Critical (73-76) 0.020 0.087 —0.011 0.000
Random controls 0.209 £ 0.259  0.344 +0.124 - -
Fragile (24-27) 0.232 0.360 -0.483 -0.496
Llama-3.2-3B-Instruct Critical (17-20) 0.256 0.450 -0.383 -0.407
Random controls 0.335 4+ 0.220 0.446 4+ 0.100 - -
Fragile (8-11) 0.106 0.360 +0.031 +0.087
Llama-3.1-8B-Instruct Critical (20-23) 0.210 0.400 -0.335 -0.308
Random controls 0.165 +0.207  0.342 £ 0.126 - -
Fragile (29-32) 0.018 0.078 +0.259 +0.259
Llama-3.3-70B-Instruct ~ Critical (33-36) 0.020 0.087 -0.011 0.000
Random controls 0.016 +0.007  0.072 + 0.037 - -

Table 3: Layer-freezing (block-skip) ablation for decoder-only models. Freeze one contiguous 4-layer span: high-
rotate (Fragile layer), low-rotate (Critical layer), or (5 repetitions). Report label-flip rates (all / borderline; bottom
20% by |baseline margin|) and decision-margin change (after—before). Random spans: mean + std over 5 uniformly
sampled controls. Flipt = freezing that span causes more final label reversals; 6y7q4rgin T = freezing that span
perturbs confidence in the chosen label more. Bold marks the highest value among compared spans for each metric.
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Figure 5: Centroid coherence (within-dialogue vs. over-
all) for Llama and Qwen. Coherence is consistently
higher within-dialogue—especially in later layers—and
decreases when tasks are mixed (signal dilution).

are broadly consistent across scales, suggesting re-
curring structural transitions. We call the minimum-
rotation region the Critical Layer, where decision
dynamics concentrate; we compute phase rotation
with a stabilized normalized cosine (add e, clamp
to [—1,1]).

8 Ablation Studies

We conduct ablation studies to validate two ques-
tions: 1) How do directional variations affect the
model’s decisions? 2) Is the model’s trajectory pat-
tern over the full dataset always similar, or does it

meaningfully differ across datasets?

8.1 How Angular Rotations Affect Model
Decisions.

We measured how often predictions flip when lay-
ers are frozen, where a higher flip rate indicates
greater variability and a larger change in (dp7qrgin)
indicates lower confidence.

Freezing the Fragile Layer (largest rotation)
usually has more filps because the decision is
not aligned. By contrast, freezing a Critical
Layer(smallest rotation; stable update direction)
turning region often causes large margin shifts and
frequent label flips, especially on borderline inputs
(Table 3). This indicates that rotation-defined layers
are not just descriptive: they provide functional
leverage that stabilizes—or destabilizes—the fi-
nal decision.

8.2 Target Task vs. All Tasks: Layer-wise
Coherence Trends

As an example, we compare the coherence trend for
a canonical instruction-following task—a single-
turn dialogue—against the coherence trend com-
puted over all six tasks combined. As shown in
Figure 5, the same qualitative result holds across
all models: the overall pattern is similar, but co-
herence is stronger for the target task (dialogue)
and tends to increase more sharply in later layers.
We attribute this to a division of labor across lay-
ers: early—-mid layers determine the alignment
direction, while later layers focus on output sta-
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bilization.

9 Case Study: Safety Classifier
(Diagnostic)

As a case study, We use safety classification to val-
idate that Logit-Trajectory features provide learn-
able diagnostic signals, and to illustrate their po-
tential as a simple monitoring/pre-filter signal (not
a claim of state-of-the-art safety filtering). We con-
duct a safety classification case study using logit-
trajectory features on four public English safety
datasets (Appendix A.7).

9.1 Logit-Trajectory Pattern of Safety
Classification

Figure 6 shows qualitative separation: the upper-
triangular H°*® patterns differ systematically be-
tween safe and harmful inputs, even in smaller mod-
els. For safe inputs, the safe samples exhibit gen-
erally simple and smoothly continuous variations,
whereas harmful samples contain more frequent
and sharper spiky points. These spikes suggest that,
in harmful cases, the model cautiously re-align
layers in order to understand the implied harmful
intent and formulate an appropriate response.

9.2 Diagnostic Pre-filter(Logistic regression)

To quantify discriminability and prediction depth,
we train a logistic-regression probe on only the first
k layer-to-layer transitions, asking how early the
final label can be predicted.

Concretely, we feed Logit-Trajectory features
(per-transition A, cumulative ), A) into a
small regression model to predict binary labels
(safe/harmful).

* Train logistic regression on trajectory-derived
features; evaluate on held-out test data.

* Sweep the number of transitions k and
report AUC; compare Logit-Trajectory vs.
KL/cosine features under the same protocol.

Figure 7 shows that Logit-Trajectory features
reach higher AUC with fewer layers than KL-
divergence or cosine-similarity features;Across
three different random seeds, only A exceeds an
AUC of 0.78 (F1 = 0.715, precision = 0.70, recall
=0.73). Considering the performance ceiling (F1 =
0.80) reported in prior work (van Aken et al., 2018),
these results indicate that even a simple linear
baseline (logistic regression) captures meaning-
ful predictive signal, suggesting that the task is al-
ready reasonably separable prior to applying more
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Figure 6: LayerxLayer upper-triangular heatmaps
visualizing(H?'®) dataset-level on Qwen2.5-3B-
Instruct. Brighter regions indicate larger changes.
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Figure 7: Early-exit prediction over early-transition
count k (first k-layer only), Qwen2.5-3B-Instruct. Same
classifier for Logit-Trajectory/KL-divergence/cosine
similarity; higher AUC at smaller k indicates earlier
decision formation.

sophisticated models. This, in turn, suggests that
Logit-Trajectory captures decision stabilization,
enabling early-exit prediction and safety-relevant
monitoring (total results in Appendix D.4).

10 Discussion

Stable dataset-level signals live in intermedi-
ate structure, not endpoints. Although adjacent
updates can be telescoped into an endpoint (e.g.,
) — z(o)), the dataset-stable information is car-
ried by the intermediate structure of trajectories.
Centroid coherence and angular rotations stabilize
under dataset aggregation and indicate where deci-
sions consolidate across depth.

Why scalar baselines blur dataset-level dis-
crimination. Scalar summaries such as KL-
divergence and cosine similarity capture the
amount of change, but tend to be high both within
and across conditions, yielding small separability
gaps at the dataset level (Table 1). By preserving up-
dates as vectors, Logit-Trajectory Maps expose di-
rectional structure and yield repeatable, condition-
specific signatures.

Angular rotations are important to decision.
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Interventions around rotate-adjacent layers (e.g.,
freezing) substantially change margins and flip
rates, suggesting these transitions have causal lever-
age over the final decision.

Practical implication: efficient probing from
early layers. Beyond visualization, trajectory fea-
tures are learnable with simple classifiers and sup-
port earlier prediction using fewer transitions than
scalar features, enabling fast diagnostics (including
safety pre-filtering as a use case).

Scalability / future directions. At present, both
the trajectory-tracking method and the aggregation
scheme are intentionally simple and intuitive. It
would be valuable to adopt more sophisticated al-
gorithms and to broaden the range of datasets and
settings to which the approach is applied.

11 Conclusion

We introduced Logit-Trajectory, which represents
layer-to-layer logit updates as directional vectors.
We aggregate these vectors at the dataset level to
reveal reproducible decision-dynamics trajectories
across model architectures, scales, and families in
multitask, multilingual settings. Empirically, these
trajectories expose stage-wise structure over depth
and provide signals that are useful beyond visu-
alization, supporting downstream prediction in a
practical case study.

Our findings highlight a simple principle:
preserving layerwise trajectories enables stable
dataset-level comparisons that scalar summaries
often obscure. We hope this motivates future work
that integrates dataset-level trajectory summaries
with token-level lenses and targeted interventions
to better understand and monitor Language Model
decision formation.

Limitations

Due to page constraints and our intent to position
this work as an initial exploration of dataset-level
aggregation, further experimental expansion is war-
ranted. In particular, while we conducted experi-
ments across multiple models, languages, and tasks,
the space limitations of the paper prevented us from
including more detailed analyses and additional ab-
lations.

First, we use Aeng, KL divergence, and cosine
similarity as reference metrics for our A-based rep-
resentations primarily because they are training-
free, enabling a lightweight initial comparison with-
out introducing additional learned components. Be-

cause our quantities are defined after dataset-level
aggregation, they are not directly comparable to
token-wise lens readouts. Logit-Trajectories are
instead complementary: they trade per-example de-
tail for more stable distribution-level signals.

Second, although our core object is a vector-
valued Logit-Trajectory, most of our heatmap visu-
alizations still rely on scalar summaries for read-
ability. Our key comparisons and diagnostics are
nevertheless derived from the vector representa-
tion (e.g., coherence is defined via vector—centroid
alignment, and the centroid itself is a vector). How-
ever, such scalarization can obscure multi-modal
or heterogeneous trajectory patterns and may there-
fore be misleading. This motivates richer visualiza-
tion formats that preserve more of the directional
structure.

Third, while our analysis targets generalization
across model architectures and languages, we fix
a single decision position for logit extraction, con-
sistent with the fixed extraction settings commonly
used in prior lens-style studies. Broader evaluation
across architectures and language groups, together
with robustness checks under alternative decision
positions, is needed to better establish generality.
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A Experimental Setup

In this section, we precisely define the observa-
tional unit of the Logit-Trajectory Map and the
procedure for aggregating it at the dataset level,
and we describe the experimental design used to
validate the approach in multilingual and multi-task
settings.

A.1 Aya Dataset

To ensure broad coverage across multiple tasks
and languages, we use the Aya dataset (Singh
et al., 2024), which provides parallel translations
of semantically equivalent content in multiple lan-
guages. The dataset statistics for the five languages
and six tasks used in our experiments are summa-
rized in Table 4.

A.2 Logit-TrajectoryA Extraction Details

* Decision position. We compute layerwise log-
its at a fixed “decision” position to avoid de-
pendence on input, output sentence lengths:

— Encoder (encoder-only models and the
TS encoder): We use the last input to-
ken ([CLS] / the last non-padding token)
as the sequence representation. Follow-
ing Devlin et al. (2019), the final hid-
den state corresponding to [CLS] is com-
monly treated as an aggregate represen-
tation of the input sequence and is used
for downstream classification.

— Decoder (decoder-only models and the
TS5 decoder): We use the last input to-
ken ([EOS] / the last non-padding token)
as the sequence representation. Follow-
ing Radford et al. (2018), the hidden state
at the final position naturally summarizes
the entire left context, making it the most
direct representation after the model has
consumed the full prompt.

* Subsets. We run the same pipeline on dataset-
wide results and on subsets.
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language task N_total  avg chars avg_tokens
dialogue 7,844,049 208.7 36.7
event-linking 2,092,448 3439 56.8
english paraphrase-identification 49,401 329.6 60.8
question-answering 651,496 136.9 23.4
summarization 851,307 5,369.1 873.7
dialogue 1,191,582 95.7 15.0
event-linking 1,194,092 397.2 58.0
german paraphrase-identification 49,401 318.8 514
question-answering 635,428 143.8 21.2
summarization 517,349 4,597.2 645.5
dialogue 1,191,582 113.6 21.1
event-linking 527,052 309.1 57.3
hindi paraphrase-identification 49,401 318.1 62.3
question-answering 635,428 129.0 243
summarization 169,671 2,355.7 465.2
dialogue 1,191,582 37.5 2.36
event-linking 642,740 151.1 7.82
japanese  paraphrase-identification 49,401 149.4 11.1
question-answering 3,099,052 62.2 3.14
summarization 127,147 844.1 75.6
dialogue 1,191,582 49.1 11.5
event-linking 555,965 164.4 379
korean paraphrase-identification 49,401 182.4 46.1
question-answering 579,428 68.5 17.2
summarization 127,147 1,021.4 247.2
dialogue 1,191,582 101.7 17.6
event-linking 748,931 336.3 56.8
spanish paraphrase-identification 49,401 343.8 63.0
question-answering 649,428 151.1 25.5
summarization 127,147 2,188.2 369.7

Table 4: Aya dataset overview for all language x task settings used in our experiments. avg_tokens is a whitespace-

token proxy.

A.3 Outputs: Vector and Visual Views

Vector outputs. We report per-transition magni-
tudes ||A®)||, coherence Agr,, and the top dimen-
sions (token directions) of each centroid ¢;.

Visual outputs. We provide: (i) layerxlayer
heatmaps, and (ii) trajectory plots over layer depth
(e.g., centroid coherence curves).

A.4 Layer Partitioning and Dataset-level
Aggregation

Logit updates. We define the layer-to-layer logit
update as A (z) = 2(HD () — 20 (z) € RIVI,

Dataset-level aggregation. For a dataset (or
language—task slice) D, we compute the centroid
A = ﬁ > 2D A®)(z), and the cumulative tra-

jectory S(F) = Zif;ll A0,
Vocabulary restriction. For efficiency, we evalu-

ate either the full vocabulary or a fixed token set of
size K (e.g., top-K by frequency or a predefined

token set); we keep the same K and construction
procedure across all comparisons.

A.5 Baselines

To validate the benefit of preserving directionality
in Logit-Trajectory Maps, we compare against the
following baselines:

* Divergence baseline (KL): For layer-wise
distributions p(©) = softmax(z(9)), we mea-
sure either the adjacent-layer divergence
Dxr,(pO || p*+1) or the divergence to the fi-
nal layer Dy, (p¥)||pt")). These reduce each
layer transition to a scalar summary of the
magnitude of change.

* Similarity baseline (cosine): We measure the
cosine similarity between adjacent-layer hid-
den states h(©) and A+,

* End-to-end baseline (A.,q): To motivate the
need to examine adjacent-layer transitions, we
also include an end-to-end baseline that only
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compares the first and last layers: Aqpg (=
2(L) — 20)),

A.6 Implementation details.

All experiments were run on a single NVIDIA
H100 GPU. For models up to 8B parameters, we
loaded the full model on-device and performed in-
ference in a single pass. For the 70B model, which
does not fit in memory under our setup, we used
reduced-precision inference by loading weights in
bfloat16 (bf16).

Across all models, we use a fixed experimental
configuration:

* seeds: {500, 1000, 1500}

* batch_size: 8

e max_length: 256

e max_sample (per dataset): 10,000
e bootstrap_resamples: 300

All other hyperparameters follow the recom-
mended default configurations of the respective
model implementations.

A.7 Safety Dataset

We use a curated safety dataset released on Hug-
ging Face.? It comprises train/validation/test splits
constructed from four underlying sources. In the
main paper, we report results on the train split and
use it to train the pre-filter classifier; unless other-
wise noted, all evaluation metrics are computed on
the test split. Table 5 shows the statistics of the
dataset used.
The included sources are:

e nvidia/Aegis-AI-Content-
Safety-Dataset-2.0 (Ghosh et al.,
2025)

e allenai/wildjailbreak-r1-v2-format-
filtered (Jiang et al., 2024)

e PKU-Alignment/BeaverTails (Ji et al.,
2023)

e Imsys/toxic-chat (Lin et al., 2023)

3https ://huggingface.co/datasets/agentlans/
prompt-safety-classification

Label N_total avg chars avg_tokens
Safe 31,747 171.8 28.7
Harmful 25,899 179.7 30.9

Table 5: Safety CSV datasets used for early-exit pre-
diction experiments. avg_tokens is a whitespace-token

proxy.

B Notation and Formula Reference

B.1 Core equations

Let f5 have L layer blocks. For input z, let h(9) ()
be the hidden state after layer ¢ and let ¢* denote the
decision-token position (default: last valid token).
The layer-wise vocab-space logits are

29 (z) = LMHead (h@ (m)t*> eRVl. (1)
Layer-wise transition vectors. The adjacent-
layer logit update (our basic trajectory signal) is

AEED () = 2D () - 2O (2) e RV, (12)
More generally, for any layer pair (3, j),
A=) () = 20 (2) — 20 (z).  (13)

Dataset-level centroid and its coherence. For
transition ¢ = ¢ — ¢+ 1, define the dataset centroid
direction

¢ = By [A(” (a:)] , (14)

and the per-sample alignment to this representative
direction

Agr,(z) = COS(A(t)(x), ct> . (15)

The centroid coherence E,.p[Agr,(z)] yields a
depth-wise consistency curve.

Layer xLayer span aggregation. For a span
(i,7) with 0 < i < j < L — 1, define the length-
normalized mean update over the span

. 1 izl
(i—J) — (—20+1)
A9 () j_i;A (x), (16)
and its dataset-level centroid
Ciy = Eonp [A ()] (17)

We map each C; ; to scalars for visualization:
mag _ L
Hi,j = [|Ci4l,
COs
Hi,j = COS(Ci’j, CO,L—l) .

(18)
(19)

17812


https://huggingface.co/datasets/agentlans/prompt-safety-classification
https://huggingface.co/datasets/agentlans/prompt-safety-classification

Token vocabulary (optional). For efficiency, we

may restrict logits to an tokenset A C V: sz) (x) €

RI4l and Ag) (z) = z(')(a:) differences. All quan-
tities above (¢;, Agr,, C; ;, H™*&, H®) are com-
puted identically in the vocab space.

B.2 Notation table

Table 6 shows the total notation described on the
paper.

C Computational Cost and Information
Loss (Logit-Space, Vector-Op Cost
Model)

We compare four aggregation baselines—KL diver-
gence, cosine similarity, end-to-end delta (Aenq),
and our method(A)—under a simplified, logit-
space computational model. The goal is to quantify
(i) the per-sample metric cost, (ii) the additional
aggregation cost when averaging over a dataset of
N = 10,000 examples, (iii) the total cost, and (iv)
the information loss induced by aggregation.

Setup. Let L denote the number of layers and
V' the vocabulary size. For each example, we as-
sume access to per-layer logits {z(e)}é;:1 where
z() € RY. We explicitly exclude the cost of gen-
erating logits (e.g., forward pass and projection
to vocabulary); we only count subsequent vector
operations performed on logits.

Vector-operation cost model. Any length-V vec-
tor operation (e.g., elementwise multiply, elemen-
twise add/subtract, reduction/sum over V, dot-
product over V') is counted as one unit cost. Scalar
operations are negligible in comparison and are not
separately modeled. Aggregation is performed as
a running sum over examples followed by a single
division to obtain the mean.

Definitions of compared metrics. We use layer-
wise metrics indexed by £ and then average across
the dataset:

* KL divergence: computed per layer (layer-
wise comparison), with an effective cost of 4
vector-ops per layer.

* Cosine similarity: computed per layer, with
an effective cost of 2 vector-ops per layer.

e Aend: single end-to-end difference between fi-
nal and initial logits, z(L) — z(l), cost 1 vector-
op per example.

* Our method: per-layer aggregation of logits
using one vector-sum per layer (i.e., main-
taining the mean logits at each layer), cost 1
vector-op per layer.

Instantiated values (L. = 32, N = 10,000).
Substituting L = 32 and N = 10,000 into Table 7
yields:

» KL divergence: per-sample 4L = 128, aggre-
gation NL 4+ L = 320,032, total 1,600,032.

* Cosine similarity: per-sample 2L = 64, ag-
gregation 320,032, total 960,032.

o Agpg: per-sample 1, aggregation N + 1 =
10,001, total 20,001.

* Our method: per-sample L = 32, aggregation
320,032, total 640,032.

D Experimental Results

D.1 Total Within-Between Analysis

Figure 8, 9 and Figure 10 compare centroid simi-
larity measured (i) within the same condition under
different random seeds/sampling (within) and (ii)
between different conditions (between).

D.2 Total Coherence Curves

Figure 12, 13 shows the coherence curves and
comparison with the baseline, KL-divergence and
cosine similarity.

D.3 Task-wise Layer x Layer Visualization

Computing the same heatmaps over language/task
subsets further reveals condition-specific structure
(Figures 14-17): some conditions reach strong
alignment earlier, whereas others only form and
stabilize later in depth. We report H“*® for BERT-
base-multilingual-cased, T5-large, Qwen2.5-7B,
Qwen2.5-72B, Llama-3.1-8B, and Llama-3.3-70B.
Thus, Logit-Trajectory Maps enable one-shot com-
parisons of where updates concentrate and when
convergence emerges across data conditions, going
beyond single-example explanations.

Visually, the heatmap shapes are similar accord-
ing to linguistic similarity (e.g., geographic prox-
imity or grammatical relatedness). For example,
Korean exhibits a trajectory pattern with late-layer
variation that is similar to Hindi, whereas its pattern
differs from Spanish, which shows little variation
in later layers.
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Figure 8: Within- vs. between-condition centroid similarity for the <3B encoder and decoder model (with statistical
significance). We excluded A.,,4 because it does not provide a layer-depth—wise distribution. Within-condition
similarity remains high across seeds/sampling, while between-condition separation is strongest when preserving
directional trajectories.
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Figure 9: Within- vs. between-condition centroid similarity for the 7B-8B model (with statistical significance). We
excluded A.,,4 because it does not provide a layer-depth-wise distribution. Within-condition similarity remains high
across seeds/sampling, while between-condition separation is strongest when preserving directional trajectories.
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Figure 10: Within- vs. between-condition centroid similarity for the >70B model (with significance tests). We
excluded A.,4 because it does not provide a layer-depth—wise distribution. Directional-trajectory similarity is
weaker in both cases, consistent with higher trajectory diversity in larger models.
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Symbol Type / Shape Meaning

fo model Transformer language model with parameters 6.

L integer Number of layer blocks.

T sequence Input token sequence.

%4 set Vocabulary; |V| is vocabulary size.

A set Token vocabulary subset.

¢ index Layer index.

i, indices Span boundaries over layers (¢ < 7).

t* index Decision token position (default: last valid token).
y* index Target token id at t* (e.g., rotated next-token label).
h® (z) tensor Hidden representation at layer £ for input x.

29 (z) RV Layer-£ logits (at position ¢*).

2 (z) R4l Token-restricted logits on A (optional).

AU=EHD () RV Vector logit delta between adjacent layers.

ce R!VI Transition centroid: E, [A¢~4D (2)].

Agr,(x) scalar Coherence: cos(AY=D (1), ¢p).

D dataset Full dataset (or evaluation set).

D’ subset Subset of D (language/label/safety stratification).
MO (2) scalar Target logit: 29 ().

DY (z) scalar Relative delta over layers.

€ scalar Small constant for numerical stability.

G(x) REXE Span-grid (upper-triangular).

Gi,j(x) scalar Mean-reduced span score over D) (z) for £ € [i, j].
C REXE Span centroid heatmap: C; ; = E,[G; ;(x)].

Var REXE Span dispersion heatmap: Var; ; = Var, (G ;(x)).

Table 6: Notation used in Logit-Trajectory Map and the standard span-grid feature pipeline.

Method Per-sample ops  Aggregation ops Total ops Information loss (dims)
KL divergence 4L NL+L N(4L)+ (NL+ L) LV -L

Cosine similarity 2L NL+ L N@2L)+ (NL+1L) LV -L

Aend 1 N+1 N+ (N+1) LV -V =(L-1)V
Our method L NL+ L NL+ (NL+1L) LV —LV ~0

Table 7: Computational cost and information loss under the logit-space vector-operation model. L is the number of
layers, V' the vocabulary size, and N the dataset size. Logit generation cost is excluded; only vector operations on
logits are counted. Aggregation computes dataset means via running sums and a final division.

D.4 Safety Pre-filter

Figure 11 reports training performance across
decoder-based models of different sizes. Across all
models, performance as a function of layer depth is
highest when using our Logit-Trajectory features.
We report AUC/F1 over three different random
seeds (Table 8).

D.5 Stress tests: when do directional
signatures weaken?

Finally, we run negative-control randomizations
(dimension permutation and random sign flips) to
verify that the observed centroid coherence is not a
trivial artifact of the pipeline.

Negative-control randomization (sanity check).
To test whether directional coherence reflects non-
trivial structure, we apply two randomizations to

the per-transition vectors A;(x) and re-evaluate
coherence w.r.t. the original centroids {c; }: (1) di-
mension permutation, which shuffies the vocabu-
lary dimensions of A.(z), and (2) random sign
Aips, which multiplies each A;(z) by a random
+1. Table 11 shows that coherence drops substan-
tially under dimension permutation and collapses
to nearly zero under sign flips. This confirms that
the directional signature is not explained by update
magnitude alone, but relies on coherent directional
alignment across samples and transitions.
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model AUCA AUCKL AUCCOS ‘ Fla Flgkr Flcos

Llama-3.2-3B-Instruct 0.779 £0.008 0.670 £0.022 0.703 £0.018 | 0.720 £0.012 0.547 £0.136  0.664 + 0.019
Llama-3.1-8B-Instruc 0.824 +0.005 0.691 £0.007 0.706 £0.017 | 0.765 +0.008 0.616 +0.031 0.680 +0.019
Llama-3.3-70B-Instruct  0.874 £ 0.014 0.761 £0.013  0.770 +£0.008 | 0.803 +0.013 0.516 £0.139  0.702 £ 0.021
Qwen2.5-3B-Instruct 0.824 £0.014 0.745+£0.012 0.755+0.025 | 0.765 +0.009 0.686 £0.007 0.688 +0.029
Qwen2.5-7B-Instruct 0.798 £0.029 0.734+£0.022 0.698 £0.009 | 0.726 +£0.033 0.674 £0.027 0.623 + 0.059
Qwen2.5-72B-Instruct 0.868 £ 0.018 0.774+£0.035 0.773+0.012 | 0.804 +0.008 0.708 £0.037 0.679 £ 0.012

Table 8: Prediction performance across early-transition budgets k (mean =+ std over seeds). Bold shows the best
performance of each model. A denotes the Logit-Trajectory, K L denotes KL-divergence, and cos denotes cosine
similarity. For larger models, Logit-Trajectory appears more fine-grained, showing a trend of increasing performance.
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Figure 11: Early-exit prediction vs. the number of early transitions k (using only the first k). We compare Logit-
Trajectory features to KL-divergence and cosine similarity features with the same classifier; higher AUC/F1 at
smaller k indicates earlier decision formation.
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Figure 12: Transition-wise coherence on Qwen2.5-(3B, 7B, 72B)-Instruct on English dialogue task. For each
transition ¢, we compute cos(A¥)(z), ¢;) with ¢, = E,[A®)(x)], and report the mean with confidence intervals.
Higher values indicate more consistent update directions across samples.

Model Qwen2.5-3B-Instruct  Llama-3.2-3B-Instruct Model  Qwen2.5-7B-Instruct  Llama-3.1-8B-Instruct
orig 0.5780 0.5931 orig 0.8062 0.6417
perm 0.0656 0.1980 perm 0.4088 0.0722
flip -0.0010 -0.0024 flip 0.0030 0.0019
Operm 0.5124 0.3951 Sperm 0.3974 0.5696
Otlip 0.5790 0.5955 O flip 0.8031 0.6398

Table 9: Sanity randomization stress test for centroid
coherence on dialogue task (3B models). We report the
centroid coherence averaged over transitions. orig is
computed on the original A, perm permutes vocabu-
lary dimensions of A, and flip applies random +1 sign
flips. dperm/d f1sp report the drop relative to orig. A large
drop under randomization indicates that the observed
coherence reflects a non-trivial centroid rather than a
degenerate artifact.

Table 10: Sanity randomization stress test for centroid
coherence on dialogue task (7-8B models). We report
the centroid coherence averaged over transitions. orig
is computed on the original A, perm permutes vocabu-
lary dimensions of A, and flip applies random +1 sign
flips. 6perm/d f15p report the drop relative to orig. A large
drop under randomization indicates that the observed
coherence reflects a non-trivial centroid rather than a
degenerate artifact.
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Figure 13: Transition-wise coherence on Llama-(3.2-3B, 3.1-8B, 3.3-70B)-Instruct on English dialogue task. For
each transition ¢, we compute cos(A®)(z),¢;) with ¢, = E,[A®(2)], and report the mean with confidence

intervals. Higher values indicate more consistent update directions across samples.

Model Qwen2.5-72B-Instruct  Llama-3.3-70B-Instruct
orig 0.6677 0.5931
perm 0.3638 0.1980
flip 0.0009 -0.0024
Operm 0.3039 0.3951
Oflip 0.6668 0.5955

Table 11: Sanity randomization stress test for centroid
coherence on dialogue task (>70B models). We report
the centroid coherence averaged over transitions. orig
is computed on the original A, perm permutes vocabu-
lary dimensions of A, and flip applies random +1 sign
flips. dperm/d f1sp report the drop relative to orig. A large
drop under randomization indicates that the observed
coherence reflects a non-trivial centroid rather than a
degenerate artifact.
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Figure 14: Heatmap multiples across language and task conditions on BERT-base-cased. The languages include
Japanese (JP), Korean (KR), Hindi (HI), German (GE), English (EN), and Spanish (SP), and are sorted by linguistic
similarity. The tasks include Paraphrase Identification (PI), Event Linking (EL), Question Answering (QA), Dialogue
(DI), and Summarization (SUM), and are sorted in ascending order of output length.
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Figure 15: Heatmap multiples across language and task conditions on BERT-base-multilingual-cased. The languages
include Japanese (JP), Korean (KR), Hindi (HI), German (GE), English (EN), and Spanish (SP), and are sorted
by linguistic similarity. The tasks include Paraphrase Identification (PI), Event Linking (EL), Question Answering
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Figure 16: Heatmap multiples across language and task conditions on Qwen2.5-72B-Instruct. The languages include
Japanese (JP), Korean (KR), Hindi (HI), German (GE), English (EN), and Spanish (SP), and are sorted by linguistic
similarity. The tasks include Paraphrase Identification (PI), Event Linking (EL), Question Answering (QA), Dialogue
(DI), and Summarization (SUM), and are sorted in ascending order of output length.
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Figure 17: Heatmap multiples across language and task conditions on Llama-3.3-70B-Instruct. The languages
include Japanese (JP), Korean (KR), Hindi (HI), German (GE), English (EN), and Spanish (SP), and are sorted
by linguistic similarity. The tasks include Paraphrase Identification (PI), Event Linking (EL), Question Answering
(QA), Dialogue (DI), and Summarization (SUM), and are sorted in ascending order of output length.
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