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Abstract

Latent reasoning models compress chain-of-
thought into hidden states, but whether these
representations retain usable self-knowledge
about correctness remains unclear. We study
two compression-based paradigms, Latent-
SFT and CoLaR, and find a sharp distinc-
tion between problem-level and trajectory-
level self-knowledge. A lightweight attention
probe predicts which problems the model will
solve (AUC 0.805/0.853) and transfers across
datasets and compression ratios, yet cannot
reliably rank rollouts of the same problem;
distribution-matched retraining does not re-
cover this signal. This distinction maps di-
rectly to downstream use: selective prediction
improves accuracy by 20-25pp at 50% cover-
age, and adaptive routing outperforms either
solver while reducing token cost, whereas la-
tent best-of-N yields negligible gains despite
available oracle headroom. The problem-level
signal also persists on a 7B math checkpoint
but vanishes on StrategyQA. These results iden-
tify an algorithm—paradigm boundary for ex-
ploiting self-knowledge in latent reasoning.
Code is available at https://github.com/
Arthas777/1latent-probe.

1 Introduction

Latent reasoning models compress explicit chain-
of-thought (Wei et al., 2022) into sequences of
hidden states, reducing inference cost while pre-
serving reasoning capability (Hao et al., 2024;
Tan et al., 2025; Deng et al., 2025; Goyal et al.,
2024). Do these compressed representations re-
tain self-knowledge, internal signals of whether
the model’s reasoning is likely to be correct? Du
et al. (2026) answer affirmatively for Huginn-3.5B
(Geiping et al., 2025), a recurrent latent model
with stochastic initialization, where a trained clas-
sifier enables best-of-N selection over rollouts and
gains +5.9pp on GSM8K. Huginn’s architecture,
however, differs fundamentally from compression-

based paradigms that deterministically compress
explicit reasoning into shorter latent sequences
(Deng et al., 2024). Whether such paradigms also
encode exploitable self-knowledge, and whether
the same algorithmic approach applies, remains
open.

We study two compression-based paradigms:
Latent-SFT (Deng et al., 2025), which represents
latent reasoning as vocab-space soft tokens at a
fixed compression ratio, and CoLaR (Tan et al.,
2025), which uses continuous hidden states with
dynamic termination. On both, the signal exists
but is mechanistically different from prior work.
A lightweight attention probe reaches AUC 0.805
on Latent-SFT and 0.853 on CoLaR, with the
same architecture working across both paradigms
and zero-shot transfer across datasets and com-
pression ratios (GSM8k—SVAMP). Crucially, the
signal is problem-level, not trajectory-level: the
probe discriminates which problems the model will
solve, with pooled AUC ranging from 0.755 to
0.975 across configurations, but cannot rank roll-
outs of the same problem, where within-problem
AUC stays between 0.510 and 0.680. Distribution-
matched retraining on stochastic rollouts does not
recover trajectory-level discrimination.

This dichotomy predicts which downstream
applications succeed and which fail (Figure 3).
Problem-level decisions work: selective prediction
at 50% coverage improves accuracy by 20-25pp,
and adaptive routing between latent and explicit
CoT reaches 52.5% accuracy while saving 38% of
tokens, exceeding both pure solvers. Trajectory-
level decisions do not: reproducing LTO’s best-of-
N algorithm (Du et al., 2026) on our paradigms
yields at most +0.3pp, even though oracle ceilings
of +3.8-10.2pp show that better rollouts exist. The
same architecture generalizes to a 7B checkpoint
from a different model family: the problem-level
signal persists on two math benchmarks but falls
to chance on a commonsense domain. Together
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with LTO’s positive result on Huginn, these ob-
servations delineate a paradigm-conditional via-
bility boundary: whether latent self-knowledge is
practically exploitable depends on the algorithm—
paradigm pairing rather than signal strength alone,
and problem-level applications generalize more
broadly across compression-based systems.

2 Related Work

Latent reasoning and test-time compute.
Chain-of-thought prompting (Wei et al., 2022) and
self-consistency (Wang et al., 2023) established
that explicit intermediate reasoning improves LLM
performance, motivating latent alternatives that
preserve quality at reduced token cost. Several
paradigms compress explicit CoT into latent
representations: Coconut (Hao et al., 2024) uses
hidden states as latent tokens, CoLaR (Tan et al.,
2025) applies dynamic compression with KL-
aligned distribution matching, Latent-SFT (Deng
et al., 2025) distills reasoning into vocab-space
superposition tokens at a fixed ratio, and pause
tokens (Goyal et al., 2024) add latent computation
before generation. Huginn-3.5B (Geiping et al.,
2025) takes a different route, coupling recurrent
depth with stochastic initialization, building on
adaptive computation (Graves, 2016; Dehghani
et al.,, 2019). Concurrent analyses include
causal studies of continuous thought (Zhang
et al., 2025b) and depth-accuracy failure modes
(Sahoo et al., 2026). Prior work focuses on the
accuracy—efficiency tradeoff; our interest is what
these models internally “know” about their own
reasoning quality.

Confidence estimation and hidden-state prob-
ing. Selective prediction (El-Yaniv and Wiener,
2010; Geifman and El-Yaniv, 2017) requires reli-
able confidence scores, yet last-token probabilities
are poorly calibrated on reasoning tasks (Kadavath
et al., 2022; Guo et al., 2017). Hidden-state prob-
ing (Conneau et al., 2018; Belinkov, 2022) has
been applied to factual knowledge (Burns et al.,
2023), truthfulness (Azaria and Mitchell, 2023),
and representation structure (Zou et al., 2023). Re-
cent work probes explicit reasoning models: Zhang
et al. (2025a) show that DeepSeek-R1 hidden states
encode correctness signals usable for early exit,
LYNX (Akgul et al., 2025) applies conformal pre-
diction to the same end, and ReProbe (Ni et al.,
2025) trains a probe for best-of-N selection over ex-
plicit traces. Our work targets compression-based

latent reasoning, which is architecturally distinct:
explicit cue tokens are absent, and standard token-
level confidence is either unreliable, as in Latent-
SFT, or undefined, as in CoLaR.

Routing, adaptive computation, and LTO.
Adaptive computation (Graves, 2016; Schuster
et al., 2022; Raposo et al., 2024) allocates com-
putation at the token level within a single forward
pass, while model routing (Chen et al., 2023; Ong
et al., 2024) directs inputs to different models based
on predicted difficulty. Our setting differs from
both: we route between reasoning strategies of the
same base model at the problem level, exploiting
solver complementarity. Most closely related is
LTO (Du et al., 2026), which trains a classifier on
Huginn-3.5B’s latent thoughts for best-of-N tra-
jectory selection, relying on inter-rollout diversity
from stochastic initialization. We reproduce LTO’s
algorithm on compression-based paradigms, show
that it fails there (§7), and propose routing and
selective prediction as alternatives matched to the
problem-level signal structure. Inference-time in-
terventions on discrete-CoT models, such as Soft
Thinking (Zhang et al., 2025¢), SwiReasoning (Shi
et al., 2026), and LaTER (Li et al., 2026), oper-
ate intra-trajectory via soft embeddings or entropy-
based mode switching; they are complementary to
our problem-level analysis of compression-trained
latent paradigms.

3 Experimental Setup

Latent reasoning paradigms. We study two
compression-based paradigms built on Llama-3.2-
1B-Instruct (Team, 2024). Latent-SFT (Deng
et al., 2025) compresses explicit CoT into vocab-
space soft tokens at a fixed compression ratio 7;
we use r=2 and r=4. CoLaR (Tan et al., 2025)
produces continuous hidden states with dynamic
termination governed by a compression factor c=5.
These two paradigms cover the dominant represen-
tational classes for compression-based latent rea-
soning; Table 1 summarizes their trajectory lengths
and accuracies. For scale and family generaliza-
tion we additionally evaluate a 7B checkpoint from
a different family, Qwen2.5-Math-7B-Latent-SFT
(Yang et al., 2024; Deng et al., 2025), using the
same probe architecture (§5).

Datasets. Our primary evaluation uses GSM8k-
Aug, derived from GSM8K (Cobbe et al., 2021),
with SVAMP (Patel et al., 2021) as the arithmetic

25077



Attention Probe

@—»

¥

P —
<
X Latent
Math  |=p Reasoning P
Problem Model
(Prompt) (Compression-

based Paradigm)

Confidence Score

> 9

Fast & Cheap
(Latent Solved)

> Explicit CoT Q
Ok (Slow & Costly)
Low Conf.

High Conf.

-

Bl
Hidden States

Figure 1: Overview of our approach. A lightweight attention probe extracts a confidence score from the hidden-state
trajectory of a compression-based latent reasoning model. A router uses this score to select fast latent inference
when confidence is high and explicit chain-of-thought when confidence is low, improving accuracy while reducing

token cost.

cross-dataset transfer testbed. The 7B evaluation
adds MATH-500 (Lightman et al., 2023) and Strat-
egyQA (Geva et al., 2021). All reported AUC
values measure binary classification of correct vs.
incorrect model outputs.

Probe architecture. We train an AttentionCon-
fidenceHead: a lightweight attention-pooling mod-
ule over the latent trajectory followed by an
MLP classifier, following the probing method-
ology of prior work (Conneau et al., 2018; Be-
linkov, 2022). The probe takes the last-layer hid-
den states {hy, ..., hy} and outputs a scalar con-
fidence score. Training uses binary cross-entropy
on correctness labels under nested cross-validation
(§5), with all CV splits at the problem level so that
no problem appears in both train and test folds.

Key metrics. Pooled AUC measures cross-
problem discrimination over all problems. Within-
problem AUC averages per-problem AUC over
rollouts and measures trajectory-level discrimina-
tion; it is computed over problems containing at
least one correct and one incorrect rollout, for
which per-problem AUC is defined (3—20% of prob-
lems, depending on configuration). Oracle utiliza-
tion is the LTO gain divided by the oracle best-of-N
gain.

Unless otherwise noted, all reported probe AUCs
use 5-fold nested cross-validation at the problem
level on GSM8k-Aug (N=1319), with mean+std
over independent CV seeds.

Paradigm Representation T (mean) Acc.
Latent-SFT(2) Vocab softmax 12.9 50.0%
Latent-SFT(4) Vocab softmax 7.6 45.0%
CoLaR (c=5)  Continuous R?%48 58 28.1%

Table 1: Latent reasoning paradigms studied. All share
the Llama-3.2-1B-Instruct backbone. Representation
indicates the form of latent states: vocab-space soft
tokens for Latent-SFT, continuous hidden vectors for
CoLaR. T is the mean trajectory length in latent steps.

4 The Signal Exists But Not Where Naive
Methods Look

We motivate the trained probe in two steps: hand-
crafted scalar signals, while informative, are not
robust across paradigms (§4.1), and a single closed-
form normalization partially resolves this instabil-
ity while leaving a substantial gap that only learned
representations can close (§4.2).

4.1 Hand-Crafted Signals Exist But Are Not
Robust

Length direction is paradigm-dependent; raw
entropy is length-confounded. Trajectory
length 1" carries strong correctness signal, but its
direction reverses across paradigms (Figure 2).
CoLaR’s dynamic termination yields short 7" for
correct solutions, with AUC 0.750, while Latent-
SFT’s fixed compression shows the opposite
direction, with AUC 0.331-0.346. A length-based
classifier trained on one paradigm therefore
anti-predicts on the other. Raw spectral entropy,
a natural paradigm-agnostic candidate, correlates
inversely with correctness (AUC 0.356-0.409)
because of a Simpson’s paradox: incorrect samples

25078



cluster at high 7', mechanically inflating entropy.
Length is the primary confound, with p=—0.386
to correctness, and any robust scalar must account
for it.

Figure 2: Spectral feature distributions by correct-
ness on CoLaR (GSMS8k test, N=1319, Llama-3.2-1B).
Bottom-right: Length vs. Entropy scatter colored by
correctness.

4.2 LENS: A Closed-Form Cross-Paradigm
Baseline

The diagnosis above identifies two problems:
length direction reverses across paradigms, and
raw entropy is confounded by length. We resolve
both with a single normalization, defining LENS
(Length-normalized ENtropy of Singular values):

LENS(x) H (singular values of [av;. . . ; ozT])’
logT

(1

where [aq;...;ar] € RT*d is the matrix of latent

hidden states along the trajectory for input x, H (-)
is the Shannon entropy of the normalized singular
value distribution, and 7" is the trajectory length.

Dividing by log T" removes the length confound
from entropy and absorbs the paradigm-dependent
length direction. After normalization, higher
per-step representational diversity consistently in-
dicates correctness, regardless of whether the
paradigm produces short-correct or long-correct tra-
jectories, and the correlation turns positive across
all three settings (Table 7, Appendix B).

LENS achieves AUC >0.70 everywhere, rang-
ing from 0.702 to 0.754, making it the strongest
closed-form scalar baseline we evaluated. Yet the
partial correlation of LENS with correctness given
length remains modest, at 0.125-0.307, indicating
that LENS captures only part of the available sig-
nal. The remaining gap motivates learning directly
from the hidden-state sequence (§5), where atten-

tion over the full trajectory can exploit structure
inaccessible to any single scalar.

5 Trained Probe: Method, Performance,
and Transfer

We establish three properties of the trained probe:
it substantially exceeds closed-form and feature-
engineering baselines on both paradigms (§5.1), it
transfers zero-shot across datasets and compression
ratios, applies without architectural modification
across paradigms, and remains effective on a larger
model family (§5.2), and the signal it captures is
not answer-encoding, exceeds prompt-derived diffi-
culty, and concentrates near the trajectory endpoint

(85.2).

5.1 Architecture and Main Results

Architecture. The AttentionConfidenceHead ap-
plies self-attention over the 7' trajectory steps,
pools the result, and passes it through a two-layer
MLP that outputs a scalar confidence score. At-
tention pooling handles variable-length trajecto-
ries naturally. Training minimizes binary cross-
entropy on correctness labels over 1,319 labeled
trajectories from GSM8k-Aug, using 5-fold nested
cross-validation at the problem level. The head
has roughly 0.4M parameters on the 1B backbone;
details are in Appendix A.

Setting LENS Probe A
LSFT GSM8k 0.713  0.805+£0.011 +0.092
CoLaR GSM8k  0.650  0.853+0.004 +0.203

Table 2: Main probe results on GSM8k-Aug, comparing
the trained AttentionConfidenceHead against LENS, a
parameter-free closed-form baseline given by spectral
entropy normalized by trajectory length. Seeds: 6 runs
for Latent-SFT, 4 for CoLaR.

Main results. The trained probe reaches AUC
0.805 on Latent-SFT and 0.853 on CoLaR, well
above the LENS baseline (Table 2). The asymmet-
ric improvement, +0.092 versus +0.203, reflects a
representational difference: Latent-SFT’s vocab-
space simplex is already well captured by hand-
crafted entropy features, whereas CoLaR’s contin-
uous hidden states contain richer learnable struc-
ture that scalar statistics cannot reach. Standard
token-level confidence (last-token argmax, verbal-
ized elicitation) and feature-engineering baselines
all underperform substantially; the full comparison
is in Appendix C.
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A sampling-based baseline gives a further point
of reference. Over 8 rollouts per problem, the
fraction of rollouts agreeing with the majority an-
swer predicts whether the majority-vote answer
is correct at AUC 0.786. This targets majority-
vote correctness rather than per-rollout correctness,
S0 we treat it as a comparison point rather than a
matched contrast to the probe’s per-rollout AUC; it
shows that the problem-level signal is also reach-
able through repeated sampling, at roughly 8 x the
forward passes of the single-pass probe.

Why attention? Sequence-aware processing is
critical. A pointwise MLP that processes each step
independently barely exceeds LENS, by +0.007 on
Latent-SFT and +0.096 on CoLaR, while attention
across trajectory steps provides the dominant im-
provement (Table 8, Appendix B). Attention there-
fore captures information distributed across trajec-
tory steps that is missed by pointwise statistics.

5.2 Generalization and Signal
Characterization

Cross-dataset transfer. The probe trained on
GSMBSk transfers zero-shot to SVAMP, reaching
AUC 0.810 on Latent-SFT and 0.785 on CoLaR.
The LENS baseline reaches 0.478 and 0.646 on the
same transfer. Both datasets are arithmetic, so we
treat this as cross-dataset transfer within a domain
rather than cross-domain generalization.

Cross-paradigm and cross-compression-ratio.
The architecture transfers across paradigms, while
probe weights transfer across compression ratios.
The probe trained on Latent-SFT(r=4) is applied
zero-shot to Latent-SFT(r=2) for routing (§6.2)
with no retraining, validating cross-r weight trans-
fer. On CoLaR the same head applies without ar-
chitectural modification but is trained under the
identical protocol rather than weight-transferred,
so paradigm transfer here is architectural.

Scale and domain generalization. To test
whether the problem-level signal depends on the
1B backbone, we apply the same probe architec-
ture to Qwen2.5-Math-7B-Latent-SFT (Yang et al.,
2024; Deng et al., 2025), a 7B checkpoint from a
different model family, under the same nested-CV
protocol (Table 3). On the two math benchmarks
the signal is decodable, with pooled AUC 0.701
on GSM8k-Aug and 0.636 on MATH-500; both
are above chance and mutually consistent, though
weaker than the 1B results. Because base accu-

racy is high, selective prediction is correspondingly
strong, reaching 94.9% and 79.1% at 50% cover-
age. On the commonsense benchmark StrategyQA
the signal is absent, with pooled AUC 0.506 and
no selective-prediction gain.

Benchmark Domain Base acc.  Pooled AUC Selective@50

GSMB8k-Aug Arithmetic 88.3% 0.701+0.018  94.9% (+6.6pp)
MATH-500 Competition math 71.4% 0.636+0.027  79.1% (+7.7pp)
StrategyQA Commonsense 58.2% 0.506+0.010  58.3% (4-0.0pp)

Table 3: Problem-level probe on Qwen2.5-Math-7B-
Latent-SFT, 6-seed 5-fold nested CV. The signal is de-
codable on math and absent on a commonsense domain.
Selective @50 reports accuracy on the top-50% most
confident problems under the probe.

Not answer encoding. A natural concern is that
the probe implicitly decodes the answer (Belinkov,
2022). An answer-prediction probe on the same
last-step hidden state reaches only 25.8% token-
level top-1 accuracy on Latent-SFT and 10.2% on
CoLaR, with numeric exact match at 0.0% on both.
The model thus “knows when it is right” without
exposing “what is right” in a directly readable form.

Beyond prompt-derived difficulty. A prompt-
only MLP probe, reading the last hidden state
before latent generation, achieves AUC 0.769 on
Latent-SFT and 0.728 on CoLaR. The latent trajec-
tory contributes +0.036 and +0.125 of AUC above
this prompt-derived difficulty, with paired boot-
strap 95% Cls excluding zero. The downstream
gap is larger: prompt-only routing gains +0.5pp
over pure CoT, versus +2.0pp for the full-trajectory
probe (§6.2).

Endpoint dominance. Both paradigms concen-
trate signal near the trajectory endpoint, though
with a mechanistic difference. On Latent-SFT,
the final step alone recovers about 98% of full-
trajectory AUC and masking it costs 0.107 AUC,
so the endpoint is load-bearing. On CoLaR, the
final step recovers about 95% of full-trajectory
AUC, but masking it costs only 0.009 AUC and
the last three steps already recover the full signal,
so CoLaR’s confidence is distributed across the fi-
nal steps rather than pinned to one state (Table 12,
Appendix F). Either way, the final representation
summarizes the reasoning outcome rather than the
step-by-step trajectory dynamics, foreshadowing
the problem-level nature analyzed in §7.
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Figure 3: The dichotomy of self-knowledge. Scenario 1: the probe assigns well-separated scores to different
problems, enabling routing. Scenario 2: rollouts of the same problem receive nearly identical scores regardless of

outcome, causing best-of-N to fail.

6 Problem-Level Applications

The problem-level nature of the signal predicts
which applications succeed. We evaluate two: se-
lective prediction, which abstains on hard problems,
and adaptive routing, which chooses between rea-
soning strategies.

6.1 Selective Prediction

Selective prediction abstains on low-confidence
problems (El-Yaniv and Wiener, 2010; Geifman
and El-Yaniv, 2017, 2019; Madhusudhan et al.,
2024), and is the most direct application of a
problem-level signal. We evaluate at 50% coverage,
where the model answers only the top-50% most
confident problems.

Setting Al @50% A
LSFTGSMS8k  45.0% 69.7%  +24.7pp
LSFTSVAMP  55.6% 79.2%  +23.6pp
CoLaR GSM8k  28.1%  49.3%  +21.2pp
CoLaR SVAMP  47.2%  67.6%  +20.4pp

Table 4: Selective prediction at 50% coverage. Al1: ac-
curacy on the full test set without abstention. @50%: ac-
curacy on the top-50% most confident problems ranked
by the probe.

Selective prediction improves accuracy by 20—
25pp across all four settings with striking consis-
tency (Table 4), from +20.4pp on CoLaR SVAMP,

the hardest cross-dataset setting, to +24.7pp on in-
distribution Latent-SFT GSM8k. The uniformity
is a direct consequence of the signal’s nature: the
probe identifies which problems the model will
solve, regardless of paradigm or dataset.

Coverage—accuracy tradeoff. The ordering ex-
tends smoothly across operating points. On Latent-
SFT GSMB&Kk, accuracy reaches 80.1% at 30% cov-
erage and remains +14.3pp above the no-abstention
baseline even at 70% coverage. The probe thus
flags a long tail of confidently wrong problems
rather than only extreme failures, making the ab-
stention budget tunable to deployment cost.

6.2 Adaptive Inference Routing

Setup. Adaptive routing between reasoning
strategies has been explored for cross-model set-
tings (Chen et al., 2023; Ong et al., 2024; Dekon-
inck et al., 2024); we apply it to intra-model strat-
egy selection. For each problem, we run latent
reasoning with Latent-SFT(2), obtain a confidence
score from the probe, and route: if the score ex-
ceeds threshold 7, we output the latent answer; oth-
erwise we fall back to CoT-SFT. The amortized cost
per problem is cost = Tjyent + W [conf < 7] - Teor,
summing the latent forward pass and any CoT fall-
back. The probe was trained on Latent-SFT(4)
and applied zero-shot to Latent-SFT(2), so rout-
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ing simultaneously tests cross-compression-ratio
transfer. The threshold is selected by 5-fold cross-
validation with an argmax-accuracy criterion.

T Latent % Acc. Tokens Saving
0.00 (pure latent) 100% 50.0% 12.9 84%
0.05 49% 52.8% 56.5 28%
0.10 37% 52.1% 65.4 17%
0.20 28% 51.1% 72.9 8%
1.00 (pure CoT) 0% 50.5% 78.8 0%
5-fold CV 59% 52.5+1.5% 49.1 38%

Table 5: Routing Pareto sweep on GSM8k-Aug. La-
tent% is the fraction of problems handled by latent rea-
soning; Tokens and Saving follow the cost definition in
§6.2. The bottom row is the deployable operating point,
with 7 selected by 5-fold CV (mean=std across folds).

Main results. Table 5 and Figure 4 present the
routing Pareto frontier. At the CV-selected op-
erating point, routing reaches 52.5% accuracy
while saving 38% of tokens, exceeding both pure
baselines. The full-test argmax optimum is only
0.7pp higher (53.2%), indicating small threshold-
selection regret; at this diagnostic point, where 7 is
chosen using test labels, the paired gain over pure
CoT is significant (McNemar p=0.008; 107 vs.
71 discordant problems; 95% CI [+0.7, +4.7]pp),
while the CV-selected point itself is not (95% CI
[—0.3, +3.9]pp). Among the routing baselines (Ap-
pendix C), the full-trajectory probe posts the largest
CV gain, ahead of multi-feature logistic regression
(+2.0pp vs. +1.4pp).

Mechanistic explanation: solver complementar-
ity. Routing exceeds both baselines because the
two solvers specialize. On the upper two-thirds of
confidence, latent reasoning outperforms CoT by
+3.9pp in each tertile; on the bottom third, CoT
wins by +9.1pp. The probe therefore identifies
each solver’s competence region. These bin-level
differences are descriptive rather than individually
significant, with only the low-confidence bin’s 95%
CI excluding zero; the aggregate gain rests on the
paired test above (Appendix F).

Cross-dataset and cross-paradigm validation.
Under double transfer, cross-dataset and cross-
compression-ratio, SVAMP routing reaches 64.0%,
matching pure CoT’s 63.9% while saving tokens,
and preserves Pareto dominance over random rout-
ing. On CoLaR, routing cannot beat CoT because
the latent solver is far weaker (28.1% vs. 50.5%),
so accuracy gains are precluded by the solver gap;
the probe’s paradigm invariance is instead anchored

on selective prediction, which improves CoLaR ac-
curacy by +21.2pp on GSM8k-Aug and +20.4pp
on SVAMP (Table 4).

53.5%

+2.7pp over CoT
% token saving

== Confidence routing
53.0% 4 —#- Random routing

52.5% 4
> 52.0%
o
e
5 51.5%
o

o
< 51.0% A

9% -
50.5% L L e R

50.0% 1 Pure Latent (50.0%)

49.5%
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Average tokens per problem

Figure 4: Routing Pareto frontier on Latent-SFT,
GSMS8k-Aug (N=1319, cross-r probe). The star is the
full-test-set argmax-accuracy operating point (7=0.03):
+2.7pp over pure CoT with 95% Cls [50.5, 56.0]% (ac-
curacy) and [34.7,40.7]pp (token saving); cost as in
§6.2. Solid: confidence routing across 7. Dashed: ran-
dom routing at latent probability f € {0,0.1,...,1.0}
(shaded £1 std over 20 seeds). Confidence routing
Pareto-dominates random.

7 Latent Best-of-N Is
Paradigm-Conditional

We now test directly whether the self-knowledge
signal supports trajectory-level selection, the set-
ting Du et al. (2026) demonstrated on Huginn-3.5B
and the analogue of best-of-N in explicit reasoning
(Wang et al., 2023; Cobbe et al., 2021; Lightman
et al., 2023).

7.1 LTO Best-of-N Reproduction

We reproduce LTO’s KL-regularized rejection sam-
pling on our paradigms, using our trained probe as
the reward model. For each problem we generate
N rollouts and select using the LTO criterion, with
inverse-temperature [ scanned over [0.001, 5.0]
and 200 repeated trials per setting.

LTO’s Algorithm 1 achieves <+0.3pp on every
compression-based configuration, despite oracle
ceilings of +3.8-10.2pp showing that better rollouts
exist (Table 6). On deterministic Latent-SFT(2), all
N=20 rollouts are identical, so there is no rollout
diversity to exploit and LTO returns the base accu-
racy unchanged. Even after injecting stochasticity,
the probe cannot rank rollouts, and oracle utiliza-
tion stays at 1.6-8.4%. Candidate diversity does ex-
ist: 3-20% of problems produce mixed outcomes at
N=8 rollouts/problem (20.1% Latent-SFT(r=2),
8.7% Latent-SFT(r=4), 3.0% CoLaR), so the fail-
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Method Paradigm Acc. A Oracle Util

Base LSFT(2) 500 — — —
LTO LSFT(2), det. 500 +0.0 00 —
LTO LSFT(2),e 50.1 +0.2 +102 1.6%
LTO LSFT(4),e 451 +03' +3.8 8.4%
LTO CoLaR, o 302 05 +53 —
LTO>  Huginn-3.5B 385 +59 —  —
Routing LSFT(2) 525 25 — @ —

Table 6: LTO best-of-N reproduction on GSM8k-Aug
(V=20 rollouts/problem). A is the gain over the single-
rollout base; Oracle is the gain of oracle-best-of-N mi-
nus the base; Util. is A/Oracle. 'Relative to the stochas-
tic base (44.8%; deterministic LSFT(4) base 45.0%).
2From Du et al. (2026) (oracle not reported); Huginn’s
within-problem behavior is inferred from their report,
not measured by us.

ure is specifically within-problem ranking rather
than absent diversity.

Weak trajectory selection also fails. Because
the upper end of the within-problem range, 0.68 on
Latent-SFT(r=4), is not obviously near chance, we
test whether weaker selectors can exploit it. On that
configuration, neither majority voting over 3 roll-
outs nor probe-based best-of-3 improves over the
44.8% greedy baseline, both landing within 0.5pp
of it, and even an oracle that selects any of 3 roll-
outs reaches only 46.6%. The available headroom
of +1.8pp is itself small, so the upper-end signal
does not support trajectory selection in practice
(full sweep over k € {3,5, 8} in Appendix D).

7.2 Intervention Test: The Signal Cannot Be
Retrained

We test whether retraining on stochastic rollouts
enables within-problem discrimination. Across five
magnitudes of latent-space perturbation on CoLaR,
with o € {1,...,10000}, the oracle ceiling rises
from +4.0pp to +11.5pp, confirming that diver-
sity can be created, while within-problem AUC
stays at 0.49-0.56. Distribution-matched retrain-
ing achieves pooled AUC 0.975, a near-perfect
cross-problem ranking, but within-problem AUC of
0.510, barely above chance (Figure 6, Appendix F).
Training thus cannot create trajectory-level signal
that the architecture does not encode; the problem-
level nature persists even when the training distribu-
tion matches the stochastic evaluation setting (Zou
et al., 2023).

7.3 Cross-Configuration Universality

Within-problem AUC stays in the range 0.510-
0.680 across all three configurations, spanning
two paradigms, three compression ratios r €
{2,4, ~5}, and trajectory lengths from 5.8 to 13.9
steps. In every case the range is insufficient for
best-of-N (Table 10, Appendix D).

7.4 The 2x2 Paradigm-Algorithm Boundary

The central diagnostic is the contrast between the
two signal levels. The probe decodes problem-
level difficulty, with pooled AUC ranging from
0.755 to 0.975 across configurations, but does not
differentiate rollouts of the same problem, where
within-problem AUC ranges from 0.510 to 0.680.
This yields a clear viability pattern. LTO’s best-of-
N succeeds on the recurrent Huginn (+5.9pp; Du
et al., 2026) but fails on compression paradigms
(<£+0.3pp), while our routing and selective predic-
tion succeed precisely because they operate at the
problem level. The Huginn comparison is indirect,
since its within-problem behavior is inferred from
LTO’s report rather than measured by us; the con-
founds of architecture, scale, and stochasticity are
discussed in the Limitations.

8 Discussion

Our findings suggest a design principle: best-of-N
(Snell et al., 2024; Tang et al., 2025) requires pre-
serving rollout-level variation, while problem-level
applications work with deterministic generation
and pooled classifiers; verifier-based test-time scal-
ing thus favors recurrent or stochastic architectures,
and cost-sensitive abstention favors compression
paradigms.

Why does compression erase trajectory-level sig-
nal? Objectives such as KL alignment and vocab-
space distillation force the trajectory to match the
expected output of explicit CoT, integrating over
trajectory-internal variation. The endpoint concen-
tration is the fingerprint: the final state encodes
whether the problem is solved, not which path was
taken. On Latent-SFT the endpoint is load-bearing,
on CoLaR the signal spreads across the final steps,
but the trajectory always collapses to an outcome
summary. Huginn’s stochastic initialization pre-
serves rollout-specific variation by design; the rel-
evant distinction is thus not deterministic versus
stochastic per se, but what variation the objective
retains.

These findings yield a cheap diagnostic for new
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latent paradigms: pooled and within-problem AUC
over a few stochastic rollouts predict application
viability without a full pipeline. High pooled with
low within-problem admits selective prediction and
routing but rules out best-of-N; high on both ad-
ditionally admits trajectory selection; low pooled
rules out all three. Self-knowledge is thus a struc-
tured property to be measured, not a scalar to be
optimized.

Beyond this dichotomy, routing shows latent rea-
soning is not simply a cheaper CoT: stratified by
confidence it outperforms CoT on the upper two-
thirds of problems but loses on the lowest third,
so quality is redistributed along difficulty rather
than uniformly preserved (Hao et al., 2024; Deng
et al., 2025; Tan et al., 2025). This complemen-
tarity lets routing exceed both pure solvers and
suggests the probe encodes solver-fit—which rea-
soning mode suits a problem—rather than raw dif-
ficulty. SwiReasoning (Shi et al., 2026) similarly
finds that purely latent decoding on discrete-CoT
models diffuses probability mass and benefits from
switching back to explicit reasoning.

The 7B results delimit where problem-level self-
knowledge is decodable: it persists, though weaker,
on a larger model from a different family on math,
and vanishes on a commonsense benchmark de-
spite the model’s commonsense accuracy not be-
ing low. A plausible explanation is that decodable
self-knowledge tracks competence in the model’s
trained reasoning modality. A clean test would re-
quire a latent model trained on non-arithmetic CoT,
which is not yet publicly available.

9 Conclusion

Compression-based latent reasoning retains de-
codable self-knowledge that is problem-level, not
trajectory-level: a trained probe achieves strong
pooled AUC while within-problem discrimina-
tion stays near chance, even under distribution-
matched retraining. This dichotomy predicts ap-
plication viability, selective prediction and adap-
tive routing succeeding where latent best-of-N fails.
The paradigm-conditional boundary suggests that
algorithm—paradigm pairing, not signal strength
alone, determines whether latent self-knowledge is
exploitable, and that problem-level methods gener-
alize more broadly across compression-based sys-
tems.

10 Limitations

We study two compression-based paradigms on a
single 1B backbone, mainly on arithmetic tasks;
broader architectures (Coconut, CCOT) and larger
scales remain untested. At 7B we measured only
problem-level prediction, so the within-problem
boundary is established only at 1B. The problem-
level signal is at chance on a commonsense domain,
so we do not claim generalization beyond math-
heavy domains. Huginn’s within-problem behav-
ior is inferred from LTO’s reported viability rather
than measured by us, so the 2x2 boundary con-
founds architecture, scale, and stochasticity with
paradigm class. Part of the probe signal reflects
prompt-derived difficulty (§5.2), though latent pro-
cessing contributes meaningfully. Routing gains
depend on solver complementarity and shrink when
one solver dominates. Finally, our decisions are
per-problem; within-problem dynamic switching
(Li et al., 2026) is complementary and outside our
scope.
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A Experimental Protocol

Probe architecture details. The AttentionConfi-
denceHead projects each trajectory step to a 128-
dimensional space, applies 4-head self-attention
over the T steps with a padding mask, adds a Lay-
erNorm, and mean-pools the attended states. A
learned embedding of the trajectory length T is
concatenated to the pooled representation, and a
two-layer MLP with a sigmoid outputs the scalar
confidence score. Total parameters are roughly

0.38M on the 1B backbone, where the input pro-
jection dominates; the 7B variant, whose input di-
mension is 3584 rather than 2048, scales to roughly
0.57M.

Training. Binary cross-entropy loss. Adam op-
timizer (Ir=1e-4, weight decay le-5). Batch size
64. Early stopping on validation AUC (patience
10). Training data: 1,319 trajectories from GSM8k-
Aug with binary correctness labels, using 5-fold
cross-validation at the problem level.

Nested cross-validation. Outer loop: 5 folds
stratified by correctness. Inner loop: 4/5 train, 1/5
validation for early stopping. The final AUC is
reported on the held-out outer fold. To quantify
run-to-run variance, we repeat the full nested CV
with different random seeds: 6 runs for Latent-SFT
and 4 for CoLaR on the 1B backbone, and 6 seeds
for each 7B setting.

7B evaluation. The 7B checkpoint is Qwen?2.5-
Math-7B-Latent-SFT, a math-specialized latent
model from a different family, run with the official
top-10 soft-token inference; we use a SymPy-based
answer grader for GSM8k-Aug and MATH-500
and exact yes/no matching for StrategyQA. Tra-
jectories are collected with generation budgets of
512 tokens for GSM8k-Aug and StrategyQA and
1024 for MATH-500, with truncation keeping the
last T steps; the probe uses full-length trajecto-
ries (max_7" matching the budget). Data sizes are
1,319, 500, and 1,603 problems for GSM8k-Aug,
MATH-500, and StrategyQA.

Data scope justification. We deliberately use
only the GSM8k-Aug test set (N=1,319) under
nested CV to keep probe evaluation unbiased and to
ensure no correctness labels from the model’s train-
ing distribution leak into probe training. While a
larger probe training set could raise absolute AUC,
the consistency across nested-CV folds (std 0.004—
0.011) indicates the signal is robust at this sample
size.

Compute. All experiments run on a single
NVIDIA A100 (80GB). Probe training takes about
5 minutes per fold, trajectory generation about 2
hours per paradigm on GSM8k-Aug, and the LTO
reproduction, with 200 repeats over 11 3 values,
about 1 hour.

Artifact licenses. GSMS8k (Cobbe et al., 2021)
and SVAMP (Patel et al., 2021) are released under
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the MIT License. Llama-3.2-1B-Instruct (Team,
2024) is released under the Llama 3.2 Community
License Agreement. The Latent-SFT (Deng et al.,
2025) and CoLaR (Tan et al., 2025) codebases are
publicly available for research use. Our use of all
artifacts is consistent with their intended research-
only purposes.

B Hand-Crafted Signals and Architecture
Ablation

Signal CoLaR LSFT(2) LSFT@4)
Raw Hpec 0.409 0.356 0.391
Length T’ 0.750 0.331 0.346
LENS 0.754 0.702 0.714
Partial p(LENS|T)  +0.125 +0.273 +0.307

Table 7: Scalar-signal AUC on GSM8k-Aug, N=1319.
AUC <0.5 indicates an inverted signal.

Architecture LSFT CoLaR
LENS (closed-form) 0.713 0.650
MLP (pointwise) 0.7204+0.009  0.746=0.006
Attention (ours) 0.8054+0.011  0.853-0.004

Table 8: Architecture ablation on GSM8k-Aug; learned
probes report mean=std over nested-CV seeds (6 for
Latent-SFT, 4 for CoLaR).

C Baseline Confidence Methods

We compare against standard confidence estimation
approaches applicable to reasoning models. Last-
token confidence, the argmax probability, reaches
only AUC 0.527 on Latent-SFT and is undefined
for CoLaR’s continuous hidden states; standard cal-
ibration methods (Guo et al., 2017; Desai and Dur-
rett, 2020) do not apply to hidden-state paradigms,
and verbalized confidence elicitation (Xiong et al.,
2024) requires explicit token generation. A multi-
feature logistic regression over length, entropy,
and last-token reaches 0.738/0.770. The trained
probe (0.805/0.853) dominates all of these, with the
largest gains on CoLaR, where prompt and scalar
features miss the most signal. A sampling-based
baseline, the fraction of 8 rollouts agreeing with the
majority answer, predicts majority-vote correctness
at AUC 0.786; because its target is majority-vote
rather than per-rollout correctness, we report it as
a comparison point rather than a strictly matched
contrast to the single-pass probe.

Table 9 compares these methods in the down-
stream routing setting under the same cost model
and 5-fold CV threshold selection. The full-
trajectory probe posts the largest CV-selected gain
over pure CoT (+2.0pp), which is significant at
the full-test diagnostic operating point (McNemar
p=0.008; §6.2). Length-based routing hurts be-
cause Latent-SFT’s length—correctness direction is
inverted.

Method AUC CV Acc Saving A CoT
Pure CoT — 50.5% 0% —

Random (f=0.59) 0.500 50.2+0.7% 43% —0.3pp
Length T’ 0329 49.6£1.1% 17% —0.9pp
Multi-feature LR 0.729 51.9+1.5% 17% +1.4pp
Prompt-only probe 0.769  51.0+£2.0% 23% +0.5pp
Full traj. probe (ours) 0.805 52.5+1.5% 38% +2.0pp

Table 9: Routing baselines under the same cost model
and 5-fold CV threshold selection. A CoT is the accu-
racy gap vs. pure CoT.

D LTO Best-of-N Reproduction Details

We implement LTO’s algorithm following Du et al.
(2026): for each problem z, generate N rollouts
{z1,..., 2N}, compute a reward r; = f(z;) from
the probe, and select z* = arg max; r; - exp(—/3 -
Dxy(72, || Tbase ) ). Because our paradigms produce
deterministic rollouts, Latent-SFT using argmax de-
coding, we inject minimal noise: Gaussian pertur-
bation of magnitude e=0.001 to logits for Latent-
SFT, and o-scaled noise to hidden states for Co-
LaR.

Config. r Pooled Within LTO Oracle
LSFT(2) 2 0.755 0.594 +0.2 +10.2
LSFT(4) 4 0.929 0.680 +0.3 +3.8
CoLaR ~5 0.975 0.510 —-0.5 +5.3
Table 10: Within-problem AUC at N=8 roll-
outs/problem, averaged over problems with

mixed outcomes (265/115/39 of 1,319 for Latent-
SFT(r=2)/(r=4)/CoLaR); the LSFT(2) pooled-AUC
discrepancy is explained below.

B-scan protocol. (3 € {0.001,0.005,0.01,0.02,
0.05,0.1,0.2,0.5,1.0,2.0,5.0}. For each 3, 200
independent trials with different random seeds. The
best [ is selected by mean accuracy across trials.

LSFT(2) pooled AUC discrepancy. Table 10 re-
ports LSFT(2) pooled AUC of 0.755, measured on
e-perturbed 8-rollout trajectories with the probe
applied cross-r, trained on r=4. This differs from

25087



Selector k=3 k=5 k=8

Greedy (single rollout) 44.8% 44.8% 44.8%
Majority vote 443% 44.5% 44.4%
Best-of-k by probe 449% 451% 45.1%
Oracle (best of k) 46.6% 47.6% 48.6%

Table 11: Weak trajectory selection on Latent-SFT(r=4)
(highest within-problem AUC, 0.680); mean accu-
racy over 200 random size-k subsets from N=8 roll-
outs/problem.

the 0.805+0.011 in Table 2, which uses determin-
istic single rollouts in-distribution. The degrada-
tion reflects calibration drift under cross-r out-of-
distribution evaluation. Routing (§6.2) requires
only coarse discrimination, which remains feasible
at this pooled AUC, and the routing accuracy in
Table 5 confirms this empirically.

E CoLaR Routing Pareto Frontier

55%

Pure CoT (50.5%)
50% >

45% =z

—=— Confidence routing

%
40% —+- Random routing

Accuracy

35%

o P
30% e ColaR (28.1%)

2% 0 1‘0 2‘0 3‘0 4‘0 5‘0 6‘0 7‘0 8‘0
Average tokens per problem

Figure 5: CoLaR routing Pareto frontier on GSM8k-
Aug. With the latent solver far weaker than CoT, confi-
dence routing approaches but never exceeds pure CoT.
It is competitive with random routing at matched cost
but does not Pareto-dominate it; the same probe archi-
tecture recovers the ranking signal on both paradigms,
while achievable accuracy is bounded by the solver gap.

F Additional Results

Variant Latent-SFT CoLaR
AUC %offull AUC % of full
Full trajectory  0.820 100% 0.856 100%
Last-3 steps 0.823 100% 0.854 99.8%
Last-1 step 0.806  98.3% 0.813 95.0%
Fixed-length 0.801 97.7% 0.858 100%

Table 12: Truncation analysis on GSM8k-Aug (single
nested-CV run; the LSFT full-trajectory value 0.820
lies within the 0.8054-0.011 band of Table 2). Masking
the endpoint costs 0.107 AUC on Latent-SFT but only
0.009 on CoLaR (§5.2).

Confidence bin N

High (top 1/3) 440
Mid (middle 1/3) 440
Low (bottom 1/3) 439

Latent CoT A

720% 68.1%  +3.9pp [—0.5, +8.2]
558% 51.9%  +3.9pp [—0.7, +8.6]
224% 31.5% —9.1pp [—13.9, —4.1]

Table 13: Solver complementarity by confidence tertile
(95% bootstrap CIs on the gap); treated as descriptive,
with significance anchored on the aggregate paired test

(86.2).
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Figure 6: Intervention test on CoLaR. Left: the oracle
ceiling rises with stochasticity. Right: within-problem
AUC stays near chance across o; a distribution-matched
retrained head reaches near-perfect pooled AUC while
within-problem AUC remains at chance.

Quintile-level routing. The strongest single-bin
routing advantage appears in quintile Q2, the
second-highest confidence, where latent reasoning
reaches 62.9% versus 56.8% for CoT, +6.1pp. The
latent advantage peaks in the “confident but not
trivial” regime: Q1 shows a smaller gap because
both solvers handle the easiest problems well, and
Q4-Q5 reverse direction as difficulty exceeds latent
reasoning’s capacity. This non-monotone profile
is consistent with the solver-fit interpretation, that
the probe identifies which problems lie in latent
reasoning’s competence region rather than ranking
raw difficulty.

Risk—coverage analysis. Selective prediction de-
grades smoothly across operating points. Latent-
SFT GSMS8k accuracy traces 80.1%, 69.7%, and
59.3% at 30%, 50%, and 70% coverage, an ap-
proximately linear 10pp decay per 20pp of cov-
erage. The confidence ordering thus remains in-
formative across the full distribution rather than
isolating a small tail of extreme failures, and the
abstention budget is genuinely tunable: 30% cover-
age yields 80.1% accuracy, +35pp over the 45.0%
no-abstention baseline, while 70% coverage still
gains +14.3pp. The same monotone behavior holds
on CoLaR and SVAMP, indicating that the curve
shape reflects the signal structure rather than any
single paradigm—dataset pairing.
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