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Abstract

Reasoning models rely on inference-time scaling, allocating more compute via1

longer token budgets to improve problem-solving. Identifying traces that reliably2

lead to correct answers is a key step toward improving the reliability and efficiency3

of these models. In this work, we propose Latent-Space Metrics that track the4

shifts in internal representations during the generation of intermediate reasoning5

tokens. We introduce a set of trajectory metrics that quantify both the magnitude6

of hidden-state changes and the geometry of their trajectories along the reasoning7

trace. We show that metrics tracking the model’s internal states, rather than its8

output tokens, can serve as strong predictors of final answer accuracy. Our results9

demonstrate that they consistently distinguish correct from incorrect traces across10

models and reasoning domains. Moreover, we show that they enable more effective11

and efficient test-time scaling strategies, reducing token usage by up to 70% while12

preserving and even improving accuracy by 2.6% on average.13

1 Introduction14

Recent advances in large language models (LLMs) have shown that complex reasoning tasks can15

be solved more effectively by scaling computing during inference to generate longer and multiple16

chains-of-thought (reasoning traces) [7, 1, 14, 23]. However, not all traces are equally valuable: while17

some contain productive steps that lead to correct answers, others may deviate into unproductive18

paths such as overthinking, failing to reach a correct strategy, or reasoning inconsistently [e.g. 17, 2,19

20]. Identifying which traces are likely to succeed is critical: it enables more reliable prediction of20

correct answers, improves efficiency by reducing wasted computation on unproductive paths, and21

can provide feedback signals that lead to better model training. By understanding which reasoning22

processes are effective, we can guide models to reinforce productive strategies and avoid erratic ones.23

A growing body of work has attempted to characterize the quality of reasoning traces based on their24

surface form in natural language, a strategy that often requires costly annotation methods [12, 4]. In25

addition, natural language traces may not faithfully reflect the underlying strategies that models use26

[3, 19], and in some cases, models are trained to produce only latent embeddings rather than explicit27

text [8]. This suggests that language alone may be an unreliable proxy for evaluating the quality of28

the reasoning process.29

An alternative perspective is to examine the model’s latent space—i.e., the patterns of activity in30

its internal representations. Prior work has demonstrated that probing these representational spaces31

can reveal informative signals about safety [25], learning processes [10], and overall performance32

[21] of LLMs. On this basis, we hypothesize that the evolution of internal representations during the33

generation of intermediate reasoning tokens may also carry predictive signals about the accuracy of34

the final answer. Concretely, we ask:35
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• Can latent-space metrics indicate the quality of a reasoning trace in terms of its likelihood36

of producing a correct final answer?37

• Can these internal signals be harnessed to improve the efficiency and accuracy of reasoning38

models across domains?39

To address these questions, we introduce a set of representational metrics that capture the temporal40

dynamics of hidden states within tokens in a reasoning trace. Specifically, we quantify how strongly41

the generation of a reasoning trace updates the latent space of a model, how much the representational42

trajectory shifts during reasoning, and how well these changes remain aligned. We apply these43

metrics to a range of models (DeepSeek-R1-Distill-Qwen-14B, Phi4 Reasoning Plus, and Qwen3-44

14B) across diverse reasoning domains, spanning science, math, and optimization problems. We show45

that they (1) reliably and significantly distinguish between traces leading to correct versus incorrect46

answers, and (2) can be leveraged at test time to achieve both higher efficiency and improved accuracy.47

Concretely, we introduce a test-time scaling strategy based on latent-space metrics that yields up to a48

70% reduction in token usage compared to majority voting, along with 2.6% average improvement in49

accuracy.50

2 Related Work51

A growing body of work focuses on quantifying the quality of reasoning traces. Some approaches52

perform fine-grained analyses of the surface form of the reasoning trace, introducing metrics that53

capture their factual and logical correctness, as well as their linguistic and semantic coherence [22,54

6]. These methods typically require annotating or systematically extracting information from traces,55

relying on either human annotators or auxiliary expert models. Other approaches evaluate trace56

quality by measuring its causal influence on the final answer [15]. Such methods, however, are57

computationally expensive, as they often involve generating multiple inference passes, perturbing or58

ablating parts of the reasoning trace, and re-evaluating model outputs to estimate causal effects. By59

contrast, latent-space metrics can be computed directly at inference time, without a teacher model or60

repeated runs, making them substantially more efficient.61

More closely related to our work, authors in [10] analyze how internal representational trajectories in62

LLMs straighten during training, and speculate about the implications for model performance. We63

shift attention instead to temporal metrics tailored to reasoning traces, and empirically test their ability64

to predict answer quality. In a complementary direction, [21] examines representational curvature65

across layers (a spatial perspective) and demonstrate its predictive value for answer accuracy in66

chain-of-thought problems. Our work differs by adopting a temporal perspective (across tokens) and67

focusing specifically on reasoning models and sample aggregation strategies.68

3 Methods69

3.1 Preliminaries70

Given a problem, reasoning models generate an output sequence consisting of a reasoning trace71

followed by a final answer. The reasoning trace is often delimited by special "think" tokens, such72

that:73

q1, . . . , qn <think> t1, . . . , tr </think> a1, . . . , am,
where q1, . . . , qn are the input question tokens, t1, . . . , tr are the reasoning trace tokens, and74

a1, . . . , am are the final answer tokens.75

For each position r ∈ {1, . . . , R} within the reasoning trace, the model produces a hidden state76

of activations at each layer l ∈ {1, . . . , L}, denoted by h
(r)
l ∈ Rd. These hidden states form a77

two-dimensional array of d-sized representations, indexed by layer and token position, and encode78

the latent space of the model during the reasoning trace.79

3.2 Latent-Space Metrics80

To characterize how a model’s latent space evolves over the course of intermediate reasoning, we81

introduce trajectory metrics that quantify the magnitude and geometry of changes in the hidden states82

along the trace.83
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First, to enhance the signal robustness and reduce the dimensionality, we partition the reasoning trace84

into non-overlapping reasoning segments (n tokens = 500, see Appendix A) and, for each layer,85

average the token representations within each segment. This procedure smooths local fluctuations in86

token-level dynamics while preserving the overall trajectory of the reasoning process.87

For each layer l, let h(n)
l denote the averaged hidden state during reasoning segment n, with n =88

1, . . . , N . We define the reasoning drift vector as:89

ul = h
(N)
l − h

(1)
l ,

and measure the contribution of each reasoning segment by computing an update vector as:90

v
(n)
l = h

(n)
l − h

(n−1)
l , n = 2, . . . , N

Each metric is computed per layer and then averaged across all layers to obtain a single scalar per91

reasoning trace.92

Net Representational Change. A core question is whether intermediate reasoning substantially93

changes the model’s internal representations. If reasoning has a real effect, the hidden states should94

be meaningfully updated after the trace. To assess this, we measure the overall magnitude of95

representational change the latent space undergoes from the first to the last reasoning segment.96

Concretely, we compute the norm of the reasoning drift vector, averaged across all layers and97

normalized by the number of segments:98

NETCHANGE =
1

L

∑
l∈L

∥ul∥2
N

Cumulative Representational Change. While NETCHANGE measures the overall representational99

change between the initial and final reasoning segments, it does not reflect how much fluctuation100

occurs along the trajectory itself, and cannot distinguish whether the trajectory was direct or highly101

varying. Excess cumulative changes in the latent space could indicate that the model is struggling to102

find the correct solution for the reasoning problem. To understand the total amount of movement103

the representations undergo during reasoning, we instead sum the magnitude of the segment-wise104

changes across the entire trace, and average across layers:105

CUMULATIVECHANGE =
1

L

∑
l∈L

N∑
n=2

∥v(n)l ∥2

Aligned Representational Change. Beyond measuring how far representations move during106

reasoning, an important question is whether these movements advance toward the final state rep-107

resentation, rather than drifting sideways or reversing direction. We hypothesize that if reasoning108

is effective, the sequence of updates should align with the overall representational shift from the109

beginning to the end of the trace. To capture this property, we compute the cosine similarity between110

each update vector and the reasoning drift vector, averaging across segments and layers:111

ALIGNEDCHANGE =
1

L

∑
l∈L

1

N − 1

N∑
n=2

⟨v(n)l , ul⟩
∥v(n)l ∥2 ∥ul∥2

.

3.3 Models and Datasets112

We evaluate three open-source reasoning models of 14B parameters: Deepseek-R1-Distill-Qwen-14B113

(R1-D) [7], Phi-4 Reasoning Plus Model (PHI4R+) [1], and Qwen3-14B (QWEN3) [23]. Our study114

probes these models across three distinct reasoning domains:115

• Scientific reasoning, measured using the GPQA Diamond benchmark, which comprises 198116

graduate-level multiple-choice questions in biology, chemistry, and physics [16].117

• Mathematical reasoning, evaluated on AIME 2025, a 30-problem set from the American118

Invitational Mathematics Examination [11].119

• Algorithmic reasoning, assessed with a stratified subsample (n = 180) of the TSP benchmark,120

consisting of path-optimization problems across varying levels of difficulty [5].121

For our experiments, we sampled 5 answers to each of the problems in these datasets.122
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Figure 1: Area under the ROC curve (AUC) for distinguishing correct from incorrect predictions
using latent-space and output-based metrics across datasets. Higher values indicate better discrim-
inative power. Latent-space metrics consistently achieve significant and stronger discrimination
than output-based metrics, highlighting their reliability for predicting correctness across datasets.
For comparability, Cumulative Representational Change was sign-reversed so that larger values
correspond to stronger discrimination. Error bars denote variability across models. The dashed line
indicates chance-level performance.

4 Results123

4.1 Latent-space metrics are predictive of solution accuracy124

First, we study whether the defined latent space metrics are predictive of the accuracy of a model125

generated solution. For each latent-space metric, we quantified its ability to discriminate between126

correct and incorrect reasoning trajectories using the area under the receiver operating characteristic127

curve (AUC). We compute this metric across all 5 sampled solutions and problems in our datasets. To128

assess whether latent-space metrics provide stronger signals than output distribution–based measures129

commonly used as estimates of model confidence and uncertainty [24], we also compute the AUC of:130

(1) the Logit Margin, defined as the difference between the logits of the top-1 and top-2 predicted131

tokens when generating the final answer; and (2) the Entropy of the next-token distribution at the132

final answer prediction (see Appendix C for more details).133

As Figure 1 shows, all latent-space metrics significantly distinguish between reasoning paths that134

lead to accurate versus inaccurate final answers (see also Appendix D). Across models and datasets,135

their AUCs remain consistently above chance, indicating reliable predictive power (Net Change mean136

AUC = 0.71±0.09; Cumulative Change = 0.74±0.09; Aligned Change = 0.73±0.08). In contrast,137

the output-distribution–based metrics are substantially weaker and less consistent across datasets138

and models, with performance often close to or below chance level (Logit Margin = 0.59± 0.10;139

Entropy = 0.44± 0.10).140

We found that Cumulative Change was negatively correlated with accuracy (Pearson’s correlation141

coefficient r = −.19), suggesting that traces wandering farther through representation space were142

less likely to yield correct answers. In contrast, both Net and Aligned Change correlated positively143

with accuracy (Net Change: r = .15; Aligned Change: r = .32), indicating that traces with higher144

overall representational effect, and whose intermediate updates advanced more directly toward the145

final state, were more likely to succeed. Figure 2 illustrates these distributions for one model and146

dataset; full results for all models and datasets are included in Appendix B.147

4.2 Latent-Space metrics can improve efficiency and performance in reasoning problems148

Building on our previous finding that latent-space metrics strongly predict solution accuracy, we now149

investigate whether these metrics can guide more effective and efficient test-time scaling strategies.150

We compared our approach against two sample aggregation baselines: (1) majority vote, the standard151

answer-selection method in the literature [1, 7] and (2) shortest-answer selection, which chooses152
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Figure 2: Latent-space metrics’ distribution by accuracy for Qwen3-14B on the AIME 2025 dataset.
Correct traces show larger Net/Aligned Change and smaller Cumulative Change than incorrect ones.
This indicates that correct reasoning corresponds to larger, more directed representational shifts,
while incorrect reasoning involves more wandering and less aligned trajectories. Equivalent plots for
other models and datasets are provided in Appendix B.

out of five repeats the candidate with the fewest tokens, motivated by recent findings that shorter153

completions are strong signals of answer correctness [9, 18, 13].154

For each datapoint, we sampled up to 5 candidate solutions from the model. If a solution’s metric155

value exceeded the threshold, we immediately accepted the answer as the final prediction and stopped156

inference early. If none of the 5 sampled solutions for a datapoint crossed the threshold, we instead157

defaulted to majority voting across all candidates (see Figure 3). This design allows datapoints with158

strong internal signals to be resolved quickly with fewer samples, while datapoints with weaker159

signals fall back on the robustness of aggregation. We repeated this procedure independently for each160

latent-space metric under study.161

Datapoint 1: Early Stopping

Datapoint 2: Majority Vote

A

C

S1 S2 S3 S4

A A C CA

S5

2)

S1 S2 S3

A A C

1)

Figure 3: Illustration of our procedure for selecting reasoning traces. (1) Distribution of latent-space
metric values for correct (green) and incorrect (red) answers. A threshold τ is chosen on a held-out
calibration set as a quantile of the incorrect distribution (here, the 70th percentile). (2) At inference
time, candidate solutions for a problem are evaluated sequentially. If a solution’s metric value exceeds
τ , it is immediately accepted as the final prediction (Datapoint 1). If no solution crosses the threshold,
the final answer is chosen via majority voting across all candidates (Datapoint 2).

To determine thresholds, we used a cross-validation procedure (3 splits) with a calibration subset162

corresponding to 30% of the dataset for each split (see Appendix E). On the calibration subset,163

we generated candidate thresholds by taking quantiles of the metric values for incorrect solutions.164

In other words, each threshold corresponds to a cutoff such that a fixed proportion of incorrect165
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Table 1: Accuracy and efficiency using latent-space metrics. Baselines are Maj@5 (majority vote
across 5 samples) and Shortest@5 (shortest of 5 samples [9, 18, 13]). Latent-Space (LS) strategies
select the first answer candidate that reaches the threshold, otherwise default to majority vote. We
report accuracy (%) and the average number of samples used per datapoint. Numbers in () show
difference in accuracy and % reduction in token usage wrt majority vote baseline. Numbers in bold
and bold indicate best and second-best results (highest accuracy/lowest token usage) in each group. ✓

indicates cases where the average number of samples required was reduced by at least half.

GPQA AIME2025 TSP

Model Strategy Acc.
(avg % / ∆Acc)

Samples
(avg / ∆Tok %)

Acc.
(avg % / ∆Acc)

Samples
(avg / ∆Tok %)

Acc.
(avg % / ∆Acc)

Samples
(avg / ∆Tok %)

R1-D

Maj@5 59.90 5.00 56.67 5.00 27.50 5.00
Shortest@5 60.91 (+1.0) 5.00 (0) 50.00 (-6.7) 5.00 (0) 28.75 (+1.3) 5.00 (0)
LS – Net 61.10 (+1.2) 1.69 (+53.9) ✓ 61.90 (+5.2) 1.22 (+68.7) ✓ 28.60 (+1.1) 1.43 (+70.6) ✓

LS – Cumulative 62.10 (+2.2) 1.88 (+48.1) ✓ 58.70 (+2.0) 2.56 (+29.9) 30.90 (+3.4) 1.61 (+66.4) ✓

LS – Aligned 61.10 (+1.2) 1.58 (+57.0) ✓ 60.30 (+3.6) 1.43 (+61.3) ✓ 29.50 (+2.0) 2.08 (+57.2) ✓

LS – Combined 61.80 (+1.9) 1.89 (+47.3) ✓ 61.90 (+5.2) 2.06 (+43.9) ✓ 30.10 (+2.6) 1.43 (+70.3) ✓

Phi4R+

Maj@5 70.20 5.00 80.00 5.00 41.25 5.00
Shortest@5 69.19 (-1.0) 5.00 (0) 70.00 (-10.0) 5.00 (0) 38.75 (-2.5) 5.00 (0)
LS – Net 68.80 (-1.4) 2.97 (+20.2) ✓ 79.40 (-0.6) 2.19 (+41.1) ✓ 42.30 (+1.1) 1.59 (+67.2) ✓

LS – Cumulative 69.60 (-0.6) 2.99 (+18.9) ✓ 81.00 (+1.0) 2.43 (+32.1) ✓ 44.40 (+3.1) 2.63 (+42.2) ✓

LS – Aligned 69.60 (-0.6) 3.40 (+14.5) ✓ 82.50 (+2.5) 2.51 (+30.8) ✓ 44.10 (+2.9) 1.96 (+58.7) ✓

LS – Combined 69.60 (-0.6) 3.28 (+16.3) ✓ 82.60 (+2.6) 2.54 (+28.7) ✓ 43.80 (+2.6) 2.30 (+50.5) ✓

Qwen3

Maj@5 63.96 5.00 70.00 5.00 36.25 5.00
Shortest@5 64.47 (+0.5) 5.00 (0) 80.00 (+10.0) 5.00 (0) 30.63 (-5.6) 5.00 (0)
LS – Net 63.70 (-0.3) 1.42 (+63.9) ✓ 79.40 (+9.4) 1.60 (+57.3) ✓ 35.40 (-0.9) 3.18 (+34.0)
LS – Cumulative 63.30 (-0.7) 2.25 (+41.3) ✓ 84.10 (+14.1) 2.03 (+43.2) ✓ 36.30 (+0.1) 1.64 (+65.5) ✓

LS – Aligned 64.20 (+0.2) 1.75 (+52.0) ✓ 80.90 (+10.9) 1.59 (+58.2) ✓ 37.80 (+1.6) 2.08 (+56.4) ✓

LS – Combined 63.70 (-0.3) 1.70 (+53.4) ✓ 80.90 (+10.9) 1.49 (+60.3) ✓ 36.00 (-0.3) 2.46 (+48.4) ✓

datapoints fall above or below it. For each candidate threshold, performance on the calibration166

subset was computed using the same inference rule as above (early accept on threshold crossing;167

otherwise majority vote). The threshold with the best calibration performance was then evaluated on168

the remaining 70% of the data. Metrics were reported in terms of both accuracy (the proportion of169

datapoints answered correctly) and efficiency (the percentage of reasoning tokens consumed relative170

to the full inference process, and the average number of samples needed). Results shown are averages171

over the cross-validation splits.172

In addition to exploring each metric separately, we built a combined latent-space score. For173

each dataset, we quantified the predictive utility of each metric by calculating its absolute Pearson174

correlation with accuracy on 10% of the dataset (see details in Appendix F). Each metric was175

directionally aligned such that higher values consistently indicated better performance (i.e. cumulative176

representational change was sign-inverted). These correlations were normalized to form weights177

that sum to one, yielding an interpretable distribution of relative importance across metrics. The178

combined latent-space score for each sampled solution was then computed as a weighted sum of its179

metric values, where metrics more strongly aligned with accuracy on the calibration set contributed180

more heavily (see Appendix F for weights used).181

As Table 1 shows, across datasets and models, latent-space metrics enable substantial compute182

savings while improving or preserving accuracy. Although the magnitude of improvements varies183

across models and datasets, compared to majority vote, latent-space strategies exhibit:184

• Sample savings: the number of required samples is reduced on average by 58% (range:185

32–76%).186

• Token savings: as a consequence of sample savings, token usage (and thereby inference cost)187

is reduced on average by 48% (range: 14–70%).188

• Accuracy improvements: accuracy increases on average by 2.64% (range: −1.4–14.10%),189

in contrast to the shortest-length heuristic baseline, which reduces accuracy on average by190

1.44%.191
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5 Conclusions192

Our work introduced a set of metrics that track the temporal evolution of reasoning traces in latent193

space, and demonstrate that they carry strong predictive signals for final-answer correctness. Leverag-194

ing these signals during test-time scaling enables both accuracy gains and compute efficiency across195

models and reasoning domains.196

We limited our analysis to widely used and standard reasoning model families. However, our197

approach is model-agnostic: it can be extended to training variants (e.g., SFT) and architectural198

variants that employ soft-token reasoning traces. Beyond inference-time use, these metrics provide199

actionable signals for fine-tuning and calibration, with the potential to steer models toward more200

reliable reasoning trajectories.201

Limitations of our current study include the use of simple combined metric and thresholding strategies.202

Future work could automate their selection and fusion (e.g., learned ensembles or decision policies).203

In addition, we plan to explore a complementary set of metrics that not only characterize the reasoning204

evolution at the temporal level, but also capture how reasoning evolves across the model hierarchy205

and in semantic space.206
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A Representational Averaging261

To enhance the signal robustness and reduce the dimensionality of the reasoning trace, we partition it262

into non-overlapping reasoning segments of size 500. For each layer, we then average the token263

representations within each segment. We found that this procedure preserves the overall trajectory of264

the reasoning process.265

The choice of 500 tokens was guided by the average answer lengths across datasets. The dataset with266

the shortest responses still had an average of 5,000 tokens per answer. Setting the window to 500267

tokens therefore ensures that, on average, we obtain at least 10 measurement points per answer in this268

dataset, and proportionally more in the others.269

We also compared this strategy to defining segments by newline tokens. However, segment sizes270

varied substantially across models under with this approach, making it less consistent than fixed-length271

segmentation.272
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B Latent-Space Metrics273

To investigate how latent-space dynamics relate to model performance, we compare distributions of274

three change-based metrics—net change, cumulative change, and aligned change—conditioned on275

whether a model’s prediction was correct or incorrect. Figures 4–6 present box plots of these metrics276

across datasets and model families. These visualizations allow us to assess whether systematic277

differences in latent-space evolution are associated with answer correctness, and whether such effects278

are consistent across evaluation settings.279

Across all three metrics, consistent patterns emerge. Net change values (Figure 4) are generally280

higher for correct responses than for incorrect responses, suggesting that successful reasoning is281

associated with overall larger representational drifts. In contrast, cumulative change values (Figure 5)282

are often larger for incorrect responses, indicating that when models answer incorrectly, their latent283

trajectories tend to involve more movement through representational space, potentially reflecting less284

stable reasoning. Finally, aligned change values (Figure 6) are again higher for correct responses,285

implying that effective reasoning requires updates that advance more directly towards the final state.286

Taken together, these results suggest that correct predictions are characterized by a larger overall287

representational shift, accompanied by trajectories that are more directionally consistent, whereas288

incorrect predictions tend to involve longer, less aligned paths through latent space, reflecting noisier289

and less stable reasoning trajectories. This pattern holds across models and datasets, indicating that290

latent-space metrics provide complementary and reliable signals of reasoning quality.291
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Figure 4: Distribution of net change metric values by accuracy. Net Change values are generally
higher for correct responses than for incorrect responses, suggesting that successful reasoning is
associated with overall larger representational drifts that may be a sign of deeper reasoning.
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Figure 5: Distribution of cumulative change metric values by accuracy. Cumulative Change values
are often larger for incorrect responses, indicating that when models answer incorrectly, their latent
trajectories tend to involve more movement through representational space, potentially reflecting less
stable reasoning.
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Figure 6: Distribution of aligned change metric values by accuracy. Averaged values are higher for
correct responses, implying that effective reasoning involves intermediate representational updates
that advance more directly towards the final reasoning state.
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C Comparison with Output Distribution Metrics292

We compared the predictive power of latent-space signals with that of the model’s output distribution.293

Output distribution metrics directly encode the model’s uncertainty and confidence over possible294

continuations, and can be used as a proxy for final answer reliability.295

To access the output distribution, we prompted the model to produce a final answer following its296

reasoning trace. Specifically, we used prompts of the form:297

q1, . . . , qn <think> t1, . . . , tr </think> Final answer:

We then examined the distribution over the next token. To quantify its informativeness, we computed298

two measures:299

• Logit Margin: the difference between the logits of the two most probable tokens.300

• Entropy: the entropy of the next-token distribution.301
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D Threshold Performance302

We computed the accuracy of the samples whose metric values exceeded thresholds corresponding to303

quantiles from the 10th to the 90th percentile, in increments of 10. As shown in Figure 7, accuracy304

increases consistently with higher quantiles across all models and datasets. Datapoints that lie above305

higher latent-space quantiles are increasingly likely to be correct. This indicates that latent-space306

metrics are predictive of reasoning quality in a general way, not tied to any single model architecture or307

benchmark. In several cases, near-ceiling accuracy is achieved at the highest quantiles, demonstrating308

that filtering traces by high latent-space thresholds isolates a subset of datapoints that are almost309

always correct.310
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Figure 7: Accuracy of datapoints above thresholds defined over a range of quantiles. Given that
Cumulative Change is negatively correlated with accuracy, we inverted the quantile selection (i.e.,
replacing q with 1− q) so that higher quantiles consistently correspond to higher expected accuracy.
For all metrics, accuracy increases consistently with higher quantiles across datasets and models.
This evidences that these metrics are predictive of answer quality.
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E Cross-validated thresholding311

Data splits and preprocessing. We use ShuffleSplit cross-validation with n_splits = 3, a312

calibration–test partition of 30/70 per split, and a fixed random seed.313

Candidate thresholds. Within each calibration fold and for each metric, we restrict to the calibra-314

tion set’s incorrect solutions:315

false = {rows in train with accuracy = False}.

If |false| < min_incorrect (= 15) or the metric has no valid values in false, we fall back to316

the calibration median:317

best_thr← median(calibration[metric]).

Otherwise, we build a quantile grid:318

Q = {0.20, 0.21, . . . , 0.99},

and form the candidate threshold set319

T = {quantile(false[metric], q) : q ∈ Q}.

Scoring a candidate threshold. For each t ∈ T , we partition calibration datapoints by applying320

the threshold to sequential candidates:321

• Threshold group Dthr: datapoints for which at least one candidate crosses the threshold.322

For these, we accept the first crossing candidate and compute its accuracy athr as the mean323

of accuracy over the accepted rows.324

• Fallback group Dmv: all remaining datapoints. We resolve them with majority vote (MV)325

over their candidates on the training set and obtain amv.326

Let nthr = |Dthr| and nmv = |Dmv|. The combined calibration accuracy for threshold t is the327

datapoint-weighted average:328

Acalibration(t) =
athr · nthr + amv · nmv

max(1, nthr + nmv)
.

Choosing the threshold. We rank all t ∈ T by Acalibration(t), take the top-2 thresholds, and set329

best_thr = median
(
arg top _t ∈ T 2 Acalibration(t)

)
.

If T is empty, we again fall back to the calibration median of the metric.330

Direction of comparison. For the Cumulative Change metric, lower values indicate stronger331

signals; accordingly, we apply the threshold as metric ≤ t. For all other metrics, higher is better and332

the threshold is applied as metric ≥ t.333
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F Combined Latent-Space Score334

Table 2 reports the weights for each latent-space metric, estimated from a 10% subset of the dataset.335

Table 2: Metric weights for Combined Latent Space score.

Model Dataset Net
Change

Cumulative
Change

Aligned
Change

DeepSeek R1 Distill Qwen 14B GPQA 0.35 0.40 0.25
Phi 4 Reasoning Plus GPQA 0.30 0.38 0.31
Qwen3 14B GPQA 0.43 0.25 0.32

DeepSeek R1 Distill Qwen 14B AIME2025 0.31 0.35 0.34
Phi 4 Reasoning Plus AIME2025 0.26 0.45 0.29
Qwen3 14B AIME2025 0.30 0.43 0.28

DeepSeek R1 Distill Qwen 14B TSP 0.24 0.39 0.37
Phi 4 Reasoning Plus TSP 0.20 0.38 0.42
Qwen3 14B TSP 0.19 0.43 0.37
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