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ABSTRACT

Large Reasoning Models (LRMs) achieve impressive performance on complex
reasoning tasks via Chain-of-Thought (CoT) reasoning, which enables them to
generate intermediate thinking tokens before arriving at the final answer. However,
LRMs often suffer from significant overthinking, spending excessive compute
time even after the answer is generated early on. Prior work has identified the
existence of an optimal reasoning length such that truncating reasoning at this
point significantly shortens CoT outputs with virtually no change in performance.
However, determining optimal CoT lengths for practical datasets is highly
non-trivial as they are fully task and model-dependent. In this paper, we precisely
address this and design TERMINATOR, an early-exit strategy for LRMs at inference
to mitigate overthinking. The central idea underpinning TERMINATOR is that the
first arrival of an LRM’s final answer is often predictable, and we leverage these
first answer positions to create a novel dataset of optimal reasoning lengths to
train TERMINATOR. Powered by this approach, TERMINATOR achieves significant
reductions in CoT lengths of 14%-55% on average across four challenging
practical datasets: MATH-500, AIME 2025, HumanEval, and GPQA, whilst
outperforming current state-of-the-art methods.

1 INTRODUCTION

Large Reasoning Models (LRMs) extend Large Language Models (LLMs) by using test-time
compute to explicitly reason before answering, achieving strong performance gains on challenging
tasks OpenAl| (2024). However, this comes at a substantial computational cost: LRMs often generate
thousands of reasoning tokens, many of which are spent redundantly verifying solutions after the
model has already produced the final answer, a phenomenon known as overthinking |Guo et al.
(2025); |Luo et al.| (2025); |(Chen et al.| (2025). Prior work shows that reasoning traces can frequently
be shortened by over 50% with little loss in accuracy Kang et al.|(2025)); Zhang et al.| (2025b)); [Yang
et al. (2025b), highlighting significant inefficiencies in LRM inference. To formalize this inefficiency,
we introduce hindsight-optimal reasoning length: the minimum number of tokens an LRM needs
to generate before first arriving at the same final answer it would produce with full reasoning. Using
this notion, we identify the hindsight-optimal exit as the first logical occurrence of the final answer
within the reasoning trace, and propose TERMINATOR, a novel inference-time early-exit method
that leverages distinctive shifts in token-level confidence and usage patterns to substantially reduce
CoT lengths on challenging benchmarks.

Main Contributions. In summary, we make the following contributions:

* We introduce the novel notion of hindsight-optimal reasoning, using which we show that
the first arrival of an LRM’s final answer is marked by observable and meaningful signals
(Appendix [B). To the best of our knowledge, this is the first such analysis of its kind.

* We design TERMINATOR, a novel inference-time early-exit algorithm for LRMs that lever-
ages optimal-length CoTs (Sec. [3.2).
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* We introduce a robust pipeline for identifying the first arrival of the final answer in CoTs,
using which we construct a novel optimal-length CoT dataset (Sec. [3.1).

2 PRELIMINARIES

2.1 NOTATION

A Large Reasoning Model, LRM, takes as input a prompt o and generates a reasoning trace
r = (r1,...,r)) followed by a final solution s that contains the model’s final answer @. The
reasoning trace is generated auto-regressively as r; ~ LRM(x,7~;). Throughout the paper, a
always refers to the final answer obtained from the full CoT, not from any early-exited trace. For
an early-exit method, we measure efficiency using the per-sample compression rate CR = Meany /M,
where M.,y is the exit position in 7. Accuracy (Acc) denotes the fraction of problems where the
produced answer matches the ground truth.

3 TERMINATOR: METHODOLOGY

Given a full CoT and the corresponding final solution from an LRM, the earliest logical arrival to
the LRM'’s final answer can be detected in the CoT. However, reliable detection for tens of thousands
of CoTs is a unique challenge, which we address through our pipeline in Sec.[3.1] We then present
our method for training TERMINATOR, which is a probe classifier, in Sec. @} An overview of our
method is given in Fig. [3]of the appendix.

3.1 EARLY ANSWER EXTRACTION, IDENTIFICATION, AND VERIFICATION

We construct an automated pipeline that uses an LRM to (1) extract the final answer a from the
model’s final solution s, (2) identify the earliest span in the reasoning trace r that logically arrives
at a, and (3) verify correctness of this identification. Simple pattern matching proved unreliable
at scale, producing many false positives, whereas an LRM-based approach enables robust extraction
across diverse formats. The LRM first extracts a from s (where it is explicitly marked, e.g., via
\boxed), then proposes a unique substring d of r that includes the earliest occurrence of a. A
verification step confirms that d indeed contains a; failed attempts trigger retries with feedback,
and traces with no valid span after a fixed budget are discarded. Upon success, d is located in 7
to recover the earliest answer token position ¢* (see Algorithm [I|of the appendix).

3.2 TERMINATOR: BINARY PROBING CLASSIFIER

We train a binary probe 6 that predicts, at each CoT position ¢ € [M], whether the final answer
has already been generated. The probe operates on the LRM’s final-layer hidden states h; and
reuses a copy of the LRM’s final transformer block with an added prediction head. At each step,
the model outputs p; = PO(b; = 1 | &, r< i), indicating whether the hindsight-optimal exit has been
reached. Training labels are derived from the extracted earliest answer positions, and predictions
are made causally but independently across positions. To address severe class imbalance, we use
class-weighted binary cross-entropy loss (Eq[I) with inverse-frequency weights (Eq[2). Unlike
prior early-exit methods, TERMINATOR requires no threshold calibration and is trained jointly on
hindsight-optimal CoTs from multiple domains, encouraging immediate exit upon first answer arrival.

M
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Table 1: Performance of TERMINATOR and Baselines. 1 Indicates that higher values are better, while | indi-
cates that lower values are better. CR is the compression rate, reported here as the mean per-sample compression
rate. Bold and Underlined values highlight the best and second-best performing early exit methods, respectively.
TERMINATOR demonstrates superior accuracy-efficiency trade-offs (best or second-best performance across all
16 metrics).

Math Coding Science
Method MATH-500 AIME2S HumanEval GPQA Overall
Acc?  CR| Acct CR] Acct CR|] Acct CR| Acc? CR|
Owen3-8B
Vanilla 91.1% 100% | 74.4% 100% |86.4% 100% |57.6% 100% |77.4% 100%
NoThinking 80.7% 16.1% | 22.0% 18.6% |78.5% 11.8% |30.7% 15.8% |53.0% 15.6%
DEER 79.9% 52.0% |21.4% 67.8% |77.4% 83.6% |50.5% 99.6% |57.3% 75.8%

Thought-Calib | 90.1% 93.9% | 65.8% 81.5% |71.8% 92.9% |52.6% 78.9% |70.1% 86.8%
TERMINATOR | 90.7% 45.1% | 69.4% 70.7% | 82.9% 69.9% |52.1% 85.7% |72.6% 67.8%

Owen3-14B

Vanilla 92.0% 100% |79.9% 100% |76.0% 100% |59.9% 100% |77.0% 100%
NoThinking 84.1% 17.5% |263% 19.9% |78.3% 12.2% |32.1% 18.8% |552% 17.1%
DEER 80.9% 56.2% |27.6% T71.0% |80.7% 87.3% |49.0% 97.4% |59.6% 78.0%

Thought-Calib | 89.8% 92.0% | 63.3% 71.3% |74.8% 87.1% |54.6% 81.9% |70.6% 83.1%
TERMINATOR | 90.7% 46.8% |74.2% 71.0% |83.3% 70.9% |53.9% 87.1% |78.0% 65.0%

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

Models. We train and evaluate our method on LRMs from two different model families: Qwen3-
8B and Qwen3-14B |Yang et al.| (2025a), and Ministral-3-8B-Reasoning-2512 and Ministral-3-8B-
Reasoning-2512|Liu et al.[(2026). We use Qwen3-30B-A3B-Thinking-2507 for our answer extraction,
identification, and verification pipeline. Our trained models consist of a single transformer layer
initialized from the final layer of the LRM and a binary prediction head.

We compare TERMINATOR to prompt-based baselines (Vanilla, NoThinking (Ma et al., 2025a),
DEER (Yang et al., [2025b)) and a probe-based baseline, Thought Calibration (Wu et al., [2025]).
Implementation details are in Appendix[C.4]

Datasets. We form a training data mix with AIME (1983-2024) Art of Problem Solving, MATH
Lightman et al.| (2024)), OpenCoder-SFT Huang et al.| (2024)), and OpenScience NVIDIA (2025]).
We form our training datasets by sampling three CoTs from each of these datasets, identifying the
answer positions (see Sec. [3.1)), and assigning the corresponding training labels. We evaluate our
method and all baselines on AIME 2025 |Art of Problem Solving, MATH-500 Lightman et al.| (2024)),
HumanEval (Chen et al.|(2021), and GPQA |Rein et al.|(2024). Additional details on our training
datasets are available in Appendix[C.3]

4.2 EVALUATION OF THE PROPOSED METHOD

Table [I] shows the performance of TERMINATOR and relevant baselines with respect to the
Compression Rate (lower is better) and Accuracy. All methods are evaluated using the same CoTs
that are used in the vanilla baseline, except the NoThinking baseline, which is generated without
CoT generation. Our results show state-of-the-art performance over early-exit methods from prior
work. Results for the Ministral-3 models can be found in Appendix

4.3 ANALYTICAL RESULTS

We run ablation studies of TERMINATOR with respect to (1) out-of-distribution (OOD) performance,
(2) its performance against the truncated early-exit baseline, and (3) latency and throughput over the
vanilla baseline. Our results in this section will be reported on Qwen3-8B alone with results on Qwen3-
14B, Ministral-3-8B, and Ministral-3-14B reported in Table [5]and Fig.[7] Here, we present the results
for (1) and (2), while (3) along with some additional supplemental results are provided in Appendix@}
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Figure 1: OOD Performance of TERMINATOR (Left). The out-of-distribution performance of TERMINATOR
with respect to the compression rate (left) and the accuracy (right) for Qwen3-8B is shown. Training datasets
are listed along the row axis, and the evaluation sets are listed across the column axis. For example, training
TERMINATOR on MATH and evaluating on HumanEval yields 67% compression rate and 83% accuracy. Every
training dataset has an in-domain evaluation dataset, i.e. MATH — MATH-500, AIME 1983-2024 — AIME2S,
OpenCoder-SFT — HumanEval, and OpenScience — GPQA.).

Effects of Early CoT Termination (Right). Test set CoTs are evaluated after truncating them at various
points via </think> and asking the LRM for a final solution and answer. Diamond-shaped points show the
hindsight-optimal reasoning length, and TERMINATOR falls close to optimality for three out of the four datasets.

Out-of-Distribution Evaluation. To better understand the out-of-distribution performance of
TERMINATOR, we train on each of the four training datasets separately, and evaluate each resulting
model on the test datasets. Fig.[T] shows heatmaps for the compression rate and the accuracy, where
the row and column axes correspond to the training dataset and the testing dataset, respectively, and
the value indicates the performance on the testing dataset. Observe that the best compression rate
is achieved when the test dataset is in-distribution with the training dataset (i.e. along the diagonal).
However, the best accuracy is not always on the diagonal; this is especially true for AIME25
evaluation, where training on AIME (1983-2024) yields the lowest accuracy. This makes sense when
considering the compression rates for AIME25, as the better compression rates correspond to the
lowest accuracy. This behavior does not happen with the other datasets, suggesting two things: (1)
TERMINATOR tends to be overconfident on challenging tasks like AIME2S5 and is exiting too early,
and (2) TERMINATOR is less confident when training on simpler tasks, thereby prolonging reasoning
(worse compression rate) and increasing the accuracy. Training on OpenCoder-SFT shows behavior
similar to item (2), yielding high (often the best) accuracy scores across all test sets but also the
worst compression rates. This suggests that training to early-exit for coding tasks is not as useful
for determining the early-exit position for the other tasks.

Hindsight-Optimal CoTs. Fig.[I|shows the accuracy with respect to CoT progress. Each dot on
the curves represents the average accuracy when each CoT was truncated early, and the LRM was
forced to give a final solution and final answer. We vary the truncation positions to cover the entire
range of compression rates. The diamond-shaped dots represent the position of the first occurrence
of a, and therefore represent the points where hindsight-optimal reasoning is achieved. As expected,
the accuracy remains relatively constant after this point, suggesting that additional reasoning beyond
a does not yield significant accuracy gains, if any. We plot TERMINATOR alongside these curves to
show how close it is to the hindsight-optimal CoT length and performance. Notably, TERMINATOR
is close to hindsight-optimality for MATH-500, AIME25, and HumanEval, but is quite far from the
hindsight-optimal compression rate for GPQA. This suggests that GPQA is a challenging dataset for
TERMINATOR to generalize to, but it might be improved with a more rigorous data curation process
for GPQA-style questions.

5 CONCLUSION

We present TERMINATOR, an early-exit method for LRM reasoning. Training TERMINATOR requires
an optimal-length dataset of CoTs, which are obtainable through our robust answer extraction,
identification, and verification pipeline. Furthermore, we also provide novel analysis and insights
into the behaviors of an LRM’s (1) Token-Confidence during reasoning (Fig. Q) and (2) shift in
“thinking token” usage (Fig.[d). While our training data curation pipeline works well, future work can
explore making training more efficient as tens of thousands of CoTs are used to train TERMINATOR.
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A APPENDIX

A.1 NOTATION

A Large Reasoning Model LRM takes as input the prompt sequence * = (z1,Z2,23,...,2) and
produces two outputs r and s auto-regressively (Fig.[3| Here r = (r1,r9,73,...,73) is the CoT
sequence generated during the thinking stage, i.e. 7; = LRM(x,r~;) fori € [M] = {1,..., M},
and s = (s1, S92, S3, ..., sy ) is the solution that summarizes this CoT and contains a final answer a,
which could be a single numerical answer, a math expression, code, a multiple-choice option, etc.
Here s; = LRM(x, 7, s<;) for j € [IN]. Note that the final answer & is separate from the ground-truth
answer a; they may or may not be in agreement with each other. Throughout the paper, a always
refers to the final answer of the full CoT, not the final answer generated after exiting a CoT early.
For any early-exit strategy, a key metric to gauge its performance is the per-sample compression rate

(CR): Aﬁ“}‘["y , where Meyy € [M] is the token index of early exit in 7. Accuracy (Acc) measures the

proportion of problems where the correct answer is produced.
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Single Sample and Averaged Time Series for Qwen3-8B - All Data Sources (n =3200)

Single Sample Token C Event-Locked Average Token Confi
T T

! === Final Answer Position | 3¢ ! === Final Answer Position

s
&

—— Mean
+1 SE

I
B

Token Confidence
8
8

>

15 1
I
0 1000 2000 3000 4000 ~1000 -750 -500 -250 0 250 500 750 1000

Single Sample Log Probabiliti Event-Locked Average Log P
T T

IS

! === Final Answer Position === Final Answer Position !
031 —— Mean
+1 SE

w

02

Log Probability
~

0.1

00 !

o

0 1000 2000 3000 4000 1000 =750 =500 =250 0 250 500 750 1000
Token Index Relative Position from Answer

Figure 2: Event-Locked Averaging of Token-Confidence. Figures on the left show the Token-Confidence
and log-probability trajectories throughout reasoning for a single, randomly selected sample;
figures on the right show the effect of event-locked averaging on the position of the first arrival of the final
answer across all CoTs. The 3200 CoTs used are a random subset of our training set, which includes AIME
(1983-2024), MATH, OpenCoder-SFT, and OpenScience. Event-locked averaging shows a consistent agreement
on spiking behavior at the answer position in each CoT, but disagrees elsewhere.

A.2 TOKEN-CONFIDENCE

Our analytical experiments require a measure of LRM’s confidence during the generation of a CoT.
To this end, we use the Token-Confidence metric, that gauges the uncertainty of a chosen token.
Mathematically, for every i € [M], the corresponding Token-Confidence C; is defined as

1
Ciz—— > logPuu(ri=k|x,rs), 3)
kETK(i)
where Pppy(r; =-| @,7<;) is the LRM prediction probability at position ¢ and Tx (i) =
Top-K [Prry (1; = - | @, 7<;)] is the set of vocabulary tokens corresponding to the Top- K probabil-

ities. In other words, Token-Confidence is the average log-probability across the Top- K probabilities
(we set K' = 20 in our experiments). The higher it is, the more confident the model is in its predictions.

B MOTIVATION

Shortly after the breakthrough of LRMs, it was observed that they exhibit an overthinking phenomenon
where, despite arriving at the correct answer, they continue to consider alternative solution paths,
possibly leading to other incorrect answers |Chen et al.| (2025); |[Luo et al.| (2025). While LRMs
achieve greatly improved performance over their non-reasoning counterparts, they do so at a much
higher inference-time cost: up to thousands of additional tokens are generated to form the CoT before

arriving at the final solution (2025)).

Once an LRM generates a CoT r and a final solution s, we can observe the final answer a. Then, in
hindsight, we can determine precisely where the LRM should have exited the CoT to avoid wasting
tokens, and instead generate the final solution. First, we only need to check for a, not a, in r, as
the LRM may not have ever generated the correct (ground-truth) answer, so it doesn’t exist in 7.
Second, by choosing to terminate reasoning after the arrival of @ in r, all steps that are useful to
arriving at a are kept, and anything after is skipped as it is not necessary.

Detecting the Answer Early. We ran experiments to analyze a few different signals with potential
for answer detection and report the results in Figs.[2]and[d] In particular, Fig. 2]shows the evolution
of the Token-Confidences and log-probabilities for a randomly selected CoT in the left plots, and
the event-locked averaging of Token-Confidences and log-probabilities across many CoTs in the
right plots. To clarify, the event-locked average is formed by aligning the position of the first a
occurrence in each CoT’s signal to 0, and then taking the average across many CoTs. Interestingly,
while the single CoT plots do not show a clear indication of the arrival of a, the arrival is very clear
in the event-locked averaged plots. Moreover, these plots use CoTs sampled with problems in math,
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science, and coding, showing that this behavior is consistent across different data sources. Figs.[§]
to[TT]in the appendix show similar plots for each data source separately.

Fig. 4] shows the frequency of specific tokens before and after the first arrival of a for three “thinking
tokens,” of which hmm in the left plot, okay in the middle plot, and another in the right plot
are shown. “Thinking tokens” are special tokens often associated with thinking, such as wait, so,
alternatively, hmm, therefore, etc., that suggest ongoing reasoning patterns [Wang et al.
(2025a)); |Q1an et al.|(2025); Ding et al.| (2025)). That is, their existence suggests a continuation of
reasoning, which we aim to minimize, and we hypothesize that “thinking token” usage should change
once a has been generated. Each axis shows the frequency of the given token occurring before and
after the answer, expressed as a rate computed as the raw count divided by the total number of tokens
before and after the answer, respectively. The diameter of each point reflects the relative length of
a CoT, where a smaller diameter corresponds to a shorter CoT and a larger diameter corresponds
to a longer CoT. All three plots show a bias in the token rates before and after the first occurrence
of a. Namely, hmm and okay occur more often before the answer, while another occurs more
frequently after the answer. While not all “thinking tokens” show a clear bias before and after the
answer is generated, this shift in the token-frequency distribution signals that a has been generated.
Please see Fig.|12|in the appendix for similar results on other “thinking tokens.”

Moving to Online Inference. Although these results indicate the early arrival of a, applying them
during online inference remains challenging. Event-locked averaging (Fig. 2) requires multiple CoTs
with reliable answer position estimates to reveal spiking behavior, which is unavailable for a single
CoT at inference time. Similarly, the token-rate analysis in Fig. [ relies on full access to each 7
and the position of a, enabling post hoc rate computation. While both analyses reveal consistent
shifts in model behavior around the first occurrence of a, converting these signals into a practical
online inference algorithm remains non-trivial.

Our Approach. Under the hood of the LRM, there are clearly meaningful signals to indicate the
earliest arrival of a. But since there are unique challenges to designing an online inference algorithm
that exits as early as possible with hand-designed signals, we frame this problem as a prediction task.

The core idea of our approach is to train a probe classifier to predict when a has been generated.
However, we seek to do so at the token level, offering much finer-grained predictions than prior work.
That is, our dataset is curated to perform a token classification task. To the best of our knowledge,
all previous methods use much coarser granularity in their training dataset where they chunk each
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Figure 3: Early stopping via TERMINATOR (Left). TERMINATOR is a binary probe classifier that predicts
whether to exit or not at every CoT token. Once the majority of prediction bits within a window (10 here) are 1,
</think> is injected into the LRM’s token stream to stop thinking (Sec. [3).

Training-Dataset Curation Process (Right). We use an LRM to (1) extract final answer a from final solution
8, (2) identify the earliest position of a in the CoT 7, and (3) verify that the position was correct. If it was, then
we can extract the exact position of @ from the CoT and retry the identification step with feedback otherwise.
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Token Occurrence Ratios for Qwen3-8B - All Data Sources (n=3200)
Token: "hmm" Token: "okay" Token: "another"
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Figure 4: Token Usage Frequency Shift. “Thinking token” usage changes depending on whether the final
answer has been generated in the CoT. Rates are computed by counting the raw number of occurrences of the
token before and after the answer, and then normalizing each count by the respective number of tokens in the
before and after bins. The arrival of the final answer is hinted at by changes in the rates for these tokens. The
relative length of a CoT is captured by its dot size, where a longer CoT has a larger dot.

r according to some heuristic, such as “thinking tokens” or paragraph delimiters such as \n\n.
Then, at inference time, they exit once the predicted probability crosses a data-calibrated threshold
Liu & Wang| (2025); Wu et al.| (2025); Zhang et al. (2025a). The advantage of our approach at
inference-time is two-fold: (1) a probe classifier trained with our dataset has the ability to exit
immediately after a is generated, and (2) while our approach is amenable to using a data-calibrated
threshold, it is not necessary. The main drawback of data-calibrated thresholding is that it requires
additional samples from the evaluation data distribution, and the resulting threshold is therefore
specific to that distribution and may not transfer well to other distributions.

However, obtaining the a positions to create our dataset in a scalable way is challenging and highly
non-trivial, which we precisely address in the next section.

C ADDITIONAL DETAILS ON OUR METHODS

C.1 TRAINING AND INFERENCE.

During training, we optimize for high performance on a holdout validation set for our prediction task;
we choose our model based solely on how well it performs on the binary predictive task, without
peeking at the evaluation dataset performance. Our validation metric of choice is the Macro-F1 score.

We use vLLM |[Kwon et al.|(2023) with asynchronous requests to sample CoTs when curating our
training datasets. During inference with our trained model, a sliding window of the 10 most recent
predictions is used, and the </think> token is injected when more than 50% of the labels are 1
(majority voting). We set the threshold of predicting 1 to 0.7.

C.2 EARLY ANSWER EXTRACTION, IDENTIFICATION, AND VERIFICATION

Algorithm [I] contains pseudocode for our pipeline. i*, the index of the earliest token position
containing a, is used to construct the label set of our training data by setting all positions prior to
1* to 0 and setting all positions after ¢* to 1. Each of the three steps (extraction, identification, and
verification) requires separate calls to an LRM; please refer to our codebase for details on the exact
system prompts that we used for each step.

C.3 TRAINING DATASET DETAILS

Our training dataset consists of CoTs from AIME (1983-2024) |Art of Problem Solving, MATH
Lightman et al.| (2024), OpenCoder-SFT |[Huang et al.| (2024), and OpenScience [NVIDIA|(2025). All
933 samples and all 12,000 samples from the AIME (1983-2024) and MATH datasets, respectively,
are used. We randomly select 12,000 samples from the educational_instruct subset of the
OpenCoder-SFT-Stage2 dataset, which we refer to as “OpenCoder-SFT” in the main paper. This
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Algorithm 1 Answer Span Extraction, Identification, and Verification With Feedback

1: Input: CoT r, final solution s, LRM, tokenizer, max retries K
: Output: answer position ¢* (token index where answer is reached)

2
3
4: // Extract final answer value from model output
5: a <« LRM(“Extract the final answer from: ” + s)
6.

7

8

. // Iteratively extract and verify span with feedback
: z«— [/ feedback provided to the LRM
9: fork=1,..., K do
10:  // Ask LRM to identify a string span containing the first occurrence of a in r
11:  d < LRM(“Find first occurrence of ” + a + “in: ” + r + 2)

13:  // Verify the identified span contains the answer
14 v« LRM(“Does ” + d + “contain” + a + “?”)

15:

16:  if v == true then

17: break //span verified, proceed

18:  end if

19:

20:  z < z + “\n Previous span ” + d + “ was incorrect, try again”
21: end for

22:

23: // Pattern match span text to get character-wise positioning of the span
24: ¢ <« FuzzyMatch(d,r) // cis an integer-based character index of d in r

26: // Convert to token position where answer is reached
27: i* < CharToTokenPos(c+ len(d),r,tokenizer)

29: return 7*

subset consists of generated and validated Python coding examples. Our sampling procedure for this
dataset was not uniform, unlike the others. Instead, problems are grouped by their entry_point
field, and sampling is split into rounds, with each round randomly sampling one problem from that
group without replacement. Finally, we randomly sample an additional 12,000 samples from the
0S-03-235B-4 subset of the OpenScience dataset. This subset consists of multiple-choice STEM
question-answer pairs that were synthetically generated from Qwen3-235B-A22B |Yang et al.[(2025a)).

Three CoTs are sampled per problem by the target LRM (we used Qwen and Mistral models), yielding
a set of approximately 110,799 CoTs per LRM. The respective answer positions for each set of CoTs
is obtained with our extraction method outlined in Sec.[3.I] However, this procedure is not perfect,
as even with our retry logic, the answer extractor, identifier, and verifier LRM (Qwen3-30B-A3B-
Thinking-2507) cannot always identify the earliest final answer position. Thus, all three of these
steps are successful for roughly 70%-80% of CoTs. Finally, a training-ready dataset for each LRM is
formed by preparing label vectors (based on the answer positions), loss masks (based on the positions
of <think> and </think>), and tokenizing the CoTs.

C.4 IMPLEMENTATION OF THE BASELINE METHODS

Thought Calibration. |Wu et al.|(2025) propose training a linear probe to predict optimal stopping
points during reasoning generation. The method first segments reasoning trajectories (CoTs) into
individual steps, delimited by “\n\n”" and containing words like “wait” or “but”. Three probe variants
are introduced: Supervised predicts whether the LRM is correct based on current thoughts; Consistent
predicts whether the current answer (@) matches the final answer (a); and Novel Leaf predicts whether
the current step is a leaf node but not novel.

The stopping decision is controlled by two hyperparameters: tolerance § (the maximum acceptable
risk of stopping incorrectly) that implies a threshold A (the calibrated probe score cutoff that triggers
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stopping), and window size (the number of consecutive reasoning steps averaged to smooth predictions
before threshold comparison). We retrain the Supervised and Consistent probes on the S1-K dataset
Muennighoff et al.| (2025) for all four models in our experiments: Qwen3-8B, Qwen3-14B, Ministral-
3-8B-Reasoning-2512, and Ministral-3-8B-Reasoning-2512. For inference, we use a window size of
10, and the rest of the hyperparameters are specified in Table 2] As shown in Table 2} the Qwen3
models require lower thresholds compared to the Ministral models, as their probe outputs yield
systematically lower confidence scores. Similar model-specific calibration requirements have been
observed in prior work Yang et al.| (2025b).

Supervised Consistent
Model tolerance ()  threshold (\) | tolerance (§) threshold (M)
Qwen3-8B 0.25 0.6526 0.25 0.8790
Qwen3-14B 0.25 0.6377 0.25 0.8679
Ministral-3-8B-Reasoning-2512 0.10 0.8173 0.025 0.9973
Ministral-3-14B-Reasoning-2512 0.10 0.8306 0.025 0.9973

Table 2: Hyperparameters used for Supervised and Consistent linear probs for Thought Calibration.

We reported the results for the Supervised probe in Table[5] as it performed better across test datasets
than the Consistent probe. For comparison, we report the results for both probes in Table|3| Note
that for the Consistent probe with Ministral models, tolerance 0.025 represents the smallest feasible
setting among values suggested in|Wu et al.|(2025)). The smallest possible setting, being tolerance
0.01, yields threshold=1.0, resulting in no compression.

MATH-500 AIME 2025 GPQA HumanEval
Model Acc (1) CR () Acc (1) CR ({) Acc (1) CR() Acc (1) CR(])
Supervised
Qwen3-8B 90.1% 93.89% 65.8% 81.54% 52.6% 78.87% 71.8% 92.92%
Qwen3-14B 89.8% 91.92% 63.3% 71.29% 54.6% 81.90% 74.8% 87.12%

Ministral-3-8B-Reasoning-2512 87.7% 87.80% 83.7% 91.16% 47.3% 71.78% 47.2% 87.16%
Ministral-3-14B-Reasoning-2512 87.3% 95.86% 59.4% 79.71% 49.5% 73.81% 27.6% 96.25%

Consistent
Qwen3-8B 88.2% 72.09% 43.1% 54.64% 44.7% 45.17% 70.7% 73.90%
Qwen3-14B 85.9% 64.40% 41.7% 45.57% 48.3% 53.83% 70.9% 39.60%

Ministral-3-8B-Reasoning-2512 75.8% 80.53% 23.3% 60.50% 42.4% 62.69% 34.2% 75.24%
Ministral-3-14B-Reasoning-2512 68.7% 77.40% 9.4% 34.42% 40.6% 59.97% 9.6% 95.90%

Table 3: Performance comparison of Supervised and Consistent probes for Thought Calibration
across models and tasks.

D ADDITIONAL EXPERIMENTAL RESULTS

Main Results. Table[5]and Fig. [7]show the performance of TERMINATOR and relevant baselines
for both Qwen3 and Ministral-3 families with respect to the Compression Rate (lower is better)
and Accuracy. All methods are evaluated using the same CoTs that are used in the vanilla baseline,
except the NoThinking baseline, which is generated without CoT generation. Our results show
state-of-the-art performance over early-exit methods from prior work.

Latency Analysis. We develop a vLLM-compatible implementation of TERMINATOR, benchmark
the latency and throughput, and compare with running the vanilla LRM in vLLM. The results are
presented in Table [d] Both methods are evaluated on the same subset of MATH-500 questions with
a batch size of 1, disabled prefix caching, and on a single GH200. TERMINATOR halves the average
latency over the vanilla LRM, but does incur a small overhead of 10.8% for Qwen3-8B and 7.5%
for Qwen3-14B. However, as the base LRM size increases, TERMINATOR incurs a proportionally
smaller overhead since its architecture (a single transformer layer and an FFN) remains fixed.

Event-Locked Averaging Token-Confidence.  The results shown in Figs. 2 and {4 motivate
our approach by confirming that the first arrival of a is (1) marked by spiking behavior in the
Token-Confidence, which is most easily seen in the event-locked average case, and (2) by a shift
in the “thinking token” usage distribution. Focusing on the averaged plots in Fig. 2] we observe
that the confidence of the LRM grows up to the point when a is first generated, where the confidence
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Table 4: Latency Analysis. Latency and throughput benchmarks on MATH-500 problems (batch
size 1) for Qwen3-based vanilla and TERMINATOR models. TERMINATOR reduces latency costs by a
factor of over 2x, but incurs a slight throughput overhead. Values are reported as mean + 95% CI.

Qwen3-8B Qwen3-14B
Method Lat. (s) Thr. (tok/s) Lat. (s) Thr. (tok/s)
Vanilla 32.68 +£9.59 151.5+4.4 43.38+13.98 98.0+ 2.0

Terminator 14.10 £6.27 135.24+2.0 18.76 £6.52 90.6 £0.8

finally peaks. The confidence immediately drops after a is generated, which makes sense given that
the LRM immediately begins to doubt itself, often producing “thinking tokens” like wait or but,
signaling uncertainty about the answer that was just generated. The LRM’s confidence improves
a little as it continues to re-think through the problem.

We liken the averaged result in Fig. 2] to the field of event-related potential (ERP) research. An
ERP is a measurable brain response elicited by a sensory, cognitive, or motor event, captured by
electroencephalogram (EEG) recordings |Luckl| (2014). However, EEG recordings are often noisy,
so ERPs are estimated using time-locked statistical estimators (e.g. averaging) across multiple
EEG trials. While we do not claim that our findings will align exactly with ERP research, it is
quite interesting that meaningful and observable signals can be extracted from LRMs using similar
approaches, and we believe this warrants further exploration in future work.

Figs. [§]to[IT]show the Token-Confidence and log-probabilities for the single-sample and event-locked
averaging case, similar to what’s shown in Fig.[2] separately for each data source. While the exact
contours of these two signal types vary for different data sources, the same idea applies to all: the
LRM’s Token-Confidence has a sharp spike at the position of the first occurrence of a, followed by a
sharp decrease. In all cases, the Token-Confidence then has a quick recovery before plateauing or
decaying.

Token Usage Frequency Shift. Beyond providing motivation for our method, the results of Fig. ]
offer some interesting insights on the usage of “thinking tokens.” These plots show the strong usage
bias that can occur with respect to the first occurrence of a. For example, 63.9% and 91.5% of CoTs
contain the tokens hmm and okay more often before a than after it, respectively. Other tokens, like
another are more frequently used after. Moreover, Figs. [I2]to[I6]of the appendix show that the oc-
currence rates can differ drastically between data sources. For example, the token alternatively
has an above diagonal rate of 80.4% for MATH, but only 19.2% for OpenCoder-SFT.

Fig. @] also shows the length of each CoT by its dot size; it appears that there is some correlation
between the dot size and the occurrence rates. We show a plots of the before and after occurrence
rates for these three tokens in Fig.|17|of the appendix. Notably, shorter CoTs do in fact correlate
with higher token occurrences for these three “thinking tokens.”

Fig.[T2)shows an expanded view of Fig. 4] including six additional “thinking tokens.” Figs. [T3|to[16]
reproduces this expanded plot, but with the data sources separated. Interestingly, the occurrence rates
can vary substantially across different data sources. For example, for the token alternatively,
only 19.2% of points lie above the diagonal (only 19.2% of CoTs have the token alternatively
occurring more frequently after the answer than before), and 45.8% (nearly half!) of the points are
at the origin (the token alternatively never occurs in 45.8% of CoTs) for OpenCoder-SFT.
However, for MATH, 80.4% of points lie above the diagonal and only 4.1% lie at the origin for the
same token. Other tokens, like therefore, are strongly biased toward occurring after the answer.

Fig.|17|shows that the average occurrence rate across CoTs from all data sources changes depending
on how long the CoT is. We normalize by the number of tokens occurring before and after the first
occurrence of a for the before and after rates, respectively, so these plots suggest that the LRM uses
hmm, okay, and another more frequently for shorter CoTs than longer ones.

TERMINATOR Recovers Early-Exit Signals. Using TERMINATOR’s predicted exit positions,
the same event-locked averaging (Fig. [2) and “thinking token” frequency (Fig. d) phenomena
are recovered. Fig. [5] mirrors Fig. 2] but uses all samples from the test datasets instead of 3,200
randomly selected samples from our training dataset (gathering TERMINATOR’s predictions on the
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Token Confidence Comparison: Ground Truth vs. Terminator (Qwen3-8B) - All Test Samples (n=1132)
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Figure 5: TERMINATOR Recovers Event-Locked Average Spiking. The exit positions predicted
by TERMINATOR (center) recover the same spiking behavior in the event-locked averaged Token-
Confidence as the ground-truth answer positions (left). The histogram of differences between the exit
positions (right) shows that TERMINATOR’s predicted exit positions are close to the ground-truth.

Note that the v-axis on the histogram is log-scaled.
Token Occurrence Ratios: Ground Truth vs. Terminator (Qwen3-8B) - All Test Samples (n=1132)
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Figure 6: TERMINATOR Token Usage Biases. The exit positions predicted by TERMINATOR recover
the same biases in the “thinking token” occurrence rates as the ground-truth answer positions. The
inset axes on each panel show the percentage of dots that lie above the diagonal when the ground-truth
and TERMINATOR answer positions are used.

3,200 samples requires additional compute; the test dataset predictions are readily available). The
leftmost panel shows the event-locked average Token-Confidence based on the ground-truth answer
positions, while the center panel shows the event-locked average Token-Confidence using the answer
positions predicted by TERMINATOR. The rightmost panel shows the histogram of differences
between TERMINATOR’s predicted exit positions and the ground-truth positions; these differences
are concentrated around zero, with a median difference of 7, which helps explain why TERMINATOR
recovers most of the same signal.

Similarly, Fig. [f] is analogous to Fig. ] but superimposes the resulting scatter plots when the
ground-truth answer positions are used and when TERMINATOR’s answer positions are used. Inset
axes show that the above-diagonal percentages are nearly the same between these two, demonstrating
that the “thinking token” occurrence rates before and after TERMINATOR’s predicted answer positions
reveal before/after token usage biases.

The results of Figs. [5]and[6]together show that training TERMINATOR on the LRM’s hidden states
is enough for TERMINATOR to independently recover the same early-exit signals discovered earlier.

Event-Related Potentials for LRMs. We liken the averaged result in Fig. [2] to the field of
event-related potential (ERP) research. An ERP is a measurable brain response elicited by a sensory,
cognitive, or motor event, captured by electroencephalogram (EEG) recordings |Luck] (2014). How-
ever, EEG recordings are often noisy, so ERPs are estimated using time-locked statistical estimators
(e.g. averaging) across multiple EEG trials. While we do not claim that our findings will align exactly
with ERP research, it is quite interesting that meaningful and observable signals can be extracted
from LRMs using similar approaches, and we believe this warrants further exploration in future work.

Fig. @ also shows the length of each CoT by its dot size; it appears that there is some correlation
between the dot size and the occurrence rates. We show plots of the before and after occurrence
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rates for these three tokens in Fig. Notably, shorter CoTs do in fact correlate with higher token
occurrences for these three “thinking tokens.”

TERMINATOR Predictions During Reasoning. Fig. [I8] shows the event-locked average of the
predicted probabilities from TERMINATOR for each data source, and Fig. [T9] Fig.[20] Fig.[21] and
Fig.[22|show the predicted probabilities from four randomly chosen examples for AIME25, MATHH-
500, HumanEval, and GPQA, respectively. The event-locked average and the individual examples
from MATH-500 and HumanEval show sharp transitions in predicted confidence at the exiting
threshold, with good separation (dotted gray line). However, AIME25 and GPQA examples do not
show such a sharp transition, suggesting that it is challenging for TERMINATOR to identify a good
exit position for very hard tasks.

TERMINATOR Thresholding. Fig.[23|shows how the compression rate and the accuracy change
as a result of varying the threshold used by TERMINATOR to predict O or 1. For example, a
threshold 7 = 0.7 requires TERMINATOR to have a predictive confidence of at least 0.7 to predict 1.
Interestingly, varying the threshold has a greater impact on compression rate than on accuracy; setting
7 = 0.1 yields 8% and 17% better compression rates for MATH-500 and HumanEval, respectively,
compared to 7 = 0.9, with almost no change in accuracy! However, more challenging datasets,
such as AIME25 and GPQA, exhibit notable changes in accuracy as the threshold varies, though the
percent drop in accuracy from 7 = 0.9 to 7 = 0.1 is less than the improvement in compression rate.
For example, from 7 = 0.9 to 7 = 0.1 yields a 6% drop in accuracy but a 27% improvement in the
compression rate for GPQA. Since the accuracy drop is so small, this suggests that TERMINATOR
is reasonably confident at determining an appropriate exit position on the harder datasets, and that
additional reasoning time can only improve accuracy a little.

Answer Prediction Histograms. Fig.[24]gives an overview of the position of the first occurrence of
a in the CoTs for each data source we used for training. Fig. [25(shows the compression rate statistics
of TERMINATOR for each test dataset.

Case Study of TERMINATOR. By manual inspection, we have seen that for easier problems
in the MATH-500 dataset, there is a clearer transition to overthinking, which is well detected by
TERMINATOR. However, for harder AIME235 problems, the transition is less obvious. Figs.[26|to
show the generated CoTs of the Qwen3-14B model for a single sample from MATH-500 and AIME25
with the predicted probabilities from TERMINATOR.

E RELATED WORK

Prompt Compression. This line of work is concerned with compressing the input prompt (or
context) before passing it to an LLM. Some methods use soft-prompts Mu et al.| (2023); |Chevalier
et al.| (2023)); |Ge et al.| (2024); |Qin et al.| (2024) to compress tokenized inputs into a sequence of
embeddings. These embeddings serve as the LLM’s input, allowing richer expressivity, but they
are not amenable to black-box LLMs and are difficult to analyze theoretically. Other methods use
hard-prompts|Jung & Kiml|(2024); |Jiang et al.| (2024); |Pan et al.|(2024)); Nagle et al.| (2024)), keeping
the final compressed input prompt fixed to the same token vocabulary as the LLM.

Efficient Reasoning. Analogously to soft-prompt compression, latent or continuous reasoning
is a technique where reasoning unfolds across latent output embeddings (or hidden states) rather
than discrete tokens. Methods like Coconut|Hao et al.| (2025), CCoT |Cheng & Durme/(2024), and
Soft Thinking [Zhang et al.| (2025d) feed the LLM’s output embeddings back into the input of the
LLM during the reasoning stage, which significantly decreases the number of passes through the
LLM before arriving at the final answer. LightThinker Zhang et al|(2025c) uses an idea similar
to AutoCompressor |Chevalier et al.|(2023), where each reasoning step is generated as discrete tokens
first, compressed, and then the compressed summary of the reasoning thus far is fed back into the
LLM to generate the next step. Other methods, like TokenSkip and C30T Xia et al.[(2025)); Kang et al.
(2025)), are closer to hard-prompt compression, where a prompt compressor (or a summarization)
model first compresses the CoTs into much shorter versions, and the LLM is retrained on these shorter
CoTs. CoT-Valve Ma et al|(2025b)) extends this idea by introducing a parameter that adds explicit
control over the reasoning length after fine-tuning. CALM |Schuster et al.| (2022) also keeps its
outputs in the token space, but saves compute by making layer-wise token-level early-exit decisions.
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Table 5: Performance of TERMINATOR and Baselines. 1 Indicates that higher values are better, while | indi-
cates that lower values are better. CR is the compression rate, reported here as the mean per-sample compression
rate. Bold and Underlined values highlight the best and second-best performing early exit methods, respectively.
TERMINATOR demonstrates superior accuracy-efficiency trade-offs (best or second-best performance across 31
out of 32 metrics).

Math Coding Science
Method MATH-500 AIME2S HumanEval GPQA Overall
Acc?  CR| Acct CR|] Acet CR| Acct CR| Acc? CR|
Owen3-8B
Vanilla 91.1% 100% | 74.4% 100% |86.4% 100% |57.6% 100% |77.4% 100%
NoThinking 80.7% 16.1% | 22.0% 18.6% |78.5% 11.8% |30.7% 15.8% |53.0% 15.6%
DEER 79.9% 52.0% |21.4% 67.8% |77.4% 83.6% |50.5% 99.6% |57.3% 75.8%

Thought-Calib | 90.1% 93.9% | 65.8% 81.5% |71.8% 92.9% |52.6% 78.9% |70.1% 86.8%
TERMINATOR | 90.7% 45.1% | 69.4% 70.7% | 82.9% 69.9% |52.1% 85.7% |72.6% 67.8%

Owen3-14B

Vanilla 92.0% 100% |79.9% 100% |76.0% 100% |59.9% 100% |77.0% 100%
NoThinking 84.1% 17.5% |263% 19.9% |78.3% 12.2% |32.1% 18.8% |55.2% 17.1%
DEER 80.9% 56.2% |27.6% T71.0% |80.7% 87.3% |49.0% 97.4% |59.6% 78.0%

Thought-Calib | 89.8% 92.0% | 63.3% 71.3% |74.8% 87.1% |54.6% 81.9% |70.6% 83.1%
TERMINATOR | 90.7% 46.8% | 74.2% 71.0% |83.3% 70.9% |53.9% 87.1% |78.0% 65.0%
Ministral-3-8B-Reasoning-2512

Vanilla 93.5% 100% |92.6% 100% |92.1% 100% |62.3% 100% |85.1% 100%
NoThinking 832% 28.1% | 43.6% 36.5% |70.5% 16.4% |39.7% 16.0% |59.3% 14.6%
DEER 71.0% 60.3% |67.1% 77.0% |75.8% 84.0% | 61.1% 94.1% | 68.8% 78.9%

Thought-Calib | 87.7% 87.8% | 83.7% 91.2% |472% 87.2% |473% 71.8% | 66.5% 84.5%
TERMINATOR | 89.1% 47.8% |57.4% 67.1% |89.0% 66.6% | 58.2% 711.4% |73.4% 64.7%
Ministral-3-14B-Reasoning-2512

Vanilla 93.0% 100% |88.1% 100% |89.6% 100% |62.7% 100% |83.4% 100%
NoThinking 791% 11.7% | 20.5% 13.8% | 80.0% 14.1% | 41.0% 6.6% |552% 13.7%
DEER 69.8% 74.6% | 559% 84.9% |193% 46.5% |58.5% 95.0% |50.9% 75.3%

Thought-Calib | 87.3% 95.9% |59.4% 79.8% |27.6% 96.3% |49.5% 73.8% |56.0% 86.5%
TERMINATOR | 90.2% 43.9% | 65.8% 68.7% |89.6% 71.0% | 60.6% 76.5% |76.5% 65.0%

Early-Exit Reasoning. These methods seek to make reasoning more efficient by terminating the
CoT early. All existing methods use a consistency-based approach, injecting the </think> token
at various points to force the model to generate an answer or a useful signal. Some methods, like
EAT [Wang et al.|(2025b), DEER |Yang et al.| (2025b)), ES-CoT Mao et al.| (2025)), and Dynasor [Fu
et al.| (2025a)) are training-free; they track signals throughout the reasoning process and exit when
a threshold is crossed. Other methods, like SpecExit|Yang et al.|(2025c)), Learn To Stop |Liu & Wang
(2025)), Thought Calibration [Wu et al.| (2025), and FlashThink Jiang et al.| (2025)) rely on training
a separate probe classifier by using consistency as the main approach for gathering their training
signals. By contrast, our work constructs a training signal to predict the immediate arrival of a,
thereby training on hindsight-optimal length CoTs.
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Figure 7: Pareto Frontier. TERMINATOR consistently achieves strong Pareto efficiency, reflected by
the best accuracy—efficiency tradeoff across models and tasks. Here we plot the Pareto frontiers of
accuracy versus compression rate across four reasoning models (Qwen3-8B, Qwen3-14B, Ministral-
8B, Ministral-14B) and four benchmarks (MATH-500, AIME25, HumanEval, GPQA). Each point
represents a method’s accuracy and compression rate, with lower compression rates indicating greater
token savings. The dashed line traces the Pareto frontier connecting non-dominated solutions. The
data used to generate this figure is the same as the data from Tablelﬂ

Single Sample and Averaged Time Series for Qwen3-8B - AIME (n=800)
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Figure 8: Event-Locked Averaging of Token-Confidence for AIME (1983-2024). A reproduction
of Fig.[2| but only using CoTs from 800 randomly selected AIME (1983-2024) problems.
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Figure 9: Event-Locked Averaging of Token-Confidence for MATH. A reproduction of Fig. 2| but
only using CoTs from 800 randomly selected MATH problems.
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Figure 10: Event-Locked Averaging of Token-Confidence for OpenCoder-SFT. A reproduction of
Fig.[2] but only using CoTs from 800 randomly selected OpenCoder-SFT problems.

Single Sample and Averaged Time Series for Qwen3-8B - OpenScience (1 =800)
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Figure 11: Event-Locked Averaging of Token-Confidence for OpenScience. A reproduction of
Fig.[2] but only using CoTs from 800 randomly selected OpenScience problems.
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Token Occurrence Ratios for Qwen3-8B - All Data Sources (1 =3200)
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Figure 12: Token Usage Frequency Shift. An extension of the results shown in Fig. F_ll, highlighting
additional “thinking tokens.” While most “thinking tokens” shown here have some bias, often
occurring before and after the first occurrence of the final answer as indicated by the Above Diagonal
statistic, some tokens, like “so,” are close to an equal rate on average.

21



Workshop on Test-Time Updates, ICLR 2026

Token Occurrence Ratios for Qwen3-8B - AIME (1 = 800)
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Figure 13: Token Usage Frequency Shift for AIME (1983-2024. A reproduction of Fig.|12] but
only using CoTs from 800 randomly selected AIME (1983-2024) problems.
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Token Occurrence Ratios for Qwen3-8B - MATH (n =800)
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Figure 14: Token Usage Frequency Shift for MATH. A reproduction of Fig.
CoTs from 800 randomly selected MATH problems.

but only using
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Figure 15: Token Usage Frequency Shift for OpenCoder-SFT. A reproduction of Fig.

Token Occurrence Ratios for Qwen3-8B - OpenCoder-SFT (n=800)
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Token Occurrence Ratios for Qwen3-8B - OpenScience (n=800)
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Figure 16: Token Usage Frequency Shift for OpenScience. A reproduction of Fig
using CoTs from 800 randomly selected OpenScience problems.

Occurrence Rates vs CoT Length for Qwen3-8B - All Data Sources
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Figure 17: Token Occurrence Rate vs CoT Length. For some tokens, such as these three “thinking
tokens,” occurrence rates decrease rapidly as CoT length increases. Interestingly, the side of the
answer (either “before” or “after”) with the highest rate is the one that decays the most (the “before”
rate for hmm and okay and the “after” rate for another), while the side with the lower rate sees only
a slight decrease or increase. For each plot, the lengths are placed into ten bins with percentile-based
bin edges. In other words, each bin contains approximately 10% of the samples. Shaded regions
indicate the 95% confidence interval.
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Event-Locked Average Exit Predictions by Data Source for Qwen3-8B
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Figure 18: Predicted Probabilities Event-Locked Averaging. The dashed vertical line shows
where TERMINATOR terminates the CoT with a sliding window of 10 and an exit threshold of 0.7, as
indicated by the horizontal dotted line. We show the average predicted probability stream across all
test problems from MATH-500, AIME25, HumanEval, and GPQA. Figs. @ to @ show predictions
streams from individual, randomly drawn samples from each data source.
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Figure 19: Predicted Probabilities for AIME25. TERMINATOR’s predicted probability stream for
early-exiting on four randomly chosen samples from AIME25.
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Individual Sample Exit Predictions for Qwen3-8B - MATH-500
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Figure 20: Predicted Probabilities for MATH-500. TERMINATOR’s predicted probability stream

for early-exiting on four randomly chosen samples from MATH-500.

Individual Sample Exit Predictions for Qwen3-8B - HumanEval
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Figure 21: Predicted Probabilities for HumanEval. TERMINATOR’s predicted probability stream

for early-exiting on four randomly chosen samples from HumanEval.
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Individual Sample Exit Predictions for Qwen3-8B - GPQA
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Figure 22: Predicted Probabilities for GPQA. TERMINATOR’s predicted probability stream for
early-exiting on four randomly chosen samples from GPQA.
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Figure 23: Changing the Predictive Threshold. The effect of changing the threshold of predicting O
or 1 is altered from 0.1 to 0.9. Notably, the compression rate exhibits the largest change from 7 = 0.1
to 7 = 0.9 for all datasets, compared to the change in accuracy. In particular, some datasets, like
MATH-500 and HumanEval, exhibit very little performance drop.
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Figure 24: First Answer Occurrence Histogram. A histogram of the first occurrence of the final
answer for each data source used in our training dataset is shown.
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Figure 25: Compression Ratio Histograms for TERMINATOR. Each histogram shows the frequency
of an achieved compression rate when early-exiting with TERMINATOR. | indicates that a lower
compression rate is better, as it results in more tokens saved with our method. Three CoTs are

sampled per data source.
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MATH-500, sample 77
—— Early exiting position
True: 4 | Pred: 4

a "\{ m \\ cdot n \} $. Applying that here , the right side
becomes : $$ 2 ~ 8 = 2 “\{ 2 x \} $$ So now both sides have
the same base , which is 2 . If the bases are equal and the
expressions are equal , then their ex ponents must be equal as well

That means : $$ 8 = 2 x $$ To solve for $ x $, divide
both sides by 2 : $$ x = \\ frac \{ 8 \}\{ 2 \} = 4 $$ Wait
, let check if that makes sense . If $ x = 4 $, then $ 4
~ 4 $ should equal $ 2 ~ 8 $. Let me compute both : $ 4 ~ 4
= 4 \\ times 4 \\ times 4 \\ times 4 = 1 6 \\ times 1 6 = 2
5 6 $ $ 2 ~ 8 = 2 \\ times 2 \\ times 2 \\ times 2 \\ times
2 \\ times 2 \\ times 2 \\ times 2 = 2 5 6 $ Yes , both equal

2 5 6 . So that checks

0.0 0.2 0.4 0.6 0.8 1.0
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Figure 26: Predicted Probabilities for MATH-500. TERMINATOR’s predicted probabilities for

early-exit on a randomly chosen sample from MATH-500. The beginning and the end are truncated
for better visibility.
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MATH-500, sample 195
—— Early exiting position

True: 24 | Pred: 24

compute p ( 4 ). Pl ugging in x = 4 : p ( 4 ) = ( 4
-1 )4 -2 )4 -3 )4 -1)=1(3)2
X 1 )} 4 - r ) =3 *x 2 * 1 X 4 - r ) =6
4 - r ) =24 - 6 r Therefore , p ( 0 ) + p
(4 ) =6 r + 24 - 6 r =2 4 . Wait , the r
terms| cancel out ? That 's interesting . So regardless of the value

of r , p (0 ) + p (4 ) is 2 4 ? But how is that

possible ? How come we don 't need to know the fourth root ? Is

there something wrong here ? Let me check my calculations again . For
p (O )X (0 -1)=-1(0-2)=-.2
(0 -3 )= -3 (0 - r ) = - r Multiply them : (-

0.0 0.2 0.4 0.6 0.8 1.0

Early Exit Probability
Figure 27: Predicted Probabilities for MATH-500. TERMINATOR’s predicted probabilities for

early-exit on a randomly chosen sample from MATH-500. The beginning and the end are truncated
for better visibility.
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AIME-2025, sample 508
—— Early exiting position

True: 62 | Pred: 50

- al | 4 1 ) 6 is not the correct y -coordinate . Therefore
, this suggests that my initial calculation is correct , and the
answer is (- 3 - al | 4 1 ) 6 , which is in the form ( a -
al | b ) c if we allow a to be negative , but the problem
specifies a , b , c are positive integers . This is a contradiction
, indicating a possible error in the problem or my solution . However
, since the problem is from a competition , 's more likely that
I made a mistake . Let me revisit the quart ic equation . Earlier ,
after substit uting t = x &Il 3 , we had the quart ic equation t
~4 - 2t A - 251t A + 18 ¢t + 120 =
0 , which fact ored into ( t A2 + t - 1 0 ) t A2 - 3 t
- 1 2 ) = 0 . Let me double -check this factor ization . Multiply

(t A2 + t - 10 )

1]

0.0 0.2 0.4 0.6 0.8 1.0
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Figure 28: Predicted Probabilities for AIME25. TERMINATOR’s predicted probabilities for early-
exit on a randomly chosen sample from AIME-2025. The beginning and the end are truncated for
better visibility.
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AIME-2025, sample 517
—— Early exiting position

True: 82 | Pred: 82

's 8 2 . Seems small ,» but maybe correct ? Alternatively ’
think of the number of possibilities for internal edges and external
edges . Earlier , we found that for each internal edge configuration
( a ,b ,C ,d ), there are some number of external color ings . And
total over all internal configurations is 8 2 o Therefore o 8 2 is
the answer ? But let me check with another approach o Suppose we
model this as a graph and use linear algebra over GF ( 2 ). However
o the constraints are not linear equations but rather exact counts
However , maybe we can find dependencies o Alternatively D think of
the problem as a constraint satisfaction problem where each square

imposes that the sum of its edges is 2 ( mod something ? No , it

's not mod , it 's exact count ). However o since each square has
four edges , two red and two blue D which is equivalent to saying
that the number of red edges is even ? No , two is even 0 but also
5 for example D if you have three red edges

0.0 0.2 0.8 1.0

0.4 0.6
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Figure 29: Predicted Probabilities for AIME25. TERMINATOR’s predicted probabilities for early-
exit on a randomly chosen sample from AIME-2025. The beginning and the end are truncated for
better visibility.
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