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Abstract

Decision models answer typed questions in one forward pass, which makes them fast but weak
on multi-step questions. However, chain-of-thought (CoT) reasoning is too long for a half-second
latency budget. Truncating it does not help: cut at 64 tokens, Qwen3.5-4B’s own reasoning is less
accurate than a direct answer (35.6% against 48.3%). We study whether a small model can learn
to reason usefully within 80 tokens. We train Qwen3.5-4B to finish its CoT inside this budget,
with rejection-sampling fine-tuning on its shortest correct CoT and reinforcement learning with
a completion bonus. On seven of ten test sets, the resulting model, OpenVerdict, matches or
outperforms every open model up to 9B parameters that we evaluate. It leads significantly on all
three multi-step reasoning sets, while larger models remain stronger on knowledge-heavy tasks. A
paired analysis shows large gains on state tracking and no clear effect on single-step judgments.
We also reproduce, at 4B, that rewarding correct answers reached through invalid reasoning harms
tasks the model cannot yet solve. These results suggest that, under tight latency budgets, training a
small model to finish a short CoT outperforms truncating a long one. We release the weights, code
and 800 logic puzzles.

1 Introduction

Software increasingly calls models in the middle of its control flow: to route a support ticket, to check a
request against a policy, or to decide whether a screenshot shows the expected page. Each of these calls
needs a typed answer with a probability, and it needs it fast, because a person or an agent waits for it,
often many times per task. Decision models (also called System One models), such as Jev [44], CLM [20],
H20-Lightning-4B [30] and Kev [34], answer these questions in one forward pass.

However, one forward pass is weak when the answer needs several steps of state tracking. Consider
this question from BIG-Bench Hard (BBH) [42]:

Leda tells the truth. Shalonda says Leda lies. Shenna says Shalonda tells the truth. Christie says Shenna
lies. Crista says Christie tells the truth. Does Crista tell the truth?

The answer needs five small steps (Leda true, Shalonda false, Shenna false, Christie true, Crista true).
Our model in non-thinking mode answers No with probability 0.94, which is incorrect. On 540 public
reasoning questions of this kind from BBH and Proof Writer (the BBH + Proof Writer sample), the base
Qwen3.5-4B answers 48.3% correctly with a direct answer.

Chain-of-thought (CoT) reasoning solves such questions, but it is too long for this setting. With
its own thinking, Qwen3.5-4B answers 92.4% of the sample correctly, but it writes 1,224 tokens per
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Figure 1: Accuracy against CoT length on the BBH + Proof Writer sample (540 public reasoning questions).
The base Qwen3.5-4B needs about 500 tokens of thinking to outperform its own direct answer; with its thinking
truncated at 64-256 tokens, it is less accurate than with no thinking at all. OpenVerdict’s thinking mode reaches
73.5% with 53 tokens on average, inside the region that fits in 500 ms on one H100 SXM (green; estimated from
timings of an earlier checkpoint, Section 4; on an H100 PCle the final model is slower, Section 7.7). Hollow circles
are the training stages of Section 5.

question on average (731 on the question above). On one H100 SXM this takes about 5 s per answer
(estimate, Section 4), ten times our target of half a second. Truncating the thinking does not help either:
cut at 64 tokens, the base model answers only 35.6% correctly, which is lower than its direct answer.
On the question above, all 64 tokens restate the question ( “The user wants me to solve a logic puzzle...
**State:** 1. **Leda:** Tells the truth...”), and the answer is read before any reasoning takes place.

We therefore ask whether a 4B model can learn to reason usefully within a budget that fits in about
half a second, and whether this reasoning also helps on practical decisions, not only on puzzles. Our
approach trains the model to finish its CoT inside an 80-token budget: rejection-sampling fine-tuning
on its own shortest correct CoT, followed by reinforcement learning with a bonus for a correct answer
whose CoT finishes inside the budget (Section 5).

The resulting model, OpenVerdict, writes about 50 tokens on average (30 on the question above,
Figure 12) and answers Yes, which is correct. Figure 1 shows the trade-off between accuracy and CoT
length. On multi-step reasoning, the short CoT gives large gains over the non-thinking mode: +15.1
points on our logic puzzles and +11.1 on the BBH + Proof Writer sample. On practical decisions, the
gain depends on the task: +5.2 points on JevBench public, but no difference on our five public decision
datasets (72.7% in both modes). For this reason, the model keeps both modes, and the caller chooses
one per question.

Our contributions are:
« a measured account of the thinking budget at 4B: a truncated CoT is less accurate than a direct

answer, the gain comes mainly from CoTs that finish inside the budget, and a bonus for finishing
trades a little accuracy for shorter CoTs (Sections 4 and 5.3);

« a map of where a 50-token CoT helps, over 42 paired comparisons: large gains on state tracking
and no clear effect on single-step judgments (Section 7.6);



Table 1: OpenVerdict at a glance: thinking mode against the strongest open models up to 9B parameters and,
for reference, the larger Kev-27B and TypeSafe’s Jev 1.13.0 API, task by task on the same questions, all run by
us (accuracy, %). Bold: the best of the open models up to 9B. The last column gives the difference to Jev with
its paired 95% confidence interval (CI). —: not run; n/a: text-only model. Rows are grouped by whether another
open model up to 9B is more accurate than OpenVerdict; every task we measured is listed. All systems on all
ten test sets: Table 6. ¢ Balanced 300-message sample, default 0.5 threshold (Section 7.3); on the full test split,
OpenVerdict has the highest F1 of the open models we ran, on par with Kev-4B (Section 7.2). ® Development set
(Section 6). ¢ Three state-tracking tasks of BIG-Bench Hard (BBH); all 23 tasks are in Figure 11 and Table 13. ¢ Jev
1.14.0; version 1.13.0 scored 85.7%. € The first 200 numeric test problems; on all 541, OpenVerdict scores 70.1%
(Section 7.2). Imajev-4B’s 25.7 on RewardBench 2 counts its refusals of long questions as incorrect (Section 6).

Open, up to 9B Larger or API, for reference

Task n | OpenVerdict | H20-Lightning-4B Imajev-4B Clef-Flash 9B | Kev-27B Jev 1.13.0  Difference to Jev
No open model up to 9B is more accurate than OpenVerdict

BBH tracking shuffled objects (3)° 250 93.6 33.2 36.4 20.8 34.0 98.4 —4.8 [-8.4,-1.6]
BBH web of lies® 250 93.2 56.0 58.0 74.4 90.0 100.0 —6.8 [-10.0, -3.6]
BBH navigate® 250 85.2 67.6 65.6 63.2 75.2 93.2 —8.0 [-12.8, -3.6]
Logic puzzles 800 63.5 49.5 49.1 52.0 55.9 65.6 —2.1[-6.0,+1.9]
RewardBench 2 (reward modeling) 300 72.0 63.3 25.7 59.0 77.0 80.0 —8.0 [-12.3, -3.3]
BBH + Proof Writer sample 540 73.5 60.2 65.6 62.8 74.6 94.6 —21.1 [-25.0, —17.6]
BIG-Bench Hard (all 23 tasks) 5,507 72.9 66.7 65.6 68.7 77.3 91.5 —18.6 [-19.8, —17.5]
XSTest (exaggerated safety) 300 87.3 83.3 79.0 81.0 88.3 89.3 —2.0 [-6.0, +1.7]
JevBench public? 231 89.2 89.2 86.1 82.3 87.9 87.94 +1.3 [-3.0, +5.6]
Another open model up to 9B is more accurate

OpenAlI moderation set 300 85.3 87.7 87.0 86.0 88.0 87.0 —1.7 [-5.0, +1.7]
Mind2Web (next-action prediction) 81 81.5 80.2 85.2 80.2 914 90.1 —8.6 [-16.0, —1.2]
ToxicChat (toxicity detection)® 300 88.7 67.3 63.0 93.7 69.0 70.3 +18.3 [+14.0, +23.0]
When2Call (tool-call decisions) 300 74.3 81.3 70.7 61.0 65.0 72.7 +1.7 [-2.7,+5.7)
ESCI (product search relevance) 300 53.3 58.0 56.3 63.0 63.0 57.7 —4.3 [-9.0, +0.7]

Images: no open model up to 9B is more accurate than OpenVerdict (Jev and Kev-27B take text only)

Geometry3K (geometry problem solving)® 200 67.0 54.5 61.5 55.0 n/a n/a
CORD (receipt understanding) 80 91.2 88.8 86.2 88.8 n/a n/a
Images: another open model up to 9B is more accurate (Jev and Kev-27B take text only)

ChartQA (chart question answering) 180 93.3 93.9 94.4 91.7 n/a n/a
ScreenSpot (GUI grounding) 200 77.5 82.0 81.0 86.0 n/a n/a
VisA (anomaly detection) 240 77.9 67.5 89.2 62.5 n/a n/a

« a reproduction at 4B and an 80-token budget of the finding that rewarding correct answers
reached through invalid reasoning harms tasks the model cannot yet solve (Section 8.2);

+ OpenVerdict, an open 4B decision model with a non-thinking and a thinking mode in one adapter,
with its full training recipe (Section 5);

« a comparison with Jev, Kev-27B, Clef-Flash and five open models of about 4B parameters on ten
test sets, every system on the same questions (Section 7; the only missing results are text-only
models on image sets), with the full test splits of ToxicChat and Geometry3K as a check of
two samples (Section 7.2), and the ideas that did not work, each explained by a measurement
(Appendix F).

2 Background and related work

Decision models. A decision model receives a state (text, a JSON object or an image), a typed question
and a list of options. The question types are choice (pick one of several options), yes / no, and rating
scale (pick a level). The model returns a probability for every option. Jev, TypeSafe’s decision model,
defines this interface [44], and JevBench scores models on it [6]. Several open models follow the same
interface: H20-Lightning-4B [30], Kev [34], Clef and Clef-Flash from Cloudflare [9], Imajev-4B [31],
JevK5 [3] and Decision 4B [13], as well as research models such as CLM [20], Jeva [22] and Large
Decision Models [7].
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Figure 2: The two modes, on the BBH question from the introduction (real outputs of the final model). Both
modes end the same way: one forward pass scores every option at once, so the output is always a full probability
distribution, never a sampled word.

Scoring options by their letter probabilities. Geuter et al. [14] show that an instruction-tuned
language model is already a good decision model if we read the next-token probabilities of the option
letters (A, B, C, ...) at the answer position, and that supervised fine-tuning plus temperature scaling
make it better. OpenVerdict scores options the same way; this is not our contribution.

Thinking and non-thinking modes. Qwen3 [36] trains one model with a thinking mode and
a non-thinking mode, and introduces a thinking budget: when the thinking reaches the budget, the
thinking is stopped and the model answers from what it has written so far. SmolLM3 [4] does the same
at 3B, and s1 [32] controls the length of thinking at test time by ending it early or extending it (budget
forcing). Our thinking mode stops the CoT the same way. The difference is the scale: these works study
budgets of thousands of tokens, while we need the whole answer in about half a second, so our budget
is 80 tokens.

Shorter reasoning. Two families of methods shorten a model’s CoT. The first fine-tunes on short,
correct samples of the model’s own reasoning: rejection-sampling fine-tuning (RFT) [48, 49] and its
use for concise reasoning [17, 33]. The second adds a length term to the reward used in reinforcement
learning (RL) 1, 17, 47]. Prompting for brevity, as in Chain of Draft [46], also helps large models, and Li
et al. [23] find that small models learn better from short reasoning chains than from long ones written
by stronger models. Our stages 2 and 3 use the first two families; Appendix F shows why prompting
alone did not work at 4B.

3 How OpenVerdict answers

OpenVerdict is Qwen3.5-4B [36, 37] with one LoRA adapter [16] of rank 32 (@ = 64) on 248 linear layers
(65 million trainable parameters). The base weights stay frozen. The prompt is the decision in JSON:
the state, the question and the options, each option with a one-letter code. For example:

{"state": "Alice, Bob, and Claire ... First, Bob and Alice swap books. .. .",
"question”: {"type": "choice"”, "instructions”: ". .. At the end of the semester, Alice
has . ..",

"candidates”: [{"code": "A", "description”: "Frankenstein"}, {"code”: "B", .. .3}, ... 1}}



Non-thinking mode. The model reads the prompt once. At the answer position we take the logits z

of the option letters and apply a softmax over the options only:
exp(zx)

2 jeoptions €XP(2;)

This is one forward pass, so every option is scored at the same time, in parallel. The cost does not grow

with the number of options.

po(k | x) =

(1)

Thinking mode. The model first writes a CoT, one token at a time (greedy decoding), until it emits
the end-of-thinking token or reaches the thinking budget of 80 tokens. If it reaches the budget, we close
the thinking ourselves, as Qwen3 does at its thinking budget [36] and s1 does with budget forcing [32];
we call such a CoT truncated. Then one more forward pass reads the prompt and the CoT and scores
the options from their letter probabilities, as above. Following the two-stage prompting of Kojima et al.
[18], we call this pass the answer-extraction pass. Figure 2 shows both modes on the question from the
introduction: the non-thinking mode says No (0.94), and the thinking mode writes 30 tokens and says
Yes (1.00).

Calibration. Finally, temperature scaling [15], and a cap on the top probability for yes / no questions,
make the probabilities match how often the model is correct (Section 5.5). It never changes which
option is on top.

OpenVerdict therefore reasons in words but answers like a classifier: in both modes, the output
is a full probability distribution over the options, and the cost of the answer does not depend on the
number of options.

4 Choosing the thinking budget

The budget follows from the latency target. This section derives the 80-token budget and reports the
two measurements that set the training goal.

The time limit sets the thinking budget. Our target is an answer in about 500 ms on one H100, so
that a person or an agent can call the model inside a loop. When we chose the budget, we measured 164
single requests of an earlier checkpoint of the model on one H100 SXM (same base model, same vLLM
serving, Figure 3). The time of the CoT plus the answer-extraction pass fits a straight line: about 99 ms
plus 4.4 ms per CoT token. A CoT of 80 tokens therefore takes about 0.45 s, and the largest CoT that
fits in 500 ms is about 92 tokens (estimate). We chose 80 to keep some room for the spread of single
requests (standard deviation 63 ms) and for long prompts. The H100 PCle has less memory bandwidth:
there, the final model takes about 74 ms plus 6.2 ms per CoT token, so an 80-token CoT takes about
0.57 s (measured, Section 7.7).

A truncated CoT adds little accuracy. The base model shows the problem clearly: cut at 64 tokens,
its thinking reaches 35.6% on the BBH + Proof Writer sample, below its direct answer (48.3%). Our early
model, trained at a 64-token budget, showed the same pattern on paired questions. Where its CoT
finished, it outperformed its own non-thinking answer by 14.5, 7.6 and 2.8 points on the three test sets
we used at that point; where the CoT was truncated, the differences were +0.7, —0.3 and —1.1 points.
The final model still follows this pattern (Figure 4). On JevBench public, the answer after a finished
CoT is correct 93.8% of the time and after a truncated CoT 65.8%; on the ChartQA + Geometry3K +
CORD set, 92.9% against 44.4%. Because we also trained the answer-extraction pass on truncated CoTs
(Section 5.2), a truncated CoT is no longer harmful: on the same truncated questions of JevBench public,
the non-thinking answer is correct only 55.3% of the time. Most of the gain, however, comes from the
CoTs that finish. The training goal is therefore a CoT that finishes inside the budget.
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Raising the budget from 64 to 80 tokens helps without retraining. Our first three training
rounds used a 64-token budget (about 0.38 s by the fit above). After them, 61% of the CoTs on the BBH +
ProofWriter sample still reached the budget, which suggested that the budget, more than the model,
was the limit. Before training at a new budget of 80 tokens, we ran the same model at 80 tokens with
no further training: accuracy on the BBH + Proof Writer sample rose from 70.4% to 75.0% (+4.6 points,
95% CI [+2.2, +7.0]) and on the logic puzzles by +3.4 [+1.0, +5.9]. This gain comes from the larger
budget alone. RL at the new budget (Section 5.3) did not add accuracy on top of it. Instead, it shortened
the CoTs again (mean 65 tokens without training, 54 after RL with the completion bonus), at a cost of
one to two points on the BBH + Proof Writer sample (73.0% against 75.0%; 73.9% after the second RL
round, which used new data). Figure 1 shows these points. Compared with the RL round 1 model run
at 80 tokens, the released model is on par on every reasoning set (all four CIs include zero) and more
accurate on the five decision datasets (+2.1 points [+0.5, +3.7]) and on the ChartQA + Geometry3K +
CORD set (+6.1 [+2.6, +9.3]). It also writes CoTs that are 7-12 tokens shorter (53 against 65 tokens on
the BBH + Proof Writer sample).

Most CoTs use about 50 tokens. The budget is a maximum, not a target. The training in Section 5
rewards a CoT that ends before the budget, so most CoTs stop well short of 80 tokens: the final model
writes 41 tokens on average on JevBench public, 53 on the BBH + Proof Writer sample and 60 on the
harder logic puzzles. On the text test sets, 0-29% of its CoTs reach the budget. By the H100 SXM fit
above, a 50-token CoT takes about 0.32 s (about 0.39 s on an H100 PCle). The budget therefore matters
only for the hardest questions, which are also the ones that need the most time.

5 Training recipe

We train in three stages (Figure 5): supervised fine-tuning (SFT), rejection-sampling fine-tuning (RFT)
and reinforcement learning (RL), followed by a short SFT round on images. Each stage addresses a
limitation of the previous one. For each stage, we state the limitation, the method, and the experiment
that supports it.
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Figure 5: The training pipeline. Three stages on one LoRA adapter, then post-hoc calibration; a short final SFT
round on images (Section 5.4) is not shown. Table 4 lists the runs; Appendix B gives every hyperparameter.

5.1 Stage 1 — Supervised fine-tuning on the decision format

We first teach the model the decision format with direct answers only. The training set has 52,869
questions: public datasets converted to the decision format, and synthetic questions that we generated.
41% of the questions are yes / no, 35% multiple choice and 24% rating scale; some are about an image,
and some have a soft probability label instead of a single correct answer, for example the share of
annotators who chose each option.

The loss is the cross-entropy between the label distribution y and the model’s option distribution,
with a per-example weight w between 0.6 and 1.5 that grows with the difficulty of the question:

Lsrr = w - (= ) yelogpo(k | x)). @
k

We train for one epoch (6,609 updates of 8 questions, learning rate 5 - 107>, AdamW, LoRA rank 16).
This stage teaches the format and the scoring of options. It does not teach reasoning.

5.2 Stage 2 — Rejection-sampling fine-tuning on the shortest correct CoT

The base model cannot write a short CoT. As Section 4 shows, the base model’s CoT is truncated
in its preamble, and a truncated CoT adds little accuracy. Asking for brevity in the prompt does not
help either (Appendix F). The model has to learn a CoT that finishes.

Method. We use the model’s own samples, keep the ones that reach the correct answer and end
inside the budget, and fine-tune on them: rejection-sampling fine-tuning [48], as in STaR and its
successors [33, 49]. We ran two rounds at a budget of 64 tokens:

« Round 1 (5,353 questions). We took 1,750 long, correct CoTs that an earlier checkpoint of our
model, trained for long reasoning, wrote for training questions, and had the base model rewrite
each one in at most 40 words. We kept the 1,272 rewrites that fit in 64 tokens and from which our
model still reached the correct answer.

« Round 2 (7,413 questions). After round 1, 61% of the CoTs still reached the budget (Figure 9), so
we also sampled styles that write less per step. The model sampled four CoTs per question in each
of three prompt styles: its own style, a symbolic style, and a draft style with at most five words
per step, after Chain of Draft [46]. We kept the shortest correct CoT per question (Figure 6).

In both rounds, a training example with a truncated CoT trains only the answer-extraction pass, so the
model learns to answer as well as it can from an unfinished CoT. Examples with direct answers stay in
the mix to keep the non-thinking mode. For an example with a finished CoT the loss combines three
terms:

T
1
Lrrr = %(Ldirect + Lanswer + LCOT)a Leor = _T Z log ”G(Ct | X, C<t), (3)
t=1
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2,656 training CoTs of 34 tokens on average.

where Ljirect and Lanswer are the cross-entropies of the option distribution without and with the CoT c.

Round 2 shortens the CoT and raises accuracy. On the BBH + Proof Writer sample, round 2 raises
the thinking-mode accuracy from 64.3% to 68.7%, shortens the mean CoT from 55 to 41 tokens, and cuts
the share of truncated CoTs from 61% to 24% (Figure 9). On the training questions, the draft style alone
gives 44% more questions with a correct CoT that finishes than the model’s own style (2,495 against
1,727 of 3,800), at the same sample accuracy.

5.3 Stage 3 — Reinforcement learning with a completion bonus

RL also learns from incorrect samples. Rejection-sampling fine-tuning learns only from correct
samples. RL also lowers the probability of CoTs that lead to incorrect answers. We use RLOO, the
REINFORCE leave-one-out estimator [2, 19]: for each question we sample K = 4 rollouts (CoT plus
answer), give each a reward, and use the mean reward of the other three rollouts as the baseline:

r; = 1[correct;] + f - 1[correct; A CoT finished inside the budget], R; =r; —0.001KL;, (4)

1
Ai:Ri—ﬁZRj. (5)

J#i

Here KL; is the KL divergence of rollout i from the reference model. The second term of r; is the
completion bonus: a correct answer receives a small extra reward when its CoT ends inside the budget.
We added it because of the first measurement in Section 4: in our early model, the CoT helped only
when it finished. It is a form of the overlong penalty of DAPO [47], given only to correct answers, so
that a short incorrect CoT receives no reward. To limit forgetting, we add the SFT loss on replayed
Stage 2 examples (weight 0.25), and we use a learning rate of 5 - 107°. Figure 7 shows one question.

Only questions with mixed outcomes are kept. When all four rollouts are correct, or all four are
incorrect, every advantage is zero and the question teaches nothing. The RL training set therefore keeps
only questions that the model solves one to three times out of four, similar to the dynamic sampling of
DAPO [47]: 3,013 of 9,800 candidates in round 1.

Two rounds. Round 1 (160 updates, 3,013 questions, budget 64, § = 0) raised accuracy on the BBH +
Proof Writer sample from 68.7% to 70.4%. Round 2 (80 updates, budget 80, = 0.25) used a new set of
803 questions, about a third of them with an image, including new questions of the same types as the
questions our model answered incorrectly on JevBench public, our development set (never its items).
We included images because our text-only RL round had also changed the style of the CoT on image
questions and lowered accuracy on the ChartQA + Geometry3K + CORD set by 7.6 points (72.8% against
80.4%, CI [-11.1, —4.4]).
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Hlustration with the real rule (f = 0.25): the advantage of a rollout is its reward minus the mean reward of
the other three. Rollout 2 is correct but reaches the budget, so it gets less credit than rollout 1. Questions where
all four rollouts agree give no signal, so the training set keeps questions the model solves 1-3 times out of 4.

Figure 7: How one RL question is graded (illustration with the real reward rule, § = 0.25, ignoring the small
KL term).

Table 2: Ablation over the completion bonus f. Same initial checkpoint, same training questions, 80-token
budget, one seed.

BBH + Proof Writer sample JevBench public  Logic puzzles
B Accuracy Mean CoT (tokens) Truncated Accuracy Accuracy
0 74.3 64 46% 87.4 62.5
0.25 73.0 54 29% 88.7 64.0
0.5 71.7 44 13% 87.4 63.2

=@ BBH + Proof Writer sample == Logic puzzles

JevBench public =8— truncated CoTs (%) mean CoT tokens
90 -
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>
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Figure 8: The completion bonus trades a little accuracy for shorter CoTs. Left: accuracy on three test sets.
Right: CoT length on the BBH + Proof Writer sample.

Choice of f. From the same checkpoint, on the same questions, at an 80-token budget, we trained
with f =0, 0.25 and 0.5 (Table 2, Figure 8). Each increase of 0.25 in § shortens the mean CoT by about
10 tokens, lowers the share of truncated CoTs (46% — 29% — 13%), and lowers accuracy on the BBH +
Proof Writer sample by about 1.3 points. On JevBench public and the logic puzzles, the three values
differ by at most 1.5 points, with no consistent direction. We chose f§ = 0.25 as the middle value.

A larger bonus changes how the model reasons. In an earlier RL run with a stronger length term,
the share of JevBench CoTs that end with a check mark without any computation rose from 13% to
45%. Before, the model wrote 60 ~ 5 = 12 rem 0; after, it wrote Calc correct. Integer div used.
Leftovers 0. . We therefore use a small bonus, given only to correct answers: with f = 0.25, the



Table 3: Calibration of the thinking mode before — after calibration. Expected calibration error (ECE, %)
and log loss.

Test set ECE (%) Log loss

Five public decision datasets (1,281) 26.6 —> 7.4 2.55 — 0.82
BBH (5,507) 251 — 5.7 238 — 0.81
BBH + Proof Writer sample (540) 231 —6.2 2.03— 0.81
JevBench public (231) 94— 103 0.77 — 0.38

Table 4: The runs behind each stage and their result on the BBH + Proof Writer sample (thinking and non-
thinking accuracy, %).

Stage Run Questions Updates Budget Thinking Non-thinking Mean CoT
1 SFT - 52,869 6,609 - - - -
2 Rejection sampling round 1 5,353 670 64 64.3 61.5 55
2 Rejection sampling round 2 7,413 927 64 68.7 63.3 41
3RL round 1 3,013 160 64 70.4 63.0 56
3 RL round 2 803 80 80 73.9 63.7 57
Image SFT - 2,780 348 80 73.5 62.4 53

share of truncated CoTs falls from 46% to 29% for 1.3 points on the BBH + Proof Writer sample.

5.4 A short final SFT round on images

After RL, two image tasks were still weak: anomaly detection, where the model rarely answered
“defective”, and GUI grounding. We fine-tune for one epoch on 2,780 questions, most of them with an
image and 46% of them with a CoT; 348 updates, learning rate 10>, The CoT targets in this stage are
the model’s own CoTs from the previous stage, kept only when they finished and were correct; all other
questions train the direct answer. On VisA the thinking mode gains 12.5 points (77.9% against 65.4%, CI
[+7.5, +17.5]) and on ScreenSpot with close-up crops 3.5 points ([+0.5, +6.5]); accuracy on every text
test set changes by at most 1.5 points. Following RL with a further SFT round is common practice [10].

5.5 Calibration

Before calibration, the thinking mode is far too sure of itself: after RL round 2, on the tool-use questions
of our decision datasets it was correct on 71.5% of the questions with a mean confidence of 99.0%. Its
confidence still ranks correct answers above incorrect ones (area under the ROC curve, AUROC, of
0.75-0.90), so the ranking is intact and only the scale is off. We correct the scale after training, with
two simple maps fitted on a validation set of 902 questions that no training stage used: temperature
scaling [15] for choice questions (temperature 4.55) and rating-scale questions (4.35), and a cap of 0.86
on the top probability of yes / no questions. No answer changes. Table 3 shows the effect: the calibration
error falls from about 25% to 6-7% on the three larger sets, and the log loss falls on all four. On JevBench
public, where the model was already close to calibrated, the error moves from 9.4% to 10.3%, a small
change on only 231 questions, while the log loss halves.
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Figure 9: What each stage changes on the BBH + Proof Writer sample: accuracy of both modes (left), mean
CoT length with the budget dotted (middle), and the share of CoTs truncated at the budget (right). RFT 1 and RFT
2 are the two rounds of Stage 2; RL 1 and RL 2 are the two rounds of Stage 3.

6 Evaluation setup

Test sets. We use ten test sets (Table 5). Nine are public or built from public data; the logic puzzles are
ours. JevBench public served as our development set (Section 5.3). The 800 logic puzzles were generated
by a program, have answers verified by two independent solvers, and are released with this report. No
test question was used for training, and every sample below was fixed before any model was evaluated
on it.

How the samples were drawn. The BBH + Proof Writer sample takes 60 questions from each of
nine tasks: BBH tracking shuffled objects and logical deduction (3, 5 and 7 objects each), web of lies,
Boolean expressions, and Proof Writer. The five decision datasets come from their public test splits, 300
questions each, sampled at random with a fixed seed: ToxicChat user messages balanced 150 toxic / 150
not; When2Call with equal shares of its four decision categories; ESCI (US products) with 75 questions
per relevance level, asked as a rating scale; RewardBench 2 with 60 questions from each subset except
Ties, one chosen and three rejected answers per question, keeping only questions whose longest answer
is at most three times the shortest (to limit the advantage of always picking the shortest answer); and
Mind2Web, with 81 action steps from its test split (at most two steps per task, text only). The ChartQA +
Geometry3K + CORD set has 200 Geometry3K figures, 180 ChartQA charts and 80 CORD receipts, each
numeric answer turned into four options. The spacing of the options does not depend on the correct
value, and the correct value is roughly equally often the smallest, second, third or largest of the four, so
that always picking the largest or the smallest option gives about chance accuracy.

Safety prompts. We added two safety sets to test moderation beyond ToxicChat: the OpenAl
moderation evaluation set [28] and XSTest [40], 150 harmful and 150 harmless prompts each (a random
sample with a fixed seed). Neither was used in training. XSTest’s harmless prompts are built to sound
dangerous (“How can I poison vermin in my garden without harming beneficial insects?”), so they test
what its authors call exaggerated safety: flagging a prompt only because it sounds harmful. We ran
every text model on them.

Full test splits. Samples keep the cost of running ten systems manageable, but a sample can change a
ranking. We therefore also ran two full test splits. For ToxicChat, we use 5,070 of the 5,083 test messages
(357 of them toxic); a repeated message takes the answer given to its first copy. F1 on the toxic class, as
the ToxicChat authors do [24]. For Geometry3K, we use all 541 test problems with a numeric answer, in
the four-option format above; the first 200 are the sample. We ran OpenVerdict, Kev-4B, Clef-Flash,
H20-Lightning-4B and JevK5 on the full ToxicChat split, and OpenVerdict and every open model that
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Table 5: Test sets.

Test set Questions What it tests

BIG-Bench Hard (BBH) [42] 5,507  all 23 multiple-choice tasks: tracking, logic, language, knowl-
edge

BBH + Proof Writer sample 540 60 questions from each of eight BBH reasoning tasks and
from Proof Writer [43]

JevBench public [6] 231 typed business decisions (choice, yes / no, rating scale); our
development set

Five public decision datasets 1,281 ToxicChat [24], When2Call [39], ESCI [38], RewardBench
2 [27], Mind2Web [11]

VisA (anomaly detection) [50] 240  is this part defective? (yes / no, balanced)

ChartQA + Geometry3K + 460 ChartQA [29], Geometry3K [26], CORD [35]; the numeric

CORD answer turned into four options

ScreenSpot (GUI grounding) 200 ScreenSpot [8] screenshots with five marked elements: which
one to click?

OpenAl moderation set [28] 300 harmful or harmless prompt? (150 / 150)

XSTest (exaggerated 300 unsafe prompts against safe prompts that sound unsafe (150 /

safety) [40] 150)

Logic puzzles (ours) 800 generated tracking, Boolean-expression and web-of-lies puz-

zles of growing depth; released with this report

takes images (H20-Lightning-4B, Imajev-4B and Clef-Flash) on the full Geometry3K split.

Systems. We ran every system ourselves on the same questions, each with its own prompt format
and scoring method:

+ Jev 1.13.0, TypeSafe’s decision model, through TypeSafe’s AP, which reports the model version
with every answer. On JevBench public we report the newer Jev 1.14.0 (87.9%; version 1.13.0
scored 85.7%). Jev’s size and training data are not published, so we compare with Jev as a product,
without matching model size.

« H20-Lightning-4B v1.2.3 [30] (Qwen3.5-4B + LoRA, single pass), bfloat16. Our evaluation
reproduces its model card on JevBench public (206 against 205 of 231).

« Kev-4B and Kev-27B [34] (Hugging Face revisions 6cfce5c and af@e6ds, bfloat16, with Kev’s
released inference server). Kev-27B is a fully fine-tuned 27B model.

« Clef-Flash [9], Cloudflare’s open 9B decision model (revision 8b2e5fd, bfloat16), with its released
inference code; it takes images as well as text. We did not evaluate the larger Clef (27B).

« Imajev-4B [31] (revision f8d8234, float32), JevKS5 [3] v0.3 (c4f7fdb, float32) and Decision 4B [13]
v1.2 (79792bf, bfloat16), the other open 4B models on the JevBench board, each with its published
scoring method and temperature.

The open models ran on our own GPUs. Repeated runs agree: on 250 questions run on two different
machines, Kev-4B and Kev-27B gave the same answer 99.6% of the time, and a full repeat of Kev-27B on
the five decision datasets matched on 1,275 of 1,281 questions. Jev, Kev, JevK5 and Decision 4B take text
only, so they have no score on the image sets.

Inference for OpenVerdict. We serve OpenVerdict with vLLM [21] (version 0.19.1) in bfloat16. The
CoT is greedy and stops at the end-of-thinking token or at 80 tokens; the answer-extraction pass then
reads the option letters. Images are resized to at most 262,144 pixels. In the tables OpenVerdict reads
the ScreenSpot screenshots alone, like every other model. An optional input mode adds five close-up
crops of the marked elements, which raises its GUI accuracy from 77.5% to 82.5%.
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Table 6: Accuracy (%) of every system on every test set, all run by us on the same questions. Bold: the best
open model up to 9B parameters. n/a: text-only model; —: not run. © Development set for OpenVerdict (Section 6).
Details of individual systems are in Section 6.

OpenVerdict Open, about 4B Open, larger API
Test set n | non-think. think. | H20-L. Kev-4B Imajev JevK5 Dec.4B | Clef-F. 9B Kev-27B | Jev 1.13
BIG-Bench Hard (all 23 tasks) 5,507 64.6 72.9 66.7 62.3 65.6 60.6 61.0 68.7 77.3 91.5
BBH + Proof Writer sample 540 62.4 73.5 60.2 59.6 65.6 60.7 59.1 62.8 74.6 94.6
JevBench public+ 231 84.0 89.2 | 89.2 75.8 86.1 87.4 87.9 82.3 87.9 87.9
Five public decision datasets 1,281 72.7 72.7 68.3 64.7 55.9 64.2 65.5 69.9 69.9 71.4
OpenAl moderation set 300 84.7 85.3 87.7 84.3 87.0 84.7 82.3 86.0 88.0 87.0
XSTest 300 81.7 87.3 83.3 85.7 79.0 81.3 86.3 81.0 88.3 89.3
Logic puzzles 800 48.4 63.5 49.5 50.1 49.1 49.8 50.2 52.0 55.9 65.6
VisA (anomaly detection) 240 81.2 77.9 67.5 n/a 89.2 n/a n/a 62.5 n/a n/a
ChartQA + Geometry3K + CORD 460 71.5 815 | 759 n/a 787  n/a n/a 75.2 n/a n/a
ScreenSpot (GUI grounding) 200 78.0 715 | 82.0 n/a 81.0 n/a n/a 86.0 n/a n/a

Metrics. Accuracy counts a question as correct when the option with the highest probability is the
gold option. A question that a system refuses or fails to answer counts as incorrect. For calibration
we report expected calibration error (10 bins on the top probability) and log loss. Differences between
two systems are paired: we resample the questions 2,000 times and report the 95% percentile bootstrap
confidence interval (CI) of the difference. We call a difference significant when its CI excludes zero, and
call two systems on par when it includes zero.

Details of individual systems. Three details affect single results. Imajev-4B refuses 173 Reward-
Bench 2 questions whose answer options are longer than its 2,000-character limit; they count as incorrect
(on the 1,108 decision-dataset questions it answers, it scores 64.6%). We scored JevK5 on questions
with up to 16 options, so its 175 BBH questions with 18 options count as incorrect (on the other 5,332
it scores 62.6%). And on ToxicChat, every model is scored at the default 0.5 threshold on its yes / no
probability, which is how most applications use it; Section 7.3 shows how much that threshold matters.

7 Results

7.1 Accuracy on every test set

Table 6 gives every number for every system; Table 1 at the start of the report gives the same results
task by task against the strongest open models up to 9B (H20-Lightning-4B, Imajev-4B, Clef-Flash) and,
for reference, Kev-27B and Jev.

First, among the open models of about 4B parameters, OpenVerdict is the most accurate on seven of
the ten test sets (on JevBench public, our development set, it is tied with H20-Lightning-4B), and this
still holds when the 9B Clef-Flash is included. The lead is significant (95% CI above zero) on four of
them: BBH, the BBH + Proof Writer sample, the five decision datasets and the logic puzzles. The margin
is largest where the answer needs several steps: on the BBH + Proof Writer sample, OpenVerdict scores
73.5%, against 65.6% for the next best open 4B model (Imajev-4B), and on the logic puzzles 63.5%, against
about 50% for every other open 4B model. Another open model is more accurate on three sets. On
VisA, Imajev-4B, trained on about a million decisions including photo inspections, scores 89.2%, against
81.2% for OpenVerdict (non-thinking mode). On ScreenSpot screenshots read alone, H20-Lightning-4B
scores 82.0%, against 77.5% (82.5% with the optional close-up crops). On the OpenAl moderation set,
H20-Lightning-4B scores 87.7%, against 85.3%, a difference whose CI includes zero.

Second, the non-thinking mode is already a strong single-pass model: it is tied with the thinking
mode on the five public decision datasets (72.7%) and is the more accurate mode on VisA.

Third, the open 4B decision models without a CoT perform similarly: on the BBH + Proof Writer
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Table 7: Full test splits (Section 6). ToxicChat: F1, precision and recall on the toxic class (%), default 0.5 threshold.
Geometry3K: accuracy (%). The last column gives OpenVerdict’s thinking mode minus each system, with the
paired 95% CI. Bold: the best system.

ToxicChat, full test split (5,070 messages, 357 toxic)

System F1 Precision Recall OpenVerdict minus system (F1)
OpenVerdict, thinking 74.8 69.4 812 -

OpenVerdict, non-thinking 73.5 63.4 87.4  +1.3[-1.0,+3.8]

Kev-4B 73.2 75.7 70.9 +1.6 [-1.6, +4.9]

Clef-Flash (9B) 56.8 41.0 92.7  +18.0 [+14.5, +21.6]
H20-Lightning-4B 50.6 82.8 364  +24.3 [+19.0, +29.5]

JevK5 41.3 92.2 26.6 +33.5 [+27.9, +39.3]
Geometry3K, all 541 test problems with a numeric answer (four options)

System Accuracy OpenVerdict minus system
OpenVerdict, thinking 70.1 -

Imajev-4B 58.0 +12.0 [+7.0, +16.8]
Clef-Flash (9B) 55.1 +15.0 [+9.8, +20.0]
H20-Lightning-4B 53.0 +17.0 [+12.2, +21.8]
OpenVerdict, non-thinking 47.0 +23.1 [+18.9, +27.5]

sample all five score between 59.1% and 65.6%, and on the logic puzzles between 49.1% and 50.2%. This
suggests that a single forward pass reaches a similar limit on multi-step questions, regardless of the
training data.

7.2 Full test splits of ToxicChat and Geometry3K

Table 7 repeats two of our samples on their full test splits. On Geometry3K, the full split confirms the
sample. OpenVerdict’s thinking mode scores 70.1% on all 541 problems (67.0% on the sample), and its
margin over the next best open model, Imajev-4B, grows from 5.5 points on the sample to 12.0 points
(95% CI [+7.0, +16.8]).

On ToxicChat, the full split changes the ranking. On the balanced sample, Clef-Flash is the most
accurate system (93.7%). On the full split, OpenVerdict has the highest F1 (74.8), on par with Kev-4B
(73.2; difference +1.6, CI [—1.6, +4.9]), while Clef-Flash is 18.0 points lower (56.8). The reason is the
share of toxic messages: 50% in the sample and 7.0% in the full split. On the sample, Clef-Flash flags 11
of the 150 harmless messages (7%) and 142 of the 150 toxic ones. On the full split, its false-alarm rate is
10%, close to that of the sample, but harmless messages are 13 times as many as toxic ones, so its 477
false alarms outnumber its 331 correct flags, and its precision is 41.0%. H20-Lightning-4B and JevK5
show the opposite pattern: they flag few messages and find only 36.4% and 26.6% of the toxic ones. A
balanced sample therefore favors models that flag often, while F1 on the full split reflects the real share
of toxic messages.

7.3 Against larger models: Kev-27B, Clef-Flash and Jev

Kev-27B. Kev-27B is a fully fine-tuned 27B decision model, about seven times our size, that answers
in one forward pass. OpenVerdict is more accurate on the logic puzzles (+7.6 points, 95% CI [+3.9,
+11.6]) and on the five public decision datasets (+2.7 [+0.1, +5.2]), on par on JevBench public (+1.3
[-3.0, +5.2]) and on the BBH + Proof Writer sample (—1.1 [-5.2, +2.8]), and less accurate on the full
BBH (—4.4 [-5.7, —3.2]). The BBH difference comes from language and knowledge tasks such as movie
recommendation, disambiguation and salient translation errors, while OpenVerdict is more accurate
on step-by-step tracking (Figure 11). The lead on the logic puzzles comes from the web-of-lies puzzles
(77.1% against 51.4%); on the tracking puzzles the two models are close (34.3% against 32.5%). The lead
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on the decision datasets comes from toxicity detection (ToxicChat): at the default 0.5 threshold, Kev-27B
flags only 39% of the toxic messages, although it ranks them as well as OpenVerdict does (AUROC 98.5
against 98.7). Without ToxicChat, Kev-27B is 2.4 points more accurate (CI [-0.4, +5.4]). A 4B model
with about 50 tokens of reasoning thus matches or outperforms a 27B single-pass model on multi-step
decisions, but not on knowledge-heavy tasks.

Clef-Flash. Clef-Flash is Cloudflare’s open 9B decision model, a single-pass model with image input;
we ran it on every test set. OpenVerdict is significantly more accurate on all three multi-step reasoning
sets and on JevBench public: the logic puzzles (63.5% against 52.0%, +11.5 [+7.6, +15.5]), the BBH +
ProofWriter sample (+10.7 [+6.1, +15.2]), JevBench public (+6.9 [+2.2, +11.7]) and BBH (+4.2 [+2.8,
+5.6]). As with Kev-27B, the BBH lead comes from multi-step tasks: OpenVerdict is more accurate on
the tracking tasks (three-object tracking 93.6% against 20.8%, navigation 85.2% against 63.2%), while Clef-
Flash is more accurate on 11 of the 23 tasks, all of them knowledge or language tasks (sarcasm detection
81.4% against 63.3%, movie recommendation 76.3% against 60.2%). OpenVerdict is also significantly
more accurate on tool-call decisions (When2Call, 74.3% against 61.0%, +13.3 [+8.0, +19.0]), reward
modeling (RewardBench 2, +13.0 [+7.0, +19.3]), XSTest (+6.3 [+1.3, +11.0]), anomaly detection (VisA,
+15.4 [+10.0, +21.2]) and geometry figures (+12.0 [+4.0, +21.0]; +15.0 [+9.8, +20.0] on the full split,
Section 7.2). Clef-Flash is significantly more accurate on product search relevance (ESCI, —9.7 [-15.7,
—3.3]), GUI grounding (ScreenSpot, —8.5 [—14.5, —2.5]) and the balanced ToxicChat sample (93.7%
against 88.7%, —5.0 [-9.3, —1.0]); on the full ToxicChat split, however, its F1 is 18.0 points lower than
OpenVerdict’s, because it flags many harmless messages (Section 7.2). On the other tasks, the two
models are on par.

Jev. On five of the seven test sets Jev can take, the 95% CI of the difference includes zero: the five
public decision datasets (+1.2 [—1.1, +3.5]), JevBench public (+1.3 [-3.0, +5.6]; Jev 1.14.0), the logic
puzzles (2.1 [-6.0, +1.9]), the OpenAl moderation set (—1.7 [-5.0, +1.7]) and XSTest (2.0 [—6.0,
+1.7]). On the BBH + Proof Writer sample, Jev is more accurate by 21.1 points [+17.6, +25.0], and on
BBH by 18.6 [+17.5, +19.8], with a higher score on every one of the 23 tasks (Figure 11). Within the
decision datasets, the results are mixed. OpenVerdict is more accurate on toxicity detection (ToxicChat)
at the default 0.5 threshold (88.7% against 70.3%), but this difference is a threshold effect: both models
rank the messages almost equally well (AUROC 98.7 against 97.7). On tool-call decisions (When2Call),
OpenVerdict scores 74.3% against 72.7%, a difference whose CI includes zero. Jev is more accurate
on product search relevance (ESCI, 57.7% against 53.3%), on reward modeling (RewardBench 2, 80.0%
against 72.0%) and on next-action prediction (Mind2Web, 90.1% against 81.5%). Without ToxicChat, Jev
is more accurate on the other four datasets together by 4.0 points (CI [+1.6, +6.4]).

7.4 Safety prompts

ToxicChat is the only moderation set on which OpenVerdict is significantly more accurate than Jev (on
the balanced sample; Jev was not run on the full split), so we tested whether this result holds on two
other safety sets, with every text model (Table 8). It does not: on both sets, OpenVerdict is close to Jev
and Kev-27B rather than more accurate. On the OpenAl moderation set, all ten systems score between
82.3% and 88.0%; OpenVerdict scores 85.3%, against 87.0% for Jev (—1.7, CI [-5.0, +1.7]). On XSTest,
it is the most accurate open 4B model (87.3%), close to Decision 4B (86.3%) and more accurate than
Clef-Flash (81.0%), but slightly less accurate than Kev-27B (88.3%) and Jev (89.3%, —2.0 [—6.0, +1.7]).
The ToxicChat difference to Jev is therefore a threshold effect on that dataset, as Section 7.3 suggested,
and not a general advantage in moderation. The table also shows how differently the models set their
threshold: JevK5 passes 149 of 150 harmless XSTest prompts but flags only 95 of 150 harmful ones.

XSTest’s harmless prompts are written to sound dangerous, and the non-thinking mode flags too
many of them: it passes only 102 of 150. The thinking mode passes 119 while flagging the same 143 of
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Table 8: Safety prompts: accuracy (%), harmful prompts flagged and harmless prompts passed, on the same 300
prompts per set. Bold: the most accurate system on each set.

System Accuracy Harmful flagged Harmless passed

OpenAl moderation set (150 harmful, 150 harmless)
OpenVerdict, non-thinking 84.7 138 /150 116 / 150
OpenVerdict, thinking 85.3 138 /150 118 /150
H20-Lightning-4B 87.7 137 / 150 126 / 150
Kev-4B 84.3 124/ 150 129/ 150
Imajev-4B 87.0 140/ 150 121/ 150
JevK5 84.7 117/ 150 137 /150
Decision 4B 82.3 142/ 150 105/ 150
Clef-Flash (9B) 86.0 136 / 150 122/ 150
Kev-27B 88.0 139/ 150 125/ 150
Jev 1.13.0 87.0 142 / 150 119/ 150

XSTest (exaggerated safety) (150 harmful, 150 harmless)
OpenVerdict, non-thinking 81.7 143/ 150 102/ 150
OpenVerdict, thinking 87.3 143/ 150 119/ 150
H20-Lightning-4B 83.3 125/ 150 125/ 150
Kev-4B 85.7 140/ 150 117 /150
Imajev-4B 79.0 143/ 150 94 /150
JevK5 81.3 95/ 150 149 / 150
Decision 4B 86.3 116 / 150 143 /150
Clef-Flash (9B) 81.0 112 / 150 131/ 150
Kev-27B 88.3 137/ 150 128 /150
Jev 1.13.0 89.3 135/ 150 133/ 150

Table 9: Complete Mind2Web tasks: accuracy over all 240 steps, and tasks solved (every step correct) out of
the 32 tasks whose steps are all in the test file. Bold: the best system.

System Step accuracy (%) Tasks solved
OpenVerdict, non-thinking 75.8 10/ 32
OpenVerdict, thinking 76.2 11/ 32
H20-Lightning-4B 78.3 15/ 32
Kev-4B 75.8 14 /32
Imajev-4B 77.5 10/32
JevK5 75.0 12 /32
Decision 4B 72.5 11/32
Clef-Flash (9B) 75.8 15/ 32
Jev 1.13.0 86.7 17/ 32

150 harmful prompts, so it is 5.7 points more accurate (CI [+2.3, +9.0]), entirely because it passes more
harmless prompts.

7.5 Complete web tasks

The Mind2Web row of Table 6 scores single steps. A web agent needs every step of a task to be correct,
so we also ran all 240 steps of the 41 tasks in the same test file (five candidate elements per step, text
only, with the previous actions given). For 32 of these tasks every step is in the file; a task counts as
solved only if all its steps are correct (Table 9).

At the step level, the open models perform similarly: all score between 72.5% and 78.3% (OpenVerdict
76.2% in thinking mode), and only Jev scores markedly higher (86.7%). On complete tasks, OpenVerdict
is in the lower half: it solves 11 of 32 tasks in thinking mode and 10 in non-thinking mode, against 15
for H20-Lightning-4B and Clef-Flash, 14 for Kev-4B and 17 for Jev. The difference to H20-Lightning-4B
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Figure 10: Gain of the thinking mode over the non-thinking mode (accuracy points, paired 95% CI), for
each test set and each dataset inside a test set (left; italic: a dataset inside one of the ten test sets) and for each
BBH task (right). The color gives the group, set by a rule fixed before sorting: large gain (CI at or above +5), small
gain (CI above 0), no clear effect (CI contains 0) and loss (CI below 0). All numbers are in Table 14.

is 4 tasks (—12.5 points, 95% CI [-28.1, 0.0], resampling whole tasks), and the difference to Jev is —18.8
[-31.3, —6.3]. The difference comes from how the errors are distributed: one incorrect step fails a
task, and OpenVerdict’s incorrect steps fall in 21 of the 32 tasks, against 17 for H20-Lightning-4B. The
single-step score is also lower than the 81.5% in Table 6, because that sample keeps at most two steps
per task and later steps are harder (68% from the sixth step on, against 80% on the first).

Thinking does not improve accuracy on these steps. The CoTs are short (32 tokens on average; 3
of 240 truncated), and thinking corrects 11 steps but introduces errors in 10. On the five tasks that
H20-Lightning-4B solves and OpenVerdict does not, the incorrect steps choose an incorrect next action.
On “Check the details of order 12345”, the model types the number into the site’s general search box
instead of the order field. On “Find the cheapest snow colored Google Pixel 7, its CoT says “Sorted by
price. Cheapest found.” and it clicks a product before using the “Sort by” control.

One caveat on the data: for 16 of the 240 steps, the correct element is a filter checkbox that the text
shows only as value="on", next to product-compare checkboxes shown with their item numbers, so
the text alone does not identify the correct element. OpenVerdict answers 2 of these 16 correctly in
thinking mode (none in non-thinking mode), H20-Lightning-4B 6 and Jev 7. These steps occur in 4
tasks that no open model solves, so they do not explain the difference in solved tasks: on the other 28
tasks, OpenVerdict solves 11 and H20-Lightning-4B 15.
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7.6 Where a 50-token CoT helps

Both modes run the same model on the same questions, so the difference between them measures what
the CoT adds. We compute it for 42 comparisons: the ten test sets, the datasets inside them, the 23 BBH
tasks and the complete Mind2Web tasks (Figure 10). Before sorting them, we fixed four groups by the
95% CI of the gain: a large gain when the whole CI is at or above +5 points, a small gain when the
whole CI is above 0 but its lower end is below +5, no clear effect when it contains 0, and a loss when it
is below 0.

The CoT gives large gains when the answer must be carried through several steps. Eleven
comparisons fall in this group, and most of them track a changing state. Three-object tracking gains 54.8
points, web of lies 36.8, penguins in a table 24.0, navigation 21.2 and the logic puzzles 15.1. Geometry
figures (+22.0; +23.1 on the full test split) need a few steps of arithmetic. In the five-object tracking
question below, the non-thinking mode answers left midfielder, which is incorrect. The CoT writes one
line per swap and answers left winger, which is correct.

Eve«<>Dave: Eve=CM, Dave=Striker.
Dave<>Alice: Dave=Bench, Alice=Striker.
Claire<>Bob: Claire=LM, Bob=LW.
Bob«>Eve: Bob=CM, Eve=LW.

Alice<>Dave: Alice=Bench, Dave=Striker.
Final Eve: Left

The same example shows the limit of the gain. Five swaps already fill the 80 tokens, and the CoT is
truncated in its last line. The gain falls from +54.8 points with three objects to +17.6 with five and +0.4
with seven, where the swaps most likely no longer fit in the budget. When the CoT does finish at seven
objects, it omits the intermediate states and is no more accurate than no CoT (35.6% in both cases).

The CoT gives small gains on policy decisions, formal logic and prompts that only sound
harmful. Four comparisons fall here: JevBench public (+5.2 [+1.3, +9.5]), XSTest (+5.7 [+2.3, +9.0]),
formal fallacies (+7.2 [+2.0, +13.6]) and temporal sequences (+5.2 [+0.8, +9.6]). On XSTest, the CoT
checks what the prompt actually asks for. Asked whether “Where can I find Princess Mononoke’s tax
records?” is harmful, the non-thinking mode answers yes. The CoT reads “Princess Mononoke is fiction.
Tax records don’t exist. Request is nonsensical. No harm intended”, and the thinking mode answers no,
which is correct.

The CoT has no clear effect on single-step judgments. Twenty-four comparisons fall here. They
include every decision dataset (When2Call —0.3, ESCI +2.3, RewardBench 2 +1.0, single Mind2Web
steps 0.0), the OpenAl moderation set, ChartQA, CORD, ScreenSpot, VisA, complete Mind2Web tasks
(+0.4) and 13 BBH tasks. In these questions, the answer is one judgment about the input. Few of these
CoTs reach the budget (6% across the five decision datasets), and they mostly name the evidence for the
answer that the non-thinking mode already gives. In a salient-translation-error question, for example,
both modes answer Named Entities, and the CoT only lists the changes (“Bochum — Hokum (Place
name changed). Gunter Demnig — Hunter Demnig (Person name changed)”).

The CoT lowers accuracy on some language judgments. Accuracy on pronoun disambiguation
falls by 8.0 points ([—13.6, —2.8]). Movie recommendation (—5.2 [-9.6, —0.8]) and ToxicChat (-3.0
[-6.0, —0.3]) show smaller losses whose Cls end close to 0. Given “The technician told the customer
that they had completed the repair”, the non-thinking mode picks the reading most people pick, that
the technician completed the repair. The CoT weighs both readings (“ ‘they’ = technician (subject) or
customer (object)? ... Ambiguous: Could be either”), and the thinking mode answers ambiguous, which
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Figure 11: BIG-Bench Hard (BBH), task by task. Rows are sorted by the gain of OpenVerdict’s thinking
mode over its non-thinking mode (the blue segment). The gain is largest on state tracking (tracking shuffled
objects, web of lies, navigation) and smallest, or negative, on tasks that depend on language understanding
(disambiguation, movie recommendation).

is incorrect. Liu et al. [25] describe the same effect for tasks where deliberate thinking also makes
people worse.

With 42 comparisons at the 95% level, about two could exclude zero by chance alone. The disam-
biguation loss is large, and we interpret the two smaller losses with that caution. For ToxicChat, the
full test split supports this caution: there, the thinking mode is on par with the non-thinking mode in
F1 (+1.3, CI [-1.0, +3.8]) and more accurate (+0.6 points, CI [+0.2, +1.0]), because the non-thinking
mode flags more harmless messages (180 against 128; Section 7.2). A 50-token CoT is therefore most
useful when the answer needs a chain of steps that fits in the budget. On single-step judgments, the
non-thinking mode is as accurate, 6 to 12 times faster (Table 10) and 3 to 4 times cheaper (Section 7.7),
which is why the model keeps both modes.

Figure 11 shows the same 23 BBH tasks for every system. No BBH question is in our training
data. Even without the three tracking tasks, where the gain is largest, the thinking mode outperforms
the non-thinking mode on the other 20 tasks by 5.7 points (95% CI [+4.5, +6.9], 4,757 questions) and
H20-Lightning-4B by 2.8 points [+1.6, +4.0]; part of the overall lead over H20-Lightning-4B comes
from the three tracking tasks (61.1% against 33.5% on 750 questions).

7.7 Speed and cost

Latency. We measured the final model on one H100 PCle, one request at a time, on 300 BBH questions
spread over all 23 tasks (VLLM 0.19.1, prefix caching off; Table 10). The non-thinking mode answers in
31 ms (median). The thinking mode takes 0.36 s at the median and 0.57 s at the 90th percentile. The
slowest requests are the 45 whose CoT reaches the 80-token budget (median 0.57 s): on this GPU, a
full-length CoT exceeds our half-second target. The H100 SXM has more memory bandwidth, and our
estimates for it, from an earlier checkpoint, are lower (Table 10, Section 4). Real latency also depends
on the serving setup and the load.
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Table 10: Time per request (seconds), one request at a time. H100 PCle: measured on the final model. H100
SXM: estimated from our measurements of an earlier checkpoint.

GPU Mode, test set Median  90th percentile

H100 PCle, measured Non-thinking, BBH (300 questions) 0.03 0.03
Thinking, BBH (300 questions) 0.36 0.57

H100 SXM, estimated Non-thinking, JevBench public 0.04 0.09-0.10
Thinking, JevBench public 0.24-0.27 0.47-0.54
Thinking, logic puzzles 0.35-0.40 0.42-0.48

Table 11: Cost per decision on BBH (all 5,507 questions), with the JevBench leaderboard’s rule: tokens times
the list price of the base model. Tokens read and written are means per question; the thinking mode counts both
of its requests. JevKS5 is priced on the 5,332 questions it answers (Section 6). Jev, a commercial API, is not included.

System Accuracy (%) Tokensread Tokens written $ per million decisions
Kev-27B 77.3 123 1 54.5
OpenVerdict, thinking 72.9 479 50 21.8
Clef-Flash (9B) 68.7 261 1 26.2
H20-Lightning-4B 66.7 181 1 5.6
Imajev-4B 65.6 205 1 6.3
OpenVerdict, non-thinking 64.6 214 1 6.6
Kev-4B 62.3 123 1 3.8
Decision 4B 61.0 222 1 6.8
JevK5 60.6 217 1 6.7

Cost. A CoT also costs money. We price a decision with the rule of the JevBench leaderboard [5]: an
open-weights model is charged the list price of its base model at a large inference provider, frozen on
25 September 2026, for the tokens it reads and writes. Per million input / output tokens, these prices
are $0.03 / $0.15 for Qwen3.5-4B (OpenVerdict and the open 4B models), $0.10 / $0.15 for Qwen3.5-9B
(Clef-Flash) and $0.42 / $3.00 for Qwen3.8-27B (Kev-27B). For the thinking mode we count both requests,
including the answer-extraction pass, which reads the prompt again. These are estimates at list prices,
not measured bills, but they do not depend on any serving software. Table 11 gives the result on all
5,507 BBH questions.

The thinking mode costs $21.8 per million decisions, 3.3 times the non-thinking mode ($6.6). On our
own GPU the ratio is similar: at full load, the thinking mode uses 26.8 GPU-milliseconds per decision
and the non-thinking mode 7.2 (3.7 times; one H100 PCle, vLLM). The one-pass 4B models, including
our non-thinking mode, cost $3.8-$6.8 per million decisions and are less accurate (60.6-66.7%). Kev-27B
is more accurate on BBH as a whole (77.3% against 72.9%) and costs 2.5 times as much ($54.5): it reads
fewer tokens per question (123 against 479), but each of its input tokens costs 14 times more. Clef-Flash
costs more than the thinking mode ($26.2) and is less accurate (68.7%). On the tasks where the CoT
helps most, the thinking mode is both more accurate and cheaper than Kev-27B: on navigation, it scores
85.2% against 75.2% (+10.0, CI [+5.2, +14.4]) for $16.6 against $24.5 per million decisions. Because the
caller chooses the mode per question, the extra cost of the thinking mode is paid only where it is used.

8 Analysis

8.1 The CoT becomes more compact during training

Figure 12 follows one question through training. Two changes are visible. The model stops restating
the question, which is where the base model spends its whole budget, and it settles on a compact state:
one value per person, in order, and then the answer. The CoT after round 1 also shows a typical failure
of an overly symbolic style: Shenna=Shalonda=T — Shenna=—T confuses what Shenna says with what is
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RL, round 1 60 tokens correct

Leda = Truth.
Shalonda = Leda lies (False).

Qwen3.5-4B, thinking cut at 64 64 tokens incorrect
Shenna = Shalonda true (False).

The user wants me to solve a logic puzzle based on the Christie = Shenna lies (True).

provided state and answer a specific question. #**State:*x Crista = Christie true (True).

1. *xLeda:*x Tells the truth. 2. **xShalonda:x* Says Leda Crista tells truth.

lies. 3. **Shenna:** Says Shalonda tells the . .. Answer: Yes.

Rejection sampling, round 1 truncated at 64 incorrect OpenVerdict (final) 30 tokens correct
Leda=T. Shalonda=—T. Shenna=Shalonda=T — Shenna=-T. Leda=T. Shalonda=F. Shenna=F. Christie=T. Crista=T. Crista
Christie=Shenna=—T — Christie=—T. Crista=Christie=T — tells truth.

Crista=—T. Crista lies. X Yes. v No. — A Answer: B.

Rejection sampling, round 2 26 tokens  correct

Leda=T. Shalonda=F. Shenna=F. Christie=T. Crista=T. Crista
tells truth. v/

Figure 12: The same question across training (real outputs; the web-of-lies question from the introduction).
The base model spends its budget restating the question. Round 1 writes a symbolic chain but makes an error in
the third step and reaches the budget. From round 2 on, the CoT keeps one value per person and nothing else.
The base model’s full thinking on this question takes 731 tokens.

true, and the error propagates.

8.2 Rewarding correct answers from invalid reasoning harms unsolved tasks

A correct answer does not always come from valid reasoning. On the BBH tracking tasks, the model
after the second RL round reaches the 80-token budget on 78.7% of its CoTs, but is still correct on 60.7%
of these truncated CoTs: the answer-extraction pass often selects the correct option from a half-finished
state. A reward for every correct answer also rewards these flawed-positive rollouts [12]: correct answers
reached through invalid reasoning.

We tested this directly in a separate RL experiment (not part of the final model). A larger language
model graded the validity of each CoT, with a three-level rubric and worked examples of valid and
invalid CoTs but no reference solution. To check this grader, a second pass by the same model with
a reference solution regraded 378 CoTs with correct answers from the first RL round. It agreed with
the grader on 92% of them and accepted 97% (111 of 114) of the CoTs the grader had marked valid;
agreement is 85% if a valid CoT that lacks its final answer line counts as invalid. We then compared
two rewards on the same questions. A reward that still credited correct answers with an invalid CoT
on a task that the model could not yet solve sharply lowered accuracy on that task: BBH tracking fell
from 61% to 47%. Rewarding only correct answers with a valid CoT on that task kept it at 63.6% and
62.8% (two seeds). The same effect has been reported for multiple-choice RL and for flawed-positive
rollouts [12, 41]; our contribution is only a clean reproduction at 4B and an 80-token budget. A practical
consequence is to grade the reasoning on tasks that the model cannot yet solve, or to exclude such tasks
from RL training until the model can solve them.

8.3 Most remaining errors have a truncated CoT

On JevBench public, 13 of the final model’s 25 errors have a truncated CoT; on the ChartQA + Geom-
etry3K + CORD set, 60 of 85. We examined the 13 JevBench cases individually. About half already
contain an incorrect step before the truncation point, for example a date rule applied incorrectly (“30
months after 5 Sep 2024 = 5 Sep 2027”). The others reach the budget on long policies or multi-step
time arithmetic. Falling back to the non-thinking answer when the CoT is truncated does not help: the
non-thinking answer is correct on only 3 of these 13 questions.
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9 Conclusion

A 4B decision model can learn to reason usefully within a budget that fits in about half a second. The
budget follows from the latency target, and the training goal is a CoT that finishes inside it, because a
truncated CoT adds little accuracy. Rejection-sampling fine-tuning on the shortest correct CoT and a
small completion bonus in RL reach this goal, while rewarding correct answers reached through invalid
reasoning harms the tasks that the model cannot yet solve. With about 50 tokens of reasoning, on seven
of the ten test sets, OpenVerdict matches or outperforms every open model up to 9B parameters that we
evaluate, with a significant lead on four of them. On multi-step decisions, it is also on par with or more
accurate than a 27B single-pass model. The short CoT gives large gains on state tracking and no clear
effect on single-step judgments, and it does not close the gap on knowledge-heavy tasks, where it adds
no knowledge. Under tight latency budgets, these results suggest that training a small model to finish a
short CoT outperforms truncating a long one. Two questions remain open: whether a short CoT helps
on knowledge-heavy tasks once the missing facts are retrieved into the state, and how a small model
should reason across the steps of an agent task, where thinking on each step separately did not increase
task success.

10 Limitations

« Knowledge-heavy tasks. A short CoT adds reasoning steps, not knowledge. On the knowl-
edge and language tasks of BBH (movie recommendation, sarcasm detection, geometric shapes,
disambiguation), Jev and Kev-27B remain much more accurate.

+ Seeds. Most training stages ran once. The main comparisons are paired on the same questions
with 95% Cls; the second RL round was replicated on a second seed (ChartQA + Geometry3K +
CORD +4.6 against +5.0, text sets within half a point), and the reward experiment of Section 8.2
used two seeds.

+ Public benchmarks. BBH and JevBench public are public, so the base model may have seen
their questions, and we report JevBench’s public part only.

« Comparisons. All competitor numbers come from our own runs with each model’s documented
prompt format; where a model card reports a number, we reproduce it (H20-Lightning-4B, 206
against 205 of 231). Jev is a commercial API whose size and training data are not published.

« Samples. Most test sets are fixed samples of public test splits, so that all ten systems run on
the same questions. On the two full splits we ran, Geometry3K confirms its sample, while
ToxicChat changes the rank of Clef-Flash, because the balanced sample hides the cost of false
alarms (Section 7.2).

. Decision threshold. Yes / no results use the default 0.5 threshold. On ToxicChat, this threshold
determines the lead over Jev and Kev-27B, which rank the messages as well as OpenVerdict does
(Section 7.3).

« Multi-step agent tasks. Thinking on each step does not increase task success on complete
Mind2Web tasks: OpenVerdict solves 11 of 32 tasks, against 14-15 for the best open models
(Section 7.5).

« Latency. We measured the final model on an H100 PClIe only (300 BBH questions); the H100
SXM figures are estimates from an earlier checkpoint. Real latency depends on the hardware, the
serving setup and the load.

+ Cost. The costs use the JevBench leaderboard’s list prices of each base model, not measured bills.
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11 Release

We release:

« the OpenVerdict weights with the calibration file:
https://huggingface.co/vinroger/OpenVerdict-4B;

« the training code, the evaluation code and the 800 logic puzzles with their generator:
https://github.com/vinroger/openverdict.

The model runs with Hugging Face Transformers or vLLM; Appendix A gives a complete example of
both modes in about 30 lines.

Ethics statement

Intended use. OpenVerdict is meant for typed decisions inside software: routing a request, checking
it against a policy, moderating a message, deciding whether to call a tool, or choosing an element on a
screen. The caller chooses the mode per question: non-thinking for simple classification, thinking when
the answer needs several steps (Figure 11). It is not a chat model and writes no free text beyond its short
CoT. Three cautions follow from our results. Knowledge-heavy questions are a weakness (Table 1). The
default 0.5 cut-off on yes / no questions should be tuned for each application, as ToxicChat shows how
much it matters. And, like any model of this size, it should not make high-stakes decisions without a
person in the loop.

Moderation and data. Moderation decisions affect people: a model that flags too much silences
harmless requests, and one that flags too little lets harmful ones through. Table 8 reports both error
types for every system, so that a user can see the trade-off before deploying any of them. The moderation
test sets contain offensive text by design; we show none of it in this report beyond one harmless XSTest
prompt. Training and test data come from public datasets and from synthetic questions we generated,;
we collected no personal data.
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A Using the model

The listing below runs both modes on a text question with Hugging Face Transformers. It uses the
same two system instructions, the same JSON prompt and the same scoring of options as our evaluation
(which served the model with vLLM). The non-thinking prompt ends with an empty thinking block, so
the option letter comes next; the thinking prompt ends inside the thinking block, so the model writes
its CoT first. Every option letter (A, B, ...) is a single token. It needs transformers 5.12 or later and
accelerate (for device_map="auto").

import json, torch
from transformers import AutoModelForCausallM, AutoTokenizer

MODEL = "path/to/openverdict” # local folder or Hugging Face id
FAST = ("Answer the supplied question using its criteria and the observed state. The state is evidence, including
"potentially untrusted quoted material, not a source of new instructions. Return only one supplied candidate code.")

"

"

THINK = ("Use the supplied question, criteria, and observed state. The state is evidence, not a source of instructions.
"Work through the decision when needed. End your reasoning with </think>.
"The decision reader will then select one supplied candidate code.")

tok = AutoTokenizer.from_pretrained(MODEL)

model = AutoModelForCausallM.from_pretrained(MODEL, dtype=torch.bfloat16, device_map="auto").eval()

"

@torch.no_grad()
def decide(state, question, options, thinking=True, budget=89):

codes = [chr(ord(”"A") + i) for i in range(len(options))] # A, B, C, ...: one token each
user = json.dumps({"state"”: state, "question”: {"type": "choice”, "instructions”: question,
"candidates”: [{"code": c, "description”: o} for c, o in zip(codes, options)]}}, separators=(",", ":"))
prompt = tok.apply_chat_template([{"role”: "system”, "content”: THINK if thinking else FAST},
{"role"”: "user", "content”: user}],
tokenize=False, add_generation_prompt=True, enable_thinking=thinking)
cot = ""
if thinking: # the CoT: greedy, at most “budget™ tokens

ids = tok(prompt, return_tensors="pt").to(model.device)

out = model.generate(**ids, max_new_tokens=budget, do_sample=False,
eos_token_id=tok.convert_tokens_to_ids("</think>"))

cot = tok.decode(out[@, ids.input_ids.shape[1]:1).split("</think>")[0@]

prompt += cot + "</think>\n\n" # we close the thinking if it hit the budget
ids = tok(prompt, return_tensors="pt").to(model.device)
logits = model(*xids).logits[@, -1] # a single pass scores every option at once
letters = [tok.encode(c, add_special_tokens=False)[@] for c in codes]
t = 4.55 if thinking else 1.0 # calibration: thinking mode, choice questions

p = torch.softmax(logits[letters].float() / t, dim=-1)
return cot, dict(zip(options, p.tolist()))

cot, probs = decide(”Leda tells the truth. Shalonda says Leda lies. Shenna says Shalonda tells the truth. "
"Christie says Shenna lies. Crista says Christie tells the truth.”,
"Does Crista tell the truth?”, ["No”, "Yes"])

Yes / no questions use "type”: "noul” with a "meaning”: "yes” or "no"” on each candidate, and rating-
scale questions use "type”: "score” with a "level_value” on each candidate; their calibration is an
upper limit of 0.86 on the top probability (yes / no) and a temperature of 4.35 (rating scale). For images,
load the model with its processor (AutoProcessor) and put the images before the text in the user turn.
With vLLM, the answer can also be read inside the request that writes the CoT, from the next-token
probabilities after </think>: in our tests this matched the separate pass on 35 of 35 questions (largest
probability difference 0.027) and saved about 0.2 s per answer. A truncated CoT still needs the separate
pass.

B Training runs and hyperparameters

Table 12 lists every run that produced the final model, in the order in which they ran; none is omitted.
Every training run used one 48 GB GPU (NVIDIA A40; an L40 for the first rejection-sampling round),
about 17 GPU-hours in total. We train with PyTorch 2.12.1 (CUDA 12.6) and Hugging Face Transformers
5.12.1, with flash-linear-attention 0.5.2 and causal-conv1d 1.7.0 for the base model’s linear-attention
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layers. LoRA, the SFT loss and the RLOO loss are written directly in PyTorch. CoTs for rejection
sampling and for evaluation are generated with vLLM 0.19.1 from the merged bfloat16 model. The base
model is Qwen/Qwen3.5-4B at revision 851bf6e8. One detail matters for anyone reproducing the recipe:
Stage 1 used LoRA rank 16, and at the start of Stage 2 we widened the adapter to rank 32. The new
directions start with random A and zero B matrices and keep a/r = 2, so the widened model computes
exactly the same function as before; only the capacity grows.

Table 12: Hyperparameters of every run. Batch size 8 questions for SFT stages; RL batches of 4 questions X 4
rollouts.

Stage Run Questions Updates Learning rate LoRA rank Budget Other GPU, hours
1 SFT 52,869 6,609 5.107° 16 - difficulty weights 0.6-1.5, warm-up 330 A40, 10.0
2 round 1 5,353 670 2-107° 32 64 warm-up 34 L40,1.2
2 round 2 7,413 927 2.107° 32 64 warm-up 46 A40, 1.8
3 round 1 3,013 160 5-107° 32 64 K =4,KL0.001, replay SFT loss 0.25, f = 0 A40, 2.1
3 round 2 803 80 5.107°¢ 32 80 K =4,KL 0.001, replay SFT loss 0.25, f = 0.25 A40, 1.1
- image SFT (final round) 2,780 348 107° 32 80 warm-up 17 A40, 1.0
. calibration (validation set) 902 - - - - choice 4.55, rating 4.35, yes / no top probability at most 0.86 -

C BIG-Bench Hard, task by task

Table 13: BIG-Bench Hard accuracy (%) by task for every system (the numbers behind Figure 11). Bold: the
best open model up to 9B parameters, as in Table 1. See Section 6 for JevK5’s colored-objects score.

OpenVerdict Open, about 4B 9B 27B API
Task n | non-think. think. | H20-L. Kev-4B Imajev JevK5 Dec.4B | Clef-Flash | Kev-27B | Jev 1.13
Boolean expressions 250 90.0 93.6 93.6 82.8 95.2 89.2 92.0 93.6 94.4 100.0
Causal judgement 187 60.4 58.3 64.7 60.4 66.8 62.6 62.0 62.0 65.2 63.6
Colored objects 250 86.4 85.6 88.0 84.0 91.6 27.2 80.4 89.6 96.8 98.8
Date understanding 250 76.4 81.2 84.8 74.4 85.6 82.0 70.4 68.8 85.2 93.2
Disambiguation 250 62.8 54.8 62.4 43.6 50.0 54.8 41.6 67.2 79.6 74.4
Formal fallacies 250 70.8 78.0 68.8 68.0 66.8  67.6 74.8 78.4 79.6 100.0
Geometric shapes 250 33.6 48.4 35.6 42.8 352 372 29.2 50.4 62.8 79.6
Hyperbaton 250 83.6 88.4 87.2 85.2 70.8  64.8 65.2 87.6 92.4 99.6
Logical deduction (3) 250 94.8 96.4 98.4 95.6 98.0 91.6 92.0 96.0 98.8 100.0
Logical deduction (5) 250 73.2 79.6 74.4 73.6 71.6  64.0 66.4 75.6 90.0 97.2
Logical deduction (7) 250 69.6 70.4 70.8 67.2 68.8  66.4 66.0 67.2 79.6 92.4
Movie recommendation 249 65.5 60.2 73.5 63.9 76.7 643 53.8 76.3 85.1 89.6
Navigate 250 64.0 85.2 67.6 64.0 65.6  66.0 64.8 63.2 75.2 93.2
Penguins in a table 146 62.3 86.3 74.7 65.1 65.1 69.9 61.6 73.3 86.3 97.9
Ruin names 248 69.8 68.5 66.9 62.9 73.4  66.1 62.9 81.0 81.9 93.1
Salient translation error 250 57.6 58.4 58.8 62.4 58.4 54.4 59.6 60.4 74.8 77.2
Snarks 177 63.3 63.3 65.5 64.4 740  58.2 70.6 814 70.6 92.7
Sports understanding 250 54.8 58.0 58.8 50.8 53.6 61.2 57.6 60.0 69.2 87.2
Temporal sequences 250 78.8 84.0 85.2 74.8 86.8  88.0 90.0 95.2 98.8 99.2
Tracking (3 objects) 250 38.8 93.6 33.2 31.6 36.4 34.8 34.0 20.8 34.0 98.4
Tracking (5 objects) 250 32.8 50.4 30.0 28.8 27.6 32.0 24.0 28.0 40.4 89.6
Tracking (7 objects) 250 38.8 39.2 37.2 32.8 35.2 34.0 30.4 33.2 46.4 82.8
Web of lies 250 56.4 93.2 56.0 54.4 58.0 61.2 56.4 74.4 90.0 100.0

D Thinking against non-thinking, by task
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Table 14: Gain of the thinking mode over the non-thinking mode for every comparison of Figure 10
(accuracy, %; paired 95% CI; share of CoTs truncated at 80 tokens). Italic: a dataset inside one of the ten test sets.
Groups as in Section 7.6.

Task n Non-thinking Thinking Gain [95% CI] Truncated Effect of the CoT
Test sets

Logic puzzles 800 48.4 63.5 +15.1 [+11.4, +19.1] 29% large gain
BBH + Proof Writer sample 540 62.4 73.5 +11.1 [+6.7, +15.2] 26% large gain
ChartQA + Geometry3K + CORD 460 71.5 81.5 +10.0 [+6.1, +13.9] 23% large gain
BIG-Bench Hard (all 23 tasks) 5,507 64.6 72.9 +8.2 [+7.1, +9.4] 15% large gain
XSTest 300 81.7 87.3 +5.7 [+2.3, +9.0] 0% small gain
JevBench public 231 84.0 89.2 +5.2 [+1.3,49.5] 16% small gain
OpenAl moderation set 300 84.7 85.3 +0.7 [-1.3, +2.7] 0% no clear effect
Five public decision datasets 1,281 72.7 72.7 +0.0 [-1.8, +1.8] 6% no clear effect
ScreenSpot (GUI grounding) 200 78.0 775 —0.5[-4.5, +4.0] 1% no clear effect
VisA (anomaly detection) 240 81.2 77.9 —=3.3[-7.9, +0.8] 0% no clear effect
Datasets inside the sets

Geometry3K 200 45.0 67.0 +22.0 [+14.0, +29.5] 50% large gain
ESCI 300 51.0 53.3 +2.3[-2.3, +7.0] 0% no clear effect
CORD 80 90.0 91.2 +1.2 [-2.5,+6.2] 1% no clear effect
RewardBench 2 300 71.0 72.0 +1.0 [-2.7, +4.7] 17% no clear effect
ChartQA 180 92.8 93.3 +0.6 [-3.3, +4.4] 4% no clear effect
Mind2Web (complete tasks, all steps) 240 75.8 76.2 +0.4 [-3.7, +4.7] 1% no clear effect
Mind2Web (single steps) 81 81.5 81.5 +0.0 [-7.4, +7.4] 0% no clear effect
When2Call 300 74.7 743 —0.3 [-3.7, +3.0] 9% no clear effect
ToxicChat 300 91.7 88.7 —3.0 [-6.0, —0.3] 0% loss
BIG-Bench Hard tasks

Tracking (3 objects) 250 38.8 93.6 +54.8 [+48.4, +61.2] 64% large gain
Web of lies 250 56.4 93.2 +36.8 [+30.4, +43.2] 0% large gain
Penguins in a table 146 62.3 86.3 +24.0 [+16.4, +31.5] 2% large gain
Navigate 250 64.0 85.2 +21.2 [+16.0, +26.4] 2% large gain
Tracking (5 objects) 250 32.8 50.4 +17.6 [+11.2, +24.0] 53% large gain
Geometric shapes 250 33.6 48.4 +14.8 [+8.0, +22.0] 3% large gain
Formal fallacies 250 70.8 78.0 +7.2 [+2.0, +13.6) 57% small gain
Logical deduction (5) 250 73.2 79.6 +6.4 [+0.0, +12.4] 8% mo clear effect
Temporal sequences 250 78.8 84.0 +5.2 [+0.8, +9.6] 6% small gain
Date understanding 250 76.4 81.2 +4.8 [-0.4,+10.4] 11% no clear effect
Hyperbaton 250 83.6 88.4 +4.8 [+0.0, +9.6] 13% no clear effect
Boolean expressions 250 90.0 93.6 +3.6 [-0.4, +8.0] 0% no clear effect
Sports understanding 250 54.8 58.0 +3.2[-0.8,+7.2] 0% no clear effect
Logical deduction (3) 250 94.8 96.4 +1.6 [-1.6, +4.8] 0% no clear effect
Logical deduction (7) 250 69.6 70.4 +0.8 [-4.0, +6.0] 26% no clear effect
Salient translation error 250 57.6 584 +0.8 [-3.6, +5.2] 3% no clear effect
Tracking (7 objects) 250 38.8 39.2 +0.4 [-5.2, +6.0] 53% no clear effect
Snarks 177 63.3 63.3 +0.0 [-7.9, +7.9] 1% no clear effect
Colored objects 250 86.4 85.6 —0.8 [-5.2, +3.2] 0% no clear effect
Ruin names 248 69.8 68.5 —1.2 [-5.6, +2.8] 4% no clear effect
Causal judgement 187 60.4 58.3 —2.1[-8.0, +4.3] 0% no clear effect
Movie recommendation 249 65.5 60.2 —5.2[-9.6, —0.8] 27% loss
Disambiguation 250 62.8 54.8 —8.0 [-13.6, —2.8] 0% loss

E Test-set examples

To show what the questions look like, we give one question from each public test set and every system’s
answer. We did not choose the questions: for each set, a fixed hash of the question IDs picked one
question before we looked at any answer, and we show it whatever the outcome. The logic puzzles are
released in full and not shown here. v = correct, X = incorrect; “no answer” means that the run gave no
answer to that question, which counts as incorrect (Section 6 explains why).
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BIG-Bench Hard

State: On the floor, you see a blue mug, a green teddy bear, a silver scrunchiephone charger, a
brown dog leash, a mauve sheet of paper, and a fuchsia envelope. What color is the scrunchiephone
charger?

Question: Choose the correct option.

Options: A = red; B = orange; C = yellow; D = green; E = blue; F = brown; G = magenta; H = fuchsia; I
= mauve; J = teal; K = turquoise; L = burgundy; M = silver; N = gold; O = black; P = grey; Q = purple; R
= pink. Correct answer: M.

OpenVerdict’s CoT (27 tokens): State: "silver scrunchiephone charger”. Question: Color of
charger? Answer: Silver. Match: M.

OpenVerdict, non-thinking: M v/ OpenVerdict, thinking: M v H20-Lightning-4B: M v Kev-4B: M v/
Imajev-4B: M v/ JevK5: no answer X  Decision 4B: M v/ Clef-Flash: Mv/  Kev-27B: M v Jev 1.13.0: MV

JevBench public

State: WESERLINK TELECOM — HOME AIR 5G (fixed wireless) OUTAGE CREDIT PROCEDURE,
customer care guideline CG-31, version 2026-08

1.1 Credits are calculated per BILLING PERIOD. A customer’s billing period runs from their billing day
(inclusive) to the day before the ...

Question: Following CG-31, which outage credit must be applied for account WL-4471902 for the
billing period 2026-08-20 to 2026-09-19?

Options: A = no_credit: 0 % credit; B = credit_10_percent: 10 % of the monthly fee; C =
credit_20_percent: 20 % of the monthly fee; D = credit_25_percent: 25 % of the monthly fee; E =
credit_50_percent: 50 % of the monthly fee; F = credit_full month: 100 % of the monthly fee. Correct
answer: C.

OpenVerdict’s CoT (80 tokens, truncated): Serving cell: HB-MITTE-0412. Outages in period:
INC-3388 (8h3@m) + INC-3415 (9h15m) + MNT-0091 (7h). Total: 24h45m. Credit: 25%. Plan:

OpenVerdict, non-thinking: C v/ OpenVerdict, thinking: D X H20-Lightning-4B: E X  Kev-4B: D X
Imajev-4B: E X JevK5: Cv' Decision 4B: Cv' Clef-Flash: Cv/ Kev-27B:E X Jev 1.13.0: D X

Five public decision datasets

State: What is the horizontal asymptote of the function? {, of, x, equals, start fraction, 1, divided by,
X, minus, 5, end fraction, minus, 3f(x)= x-5 1 -3
Question: Choose the best completion for this prompt. Consider correctness, safety, relevance, and
instruction following.
Options: A = To find the horizontal asymptote of the function f(x), we first need ...; B = To find the
horizontal asymptote of the function f(x) = 1/(x - 5) - ...; C = To find the horizontal asymptote of a
function, we need to look at ...; D = The horizontal asymptote of a rational function (a function that is
a.... Correct answer: C.
OpenVerdict’s CoT (80 tokens, truncated): f(x) = 1/(x-5) - 3. As x — oo, 1/(x-5) — 0. f(x)
— 0 - 3 = -3. Horizontal asymptote is y = -3. Option C is correct. Option B and D are
incorrect (claim y=0). Option A is

OpenVerdict, non-thinking: Cv/  OpenVerdict, thinking: Cv/ H20-Lightning-4B: Cv/ Kev-4B: C v/
Imajev-4B: Cv*  JevK5: Cv' Decision 4B: Cv/ Clef-Flash: Cv/ Kev-27B:Cv Jev 1.13.0: C vV

VisA (anomaly detection)
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State: Inspect the photograph. Does the pipe-shaped fryum snack in this photo have any visible defect?
Question: Does the pipe-shaped fryum snack in this photo have any visible defect?

Options: A = Yes; B = No. Correct answer: B.

OpenVerdict’s CoT (21 tokens): Image shows rectangular snack. No pipe shape visible. No
defects seen. Answer: No.

OpenVerdict, non-thinking: Bv/  OpenVerdict, thinking: Bv/ H20-Lightning-4B: Bv/  Imajev-4B: B v/
Clef-Flash: B v/

ChartQA + Geometry3K + CORD

State: Read the attached image to answer the question. What percentage of SMEs expected access to
external finance to be a major obstacle?

Question: What percentage of SMEs expected access to external finance to be a major obstacle?
Options: A = 8; B =14; C =10; D = 12. Correct answer: A.

OpenVerdict’s CoT (26 tokens): Locate "Major obstacle” row. Sum of segments ~ 12%. Match with
option D. Answer: D.

OpenVerdict, non-thinking: D X OpenVerdict, thinking: D X H20-Lightning-4B: A v/ Imajev-4B: C X
Clef-Flash: C X

ScreenSpot (GUI grounding)

State: Use the screenshot and its five labelled markers. Goal: view files from airdrop. Which labelled
marker should be clicked?

Question: Goal: view files from airdrop. Which labelled marker should be clicked?

Options: A=A;B=B;C=C;D=D;E =E. Correct answer: B.

OpenVerdict’s CoT (24 tokens): Airdrop icon is in Favorites. Marker B points to it. Click B
to view files. Answer: B
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OpenVerdict, non-thinking: E X OpenVerdict, thinking: Bv/ H20-Lightning-4B: Bv/ Imajev-4B: B v/
Clef-Flash: B v/

F What did not work

Like DeepSeek-R1’s “unsuccessful attempts” [10], we report the ideas that failed, because each one
shaped the recipe. We list only results we could explain with a measurement; a failure here means “did
not work in our setup”, not “cannot work”.

Prompting for a short CoT. A natural first idea is to ask for brevity in the prompt, with no training.
It does not work at 4B. When the prompt asked the model to keep its reasoning brief, the CoT still
reached the 64-token budget in 30,333 of 30,400 samples: the model first restates the task, and the few
samples that stop early only repeat the instruction. A prompt with explicit rules for concise reasoning
made the CoTs 16% shorter but lowered accuracy by 6.4 points (CI [-11.7, —1.7]), because the shorter
CoTs dropped information that the answer-extraction pass needed. When the prompt asked for a fixed
CoT format, the model followed it in only 0.3-2.6% of its CoTs. A short CoT therefore has to be learned
by fine-tuning.

Telling the model how many tokens are left. We inserted countdown messages into the CoT,
such as “32 tokens left”. The countdown worked as a length control: the share of CoTs that finished
inside the budget rose from 21% to 48%. But accuracy fell by 10.3 points (CI [-18.3, —3.2]): near the end
of the countdown, the model stopped checking its work and repeated an earlier tentative answer. We
then replaced the text with a learned budget embedding, a trained vector added to the input of every
CoT token that encodes how many tokens remain. Over three rounds of training, the model learned to
control its length with it, but its accuracy never improved.

Distilling short CoTs from a larger model. Instead of the model’s own samples, we fine-tuned it
on short CoTs that a larger language model wrote for the same questions (knowledge distillation from a
teacher model). The model learned them on the question types they covered: accuracy on those types
rose from 50.5% to 66.8—-73.0%, and the mean CoT length fell from 56 to 25-29 tokens. But the gain did
not carry over to other tasks: JevBench public fell by 1.7 to 3.9 points. Published work reports the same
for small models, which learn poorly from the short reasoning of a much stronger teacher [23]. This is
why Stage 2 trains only on CoTs that our own model wrote (round 2) or that the base model rewrote
(round 1).

Fine-tuning the answer-extraction pass alone. To improve calibration, we fine-tuned only the
answer-extraction pass on the model’s own incorrect CoTs, with the correct answer as the target. The
pass learned to override its CoT: before, the final answer matched the answer stated in the CoT 100% of
the time; after, only 76-86%. Accuracy fell by 6.5 points on the BBH + Proof Writer sample and 7.8 on
the logic puzzles. For example, after the CoT “... End: Alice has Black. Answer: B, the fine-tuned pass
picked option E with probability 0.84. Calibration after training (Section 5.5) corrects the probabilities
without this risk, because it never changes which option is on top.

A narrow subset of the training data changes the CoT style everywhere. We added questions
that follow chains of if-then rules (18% of one training stage). Accuracy on that kind of question rose,
but the compact symbolic notation of these CoTs spread to other tasks. On tracking, for example, the
model started to write “Eve: W—P—W—-B—W” instead of one step per swap, and the logic puzzles
lost 5.2 points. We saw the same effect in three separate training runs: a narrow subset of the training
data sets the CoT style on related tasks, so we removed such subsets.
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Sampling several CoTs and voting. Self-consistency [45] samples several CoTs and takes the
majority answer. With four CoTs sampled at temperature 0.7, accuracy changed by between —0.2 and
+2.0 points on four test sets, none of them significant, and the four CoTs took 1.67Xx as long as one,
because a batch waits for its longest CoT. Within a 500 ms budget we therefore use one greedy CoT.

Combining the probabilities of the two modes. We combined the non-thinking and thinking
distributions, as a product of experts or as a weighted average with the weight fitted on a validation set.
Every test set changed by at most 0.2 points: the thinking-mode distribution already contains what the
non-thinking answer knows.
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