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Abstract
Reinforcement Learning with Verifiable Re-
wards (RLVR) has substantially improved rea-
soning in formal domains such as mathematics
and code, but extending these gains beyond
STEM remains challenging. Extending RLVR
beyond STEM is fundamentally constrained
by the lack of high-quality verifiable training
data. In this work, we introduce SUPERNOVA,
a framework for curating RLVR data from
natural instruction datasets, which are a rich
source of expert-annotated data but are under-
explored for RLVR training. Through 100+
controlled RL experiments, we systematically
study how to utilize these dataset for RLVR
and how data curation decisions affect down-
stream reasoning performance . In particular,
we investigate three data designs: (a) source
task selection, (b) task mixing, and (c) syn-
thetic interventions. Our analysis reveals that
source task selection has a significant impact
on downstream reasoning performance. More-
over, selecting tasks based on their performance
for individual target tasks outperforms strate-
gies based on overall average performance and
synthetic interventions do not improve reason-
ing. Guided by these insights, we construct
SUPERNOVA, a high-quality RLVR dataset of
25K instances curated from natural instruction
datasets. We show that training Qwen3-0.6B
on SUPERNOVA outperforms the base Qwen3-
0.6B, yielding a relative gain of 64.4pp on
BigBench Extra Hard (BBEH), a challenging
benchmark comprising 23 complex reasoning
tasks. Importantly, we find that gains from SU-
PERNOVA generalize to unseen benchmarks,
larger model scales, and newer model families.
Overall, our findings provide practical insights
for curating human-annotated resources to ex-
tend RLVR to general reasoning. 1

1 Introduction

Large language models (LLMs) have shown re-
markable progress in reasoning capabilities for for-

1We will release the data and models upon acceptance.

mal domains such as mathematics and code (Guo
et al., 2025; Lambert et al., 2024; Guha et al., 2025;
Ma et al., 2025; Zeng et al., 2025; Hu et al., 2025;
Chen et al., 2025). A vast majority of these ad-
vances leverage reinforcement learning with ver-
ifiable rewards (RLVR) which relies on the abil-
ity to verify model outputs against a ground-truth
final answer (Guo et al., 2025). The success of
RLVR in STEM domains is closely tied to the
abundance of high-quality verifiable data, such as
MATH (Hendrycks et al., 2021), competitions (e.g.,
CodeForces, Art of Problem Solving) and forums
(e.g., StackOverflow). Together, these resources
have enabled the rapid adoption of RLVR for math-
ematical and code reasoning (Chen et al., 2025; Yu
et al., 2025; Akter et al., 2026; Hu et al., 2025).

However, reasoning in real-world settings ex-
tends beyond STEM problem solving and requires
a broader spectrum of capabilities, including tem-
poral reasoning, causal inference, and logical de-
duction (Newell et al., 1972; Johnson-Laird, 2010;
Griffiths, 2020). Yet recent work shows that train-
ing models on mathematical and coding data does
not necessarily improve general reasoning capa-
bilities (Bhaskar et al., 2025; Huan et al., 2025;
Cheng et al., 2026). In particular, models trained
on high-quality mathematical and coding reason-
ing data often achieve substantial gains on formal
reasoning benchmarks while simultaneously de-
grading performance on more general reasoning
tasks. For example, OpenReasoner-7B (Hu et al.,
2025) and OpenThinker-7B (Guha et al., 2025) im-
prove over their base models by more than 50%
on challenging mathematical benchmarks such as
AIME24 (Zhang and Math-AI, 2024), yet suffer
performance drops of up to 8% on complex reason-
ing tasks in BBEH (Kazemi et al., 2025).

A key bottleneck in extending RLVR beyond
STEM domains is the lack of high-quality veri-
fiable training data that spans diverse reasoning
skills. Prior work addresses this challenge through
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Figure 1: SUPERNOVA shows strong reasoning performance. Training with our curated SUPERNOVA data leads
to consistent pass@k improvements on a challenging benchmark, BBEH-test. (a) SUPERNOVA shows consistent
performance gains across various model sizes from the Qwen3 family. (b) SUPERNOVA shows superior performance
to existing reasoning datasets across varying values of k under compute-matched comparisons.

domain-specific reward designs and extensive data
filtering pipelines to curate reasoning data span-
ning diverse domains (Cheng et al., 2026; Ma
et al., 2025; Akter et al., 2026). However, these
approaches often depend on noisy web-scale cor-
pora (Ma et al., 2025) or specialized datasets tai-
lored to particular domains (Cheng et al., 2026),
limiting their applicability to understudied reason-
ing tasks. Moreover, collecting human-annotated
data for RLVR is expensive and labor-intensive.

In contrast, large amounts of high-quality
human-annotated data already exist in instruction-
following datasets. Resources such as Su-
perNI (Wang et al., 2022) and FLAN (Wei et al.,
2021) contain thousands of expert-curated tasks
spanning event understanding, question generation,
and other reasoning-intensive settings (Appendix
Table 8). However, these datasets cannot be di-
rectly used for RLVR because (a) many tasks are
open-ended and lack reliable verification signals,
(b) not all tasks elicit strong reasoning behavior,
and (c) the principles underlying effective RLVR
data curation remain underexplored beyond STEM
domains.

In this work, we introduce SUPERNOVA, a multi-
stage pipeline for curating high-quality RLVR data
from natural instruction datasets (Figure 2). We
conduct 100+ compute-matched RL experiments
to systematically study the principles underlying
RLVR data curation. We explore three key design
choices: (a) source task selection, (b) task mix-
ing strategies, and (c) synthetic interventions to
enhance task quality. In particular, we find that (a)
task selection has a large impact on downstream

reasoning performance, (b) our novel mixing strat-
egy: micro-mixing yields further gains, and (c) syn-
thetic interventions on tasks do not improve reason-
ing performance. Finally, based on these insights
we construct SUPERNOVA, a curated corpus of
25K verifiable training instances spanning diverse
reasoning types for RLVR (Figure 3). Training
Qwen3 models across scales (0.6B–4B) on SUPER-
NOVA yields substantial gains on BBEH (Kazemi
et al., 2025), achieving relative gains up to 64.4pp,
while outperforming existing reasoning datasets
such as Nemotron-Crossthink (Akter et al., 2026)
by 42pp at pass@1 (Figure 1). Models trained on
SUPERNOVA also generalize strongly to challeng-
ing reasoning benchmarks including BBH (Suz-
gun et al., 2023), MMLU-Pro (Wang et al., 2024),
and Zebralogic (Lin et al., 2025), while exhibiting
cross-model transfer across both different model
families. Moreover, these gains remain consistent
at larger values of k, highlighting the importance
of principled RLVR data curation for improving
reasoning capabilities in LLMs.

In summary, our contributions are as follows:

• Natural Instructions can elicit reason-
ing. We demonstrate that natural instruction
datasets are a rich source of human-annotated
data which can be used for RL training to im-
prove complex reasoning.

• SUPERNOVA Framework. We introduce a
framework to curate high-quality RLVR data
beyond STEM. Through our controlled exper-
iments, we study the impact of diverse data
designs including (a) task selection, (b) task
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mixing, and (c) synthetic interventions.

• Generalization of SUPERNOVA. We curate a
high-quality RLVR dataset of 25K instances.
Importantly, we show that gains from SUPER-
NOVA generalize to evaluation benchmarks
that were unseen during data curation. Specif-
ically, our data curated from a small Qwen3-
0.6B model generalizes to larger model sizes
and newer model families.

2 Preliminaries

Reinforcement Learning with Verifiable Re-
wards (RLVR). RLVR is widely adopted for
training LLMs for reasoning in domains that rely
on automatically verifiable ground truth such as
mathematics and code. Given an input-target pair
(q, t), RLVR samples G rollouts oi

G
i=1 from a be-

havior policy πθold and optimizes the GRPO (Shao
et al., 2024) objective:

JGRPO(θ) = E (q,t)∼D
{oi}Gi=1∼πθold (·|q)

[
1

G

G∑
i=1

min
(
ρi(θ) Âi, clip(ρi(θ), 1−ϵ, 1+ϵ) Âi

)]
(1)

where ρi(θ) =
πθ(oi|q)
πθold (oi|q)

is the importance sam-

pling ratio. The group-centered advantage Âi for
each output is computed as Âi = ri − 1

G

∑G
j=1 rj

where ri = r(oi, q), the computed reward. Follow-
ing (Yu et al., 2025), we skip the KL penalty to
improve training efficiency in our experiments.

Task-Specific Instruction Datasets. Instruction-
tuning datasets such as SuperNI (Wang et al.,
2022), and Flan-Collection (Wei et al., 2021) are
a collection of well-structured, distinct tasks span-
ning diverse reasoning abilities. These datasets
are constructed from high-quality human super-
vision including task definitions, instructions and
ground-truth annotations. We observe that these
large instruction-tuning datasets often encode rea-
soning structures that are not explicitly annotated
but can be inferred from the examples and task
structure. Consider an instruction dataset D =
{D1, D2, D3...DK} comprising K tasks where
each subset Dk is a well-defined task targeting a
particular skill.

Problem Setup. In this work, we focus on the cu-
ration of high-quality training data to enable strong
general reasoning capabilities via reinforcement
learning. Given a pool of candidate datasets D =

{D1, D2, . . . , DK}, a model M , and a training al-
gorithm A, we seek a subset of tasks S ⊆ D that
maximizes downstream performance after training.
Following the data curation formulations propose
for SFT in math reasoning (Guha et al., 2025) and
multimodal reasoning (Bansal et al., 2025), we de-
fine our objective as:

S∗ = argmaxS⊆DΦ(A(M,S), V ) (2)

where A(M,S) denotes the model after applying
A to M on the selected subset S, V is the validation
set and ϕ measures downstream performance on
V .

3 SUPERNOVA

We outline our SUPERNOVA framework (Figure 2),
which consists of multiple stages: (a) task selection,
which assesses the impact of source task choice
(§ 3.1); (b) mixing, which identifies the best strat-
egy to mix the diverse tasks (§ 3.2); and (c) data
interventions, which aim to enhance the quality of
our data (§ 3.3). Finally, we combine the best per-
forming strategy from each step and curate SUPER-
NOVA, comprising of 25K verifiable training sam-
ples spanning 9 diverse reasoning types as shown in
Figure 3. SUPERNOVA consists of 31 tasks selected
from SuperNI with 25% of the tasks targeting tem-
poral and causal reasoning.2 We provide qualitative
examples from SUPERNOVA in Appendix Table 4.

3.1 Task Selection

Extracting reasoning data from instructions.
The quality of the input and the coverage of rea-
soning types is critical for determining the reason-
ing skills imparted to the LLM. For example, a
LLM exposed to temporal graphs will excel in
downstream temporal understanding tasks (Xiong
et al., 2024). In this work, we leverage instruction-
tuning data D to source diverse tasks Dk for gen-
eral reasoning. Since, instructions are formatted
for supervised-finetuning they are not directly us-
able for RLVR as they may incorporate hard to
verify ground-truth. Thus, for every instruction p
in Dk, we reformat the instruction to a verifiable
question q. To further identify the most effective
data from D, we sample 8 rollouts from model M
for each q and compute the per-question win-rate.

2Most SuperNI tasks target various reasoning types, we
consider the primary reasoning type identified by Claude-
Opus-4.6 based on the task description. More details in
App. § F.
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Figure 2: SUPERNOVA Framework: We study the impact of various data design choices for RLVR data curation
from natural instruction datasets. First, we study the impact of task selection on downstream reasoning performance.
Then, we explore strategies to mix diverse tasks in source data. Finally, we examine whether synthetic data
interventions can enhance data quality and improve downstream reasoning.
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Figure 3: SUPERNOVA Distribution. SUPERNOVA
comprises of 25K training samples that target 9 diverse
reasoning types.

Finally, we remove all questions which are too easy
for the model (win-rate=1) or too challenging (win-
rate=0).

Task Ranking. For each task Dk, we define a
task-utility score uk ∈ R that indicates how effec-
tive Dk is for RLVR training. Then, we rank the
K tasks according to their utility scores, producing
a ranking: uD1 > uD2 > uD3 > · · · > uDK).
The task utility scores enable us to select high-
quality tasks while downweighting poor and irrele-
vant tasks. We explore various approaches to com-
pute task-utility: (a) we compute the semantic and
lexical similarity between the task questions and
the questions from our validation benchmark V ;
(b) we compute the difficulty of the task based on
the average win-rate of the task under model M ;
and (c) we train model M on Dk and evaluate per-
formance on V .

3.2 Mixing

After obtaining high-quality tasks, we determine
how to combine them to construct an effective train-
ing mixture. Mixing strategy is a key design choice
in data curation and prior work in LLM reason-
ing have shown to yield superior datasets by mix-
ing subsets from various sources. Consider the K
tasks from § 3.1 and number of tasks to be mixed
N ∈ {1, 2, 4, 8, 16}, we want to determine the op-

timal value of N under two mixing strategies:

• Macro Mixing: Consider the ranking from
§ 3.1: uD1 > uD2 > uD3 .. > uDK

where
uDk

is the macro average of model perfor-
mance on VBBEH . We select the top-ranked
N tasks uD1 > uD2 > uD3 > · · · > uDN

for
our mixture.

• Micro Mixing: Here, we leverage the sub-
tasks of our V and produce a ranking for each
sub-task Vi. Specifically, we define u(i)k as the
performance of model M trained on Dk and
evaluated on sub-task Vi, yielding a per-sub-
task ranking: u(i)D1

> u
(i)
D2

> · · · > u
(i)
DK

for
each Vi ∈ V . We then select the top-ranked
N tasks per sub-task and take the unique set
of selected tasks for our mixture.

3.3 Data Interventions
Starting from the best mixture from §3.2, we assess
whether we can enhance the data quality through
targeted data interventions. RLVR datasets primar-
ily focus on the questions since interventions on
the target may hinder the verifiability of the answer.
Thus, we apply a set of interventions to transform
the difficulty of the questions while preserving the
target answer. These interventions aim to increase
the difficulty of the questions by introducing di-
verse reasoning types such very long-context de-
pendency, information that prompts model to go
against a strong prior or needle in haystack. Let
Dbase = {(q, t)} be the base data with original
question-target pairs. We apply an intervention
I that transforms each question while preserving
the target, producing D′ = {(I(q), t)}. We pro-
vide the implementation details of applying these
interventions in Appendix § E.

4 Experimental Setup

Training Data. We use SuperNI (Wang et al.,
2022) as our data source. It consists of 1600 tasks
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Figure 4: Impact of Task Selection. We train the baseline (Qwen3-0.6B) on each task individually under compute-
matched settings. We report relative pass@8 gains on BBEH-mini for each task and highlight the tasks that
improve and degrade the baseline.

spanning various tasks types such as question an-
swering, question generation and commonsense
reasoning. Each task consists of the task descrip-
tion and the instruction-response pair, annotated by
experts. We sample a candidate pool of 83 tasks
for our experiments.3

Training. We train models from Qwen3 (Yang
et al., 2025) family (0.6B, 1.7B and 4B) with
GRPO (Shao et al., 2024) for all our experiments
(§ 2). We adopt binary rewards for training: 1 if
the output is judged correct under rule-based ver-
ification and 0 otherwise. The rule-based verifier
extracts the final answer, normalizes the output and
applies string matching. For our data curation ex-
periments, we use Qwen3-0.6B for faster training
iterations. All our data curation experiments were
run for 250 RL steps. Finally, we train the SUPER-
NOVA models for 5000 RL steps. We present more
details about the training setup in Appendix §C.

Evaluation. We evaluate our models on various
benchmarks that target diverse reasoning capabili-
ties. For our data curation experiments, we choose
BBEH-mini as our validation benchmark. BBEH-
mini is a small subset of BBEH (Kazemi et al.,
2025) that comprises of 23 challenging tasks that
target diverse reasoning capabilities. We use the
remaining BBEH samples, which are not included
in BBEH-mini as the unseen test set, BBEH-test.
Thus, downstream reasoning performance is ag-
gregated over all 23 tasks. After curating SU-

3The candidate pool allows us to implement SUPERNOVA
on tractable compute. Ideally, SUPERNOVA can be applied to
all tasks from SuperNI. Additional details in Appendix §C.

PERNOVA, we evaluate our models on 4 addi-
tional unseen benchmarks including BBH (Suzgun
et al., 2023), Zebralogic (Lin et al., 2025), MMLU-
Pro (Wang et al., 2024) and MATH500 (Lightman
et al., 2023). To ensure consistency, we use an iden-
tical prompt across all evaluations that encourages
the model to think before answering, provided in
Appendix §C.4.

Evaluation Metric. We adopt pass@k as our
evaluation metric, which is well-suited for evaluat-
ing RL-trained models (Chen et al., 2021; Yue et al.,
2025). As shown in Appendix § B, we find that
pass@8 provides 2.5 times greater discriminabil-
ity than pass@1 (σ: 0.76 → 1.92). We therefore
utilize pass@8 for our data curation experiments.

Baselines. To further compare the quality of SU-
PERNOVA with other reasoning datasets, we train
Qwen3-0.6B under a compute-matched setup us-
ing three baseline datasets including Nemotron-
CrossThink (Akter et al., 2026), which targets
diverse domains and question-answer formats;
General-Reasoner (Ma et al., 2025), which curates
reasoning data across diverse STEM-focused do-
mains; and DAPO (Yu et al., 2025), a high-quality
math reasoning dataset sourced from competition
websites. We provide additional details in Ap-
pendix §D. We evaluate several models as baselines
for our experiments. (1) Qwen3: included to mea-
sure the gains obtained from training on SUPER-
NOVA. (2) OpenThinker3-7B (Guha et al., 2025):
a strong math reasoning model supervised fine-
tuned on large math corpus. (3) OpenReasoner-
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Figure 5: (Left) Correlation between semantic similarity and task performance. (Middle) Correlation between lexical
similarity and task performance. (Right) Correlation between win rate and downstream reasoning performance.

Nemotron-7B (Ahmad et al., 2025): a strong rea-
soning model. (4) Olmo3-7B-Think (Olmo et al.,
2025): a state-of-art reasoning model that has
strong performance across various domains.

5 Experiments

Impact of Task Selection. We train Qwen3-0.6B
on each task and report model performance on
BBEH-mini in Figure 4. Our experiments show
that task selection has a substantial impact on
downstream reasoning performance (Figure 4).
Specifically, we observe a 7.6 percentage point
(pp) gap between the lowest-performing task
(task213-rocstories, 13.9%) and the highest-
performing task (task738-perspectrum, 21.5%).
Notably, several tasks degrade performance relative
to the baseline, underscoring that not all tasks are
beneficial for improving reasoning under RLVR,
and task selection based on task utility is critical for
training strong reasoning models. Furthermore, we
find that tasks involving multi-hop reasoning yield
the largest gains over the baseline model (Appendix
§ F).

Task Utility Ranking. We find that semantic sim-
ilarity and lexical similarity between the tasks and
validation benchmark are poor predictors of task
utility for RLVR. As shown in Fig. 5, both mea-
sures exhibit weak correlation with model perfor-
mance on BBEH-mini. These approaches are at-
tractive because they are cheap, fast to implement,
and model-agnostic. However, our findings sug-
gest that surface similarity is insufficient for task
selection for RLVR. We also investigate whether
task difficulty, measured by the average win-rate
of the base model, predicts downstream reasoning
performance in Fig. 5. Similar to surface similar-
ity, we observe only a weak correlation between
task difficulty and model performance on BBEH-

Top 1 Top 2 Top 4 Top 8 Top 16

Micro Mixing

pass@1 7.5 8.9 7.5 7.6 7.5
pass@8 18.3 22.8 18.7 18.0 20.2

Macro Mixing

pass@1 7.6 8.2 6.6 6.4 7.5
pass@8 21.5 21.7 17.4 17.0 18.3

Table 1: Impact of mixing. We mix questions from
tasks following two strategies: micro mixing and macro
mixing. We find that micro mixing with top 2 tasks
achieves the best performance (bold).

mini, indicating that base-model difficulty is also
a poor predictor of task utility for RLVR. Overall,
our findings underscore that effective task selec-
tion is grounded in compute-matched RL training,
and simpler proxies are insufficient for predicting
downstream performance.

Impact of Task Mixing. We present the results
of two mixing strategies: Macro Mixing and Mi-
cro Mixing in Table 1. Across both strategies, we
find that mixing top 4, 8 or 16 tasks did not yield
better results than top 1 or 2 tasks at both pass@1
and pass@8. Thus, mixing strategies are highly
dependent on the training data distribution and
mixing more data sources does not always yield
high reasoning performance. Furthermore, we find
that micro-mixing with top-2 achieves the highest
pass@8 scores of 22.8% our experiments. These
results indicate that selecting top-ranked tasks per
sub-task (Micro Mixing) yields better performance
than selecting tasks based on overall ranking at
compute-matched settings.

Impact of Data Interventions. We apply several
data intervention strategies to the best-performing
dataset from §5 (Micro-Top2) and report results

6



Model MMLU-Pro BBH Zebralogic MATH500 Average

Qwen3-0.6B 55.3 52.4 34.4 71.9 53.5
RL w/ General-Reasoner (Ma et al., 2025) 54.4 64.3 45.4 66.3 57.6
RL w/ Nemotron-Crossthink (Akter et al., 2026) 55.7 69.9 49.1 70.0 61.2
RL w/ SUPERNOVA 56.2 81.5 49.4 71.4 64.6

Table 2: SUPERNOVA beats reasoning datasets on reasoning benchmarks. We report pass@8 across four
benchmarks that were unseen during data curation. We find that LLMs trained on SUPERNOVA show improved
pass@8 over the models trained on baseline datasets under compute-matched settings.
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Figure 6: SUPERNOVA generalizes to OOD Bench-
marks. We report pass@8 across four reasoning bench-
marks for Qwen3-4B and SUPERNOVA-4B.

on BBEH-mini in Appendix Table 6. Surprisingly,
none of the interventions improve over the original
data. While Going Against Prior achieves the high-
est performance among the interventions (22.6%),
is comparable to but does not exceed Micro Top2.
Thus, such synthetically generated interventions on
the question are not effective in improving down-
stream reasoning performance with RLVR.

6 Training Reasoners with SUPERNOVA

SUPERNOVA demonstrates strong reasoning
performance. We find that training Qwen3-4B
on SUPERNOVA outperforms the base Qwen3-4B
model with a relative gain of 43.8pp (Figure 1(a)).
Moreover, SUPERNOVA also demonstrates consis-
tent gains over the base model across 0.6B and
1.7B models. We show a reasoning trace produced
by SUPERNOVA-4B on a challenging Boardgame-
QA example in Appendix Figure 11. The model
performs multi-step reasoning by chaining together
multiple rules and resolving preference conflicts.
This example demonstrates that training on SU-
PERNOVA enables the model to perform structured
reasoning over challenging tasks.

SUPERNOVA beats SOTA reasoning datasets.
We compare SUPERNOVA against three state-of-
the-art reasoning datasets that target diverse rea-
soning skills. To ensure a fair comparison of data
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Figure 7: We train Qwen3.5-2B and LLaMA3.2-3B-
Instruct with SUPERNOVA and show relative gains over
their respective baseline models on 23 complex reason-
ing tasks.
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Figure 8: We show the performance comparison be-
tween the baseline model and SUPERNOVA-0.6B by
scaling values of k up to 128 on 23 complex reasoning
tasks.

quality, we perform a compute-matched analysis
of all datasets (details in Appendix § D). Results
on BBEH-test are shown in Figure 1(b). We find
that SUPERNOVA achieves relative gains of 42pp
on pass@1 and 28pp on pass@8 over the strongest
baseline, Nemotron-Crossthink. In contrast, both
math reasoning datasets, DAPO and Nemotron-
Crossthink (Math) show little to no improvement
over the baseline. Additionally, we report pass@8
performance of all datasets on OOD benchmarks
in Table 2. Models trained on SUPERNOVA outper-
form those trained on all baseline datasets, achiev-
ing 81.5% on BBH and a 3.4pp improvement on
average over Nemotron-Crossthink.
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Model Avg. Brd. Mov. Dis. Bool. Geo. T.Ar. WoL Word Shuf. Zebra NYCC M.Ar. Hyp.

OLMo-3-7B-Think 15.1 6.1 78.4 48.5 0 0 16.2 2.4 24.4 0 0 20.8 0 0
OpenReasoning-7B 9.7 4.1 19.6 60.6 0 0 0 2.4 9.8 0 0 29.2 0 0
OpenThinker3-7B 8.8 12.2 9.8 54.5 0 0 8.1 0 17.1 0 0 12.5 0 0
Qwen3-8B 26.5 59.2 51 57.6 5.4 2.9 67.6 31 36.6 2.3 10 20.8 0 0

Qwen3-4B 25.8 65.3 64.7 51.5 5.4 0 48.6 26.2 36.6 0 10 25 2.2 0
SuperNova-4B 46.8 71.4 65.7 65.2 56.8 54.4 51.4 47.6 42.7 41.9 33 30.2 25.6 22.2

Table 3: SUPERNOVA models exhibit strong performance across challenging reasoning tasks. We report the
pass@8results (%) on 13 tasks from BBEH-test. Best per column is bolded and second-best in underlined. Avg. is
computed across the 13 tasks shown. ( Brd.=Boardgame QA, Mov.=Movie Recommendation, Dis.=Disambiguation
QA, Bool.=Boolean Expressions, Geo.=Geometric Shapes, T.Ar.=Time Arithmetic, WoL=Web of Lies, Word=Word
Sorting, Shuf.=Shuffled Objects, Zebra=Zebra Puzzles, M.Ar.=Multistep Arithmetic, Hyp.=Hyperbaton.)

SUPERNOVA generalizes to Out-of-Distribution
(OOD) Benchmarks. We evaluate SUPERNOVA-
4B on challenging reasoning benchmarks that are
unseen during data curation, as shown in Fig-
ure 6. Notably, SUPERNOVA achieves substan-
tial gains on Zebralogic, where SUPERNOVA-4B
outperforms Qwen3-4B by 21pp. SUPERNOVA-
4B also shows gains of 4.8pp on MMLU-pro and
4.9pp on BBH over the base model. Finally, SU-
PERNOVA-4B shows gains of 3.8pp on MATH500
despite not being trained on math, indicating that
training on SUPERNOVA transfers performance im-
provements to math reasoning benchmarks.

SUPERNOVA demonstrates reasoning gains over
diverse tasks. To further understand the reason-
ing performance gains from SUPERNOVA, we re-
port the pass@8 on 13 challenging tasks from
BBEH-test on which SUPERNOVA-4B demon-
strates substantial gains in Table 3. We find that SU-
PERNOVA-4B consistently outperforms Qwen3-4B
across all tasks with an absolute gain of 19pp. SU-
PERNOVA-4B achieves substantial gains on tasks
such as Hyperbaton, Geometric objects and Shuf-
fled objects where Qwen3-4B achieves zero perfor-
mance. This highlights that SUPERNOVA elicits
reasoning behaviors beyond the base model’s capa-
bilities on challenging reasoning tasks. Finally, we
observe that SUPERNOVA-4B outperforms Qwen3-
8B across 12 tasks by 20.3pp despite having half
the model capacity. This further highlights that SU-
PERNOVA is a high-quality dataset that improves
parameter efficiency, enabling smaller models to
outperform substantially larger ones.

SUPERNOVA gains are consistent at larger val-
ues of k. We analyze whether the performance
gains from SUPERNOVA persist at higher values of
k. As shown in Figure 8, SUPERNOVA-0.6B main-
tains consistent gains over Qwen3-0.6B across all

values of k up to 128. This suggests that training
on SUPERNOVA expands the model’s exploration
space even at large sample sizes, enabling more
diverse reasoning behaviors than the baseline.

SUPERNOVA shows cross-model generalization.
We study how training on SUPERNOVA general-
izes across model families (Figure 7). In particular,
LLaMA3.2-3B-Instruct (Grattafiori et al., 2024)
trained on SUPERNOVA achieves gains of 15.8pp
over its baseline. We further observe similar im-
provements on Qwen3.5-2B (Team, 2026), sug-
gesting that data curation insights derived from
earlier-generation models (e.g., Qwen3) transfer to
newer-generation models. Overall, the benefits of
SUPERNOVA generalize across both model fami-
lies and generations.

7 Conclusion

In this work, we introduce SUPERNOVA, a frame-
work for curating RLVR data from large-scale
instruction-tuning datasets to improve the reason-
ing capabilities of LLMs beyond formal STEM
domains. Through controlled RL experiments,
we show that effective RLVR data curation de-
pends critically on source task selection and fine-
grained task mixing, while synthetic interventions
designed to increase reasoning complexity do not
reliably improve downstream performance. We
further demonstrate that models trained on SU-
PERNOVA generalize across challenging reasoning
benchmarks and transfer across model families and
newer model generations. Our findings suggest
that existing human-annotated instruction datasets
contain rich underutilized signals for RLVR, but
unlocking their potential requires principled em-
pirical curation such as SUPERNOVA framework.
Overall, we hope SUPERNOVA provides both a
practical resource and a foundation for future work
on data curation for RLVR in diverse domains.
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Limitations

While SUPERNOVA provides key insights and ex-
hibits substantial improvements on academic rea-
soning benchmarks, several important directions
remain for future work. We apply SUPERNOVA

to a sample of tasks from SuperNI to demonstrate
our key findings and hypothesize that our findings
will remain consistent scaling training tasks. Addi-
tionally, our work focuses on compute-constrained
settings, and future work may explore how these
data curation principles scale with substantially
larger RL budgets. It is possible that continued RL
training might yield even pronounced results (Liu
et al., 2025). We use RL-training and empirical val-
idation as measures of task utility in our curation
pipeline which are expensive at scale, future work
may explore how to apply gradient-based strategies
for task selection (Xia et al., 2024) or reward ori-
ented strategies (Wu et al., 2024) in RLVR. Our
evaluation benchmarks give a comprehensive as-
sessment of the impact of principled data curation
on reasoning capabilties, however, they do not fully
capture real-world setting and decision making ca-
pabilities. Future work may apply our insights to
other complex reasoning tasks such as multi-agent
systems, app development, healthcare, finance.
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A Related Work

A.1 General-Purpose Reasoning in LLMs

Several works have explored expanding the general
reasoning capabilities of LLMs. (Ma et al., 2025)
constructs a large-scale dataset spanning multiple
domains such as history, finance, and physics from
web-scraped sources. (Akter et al., 2026) goes be-
yond mathematics by curating synthetically derived
questions from CommonCrawl and open-source
QA datasets. (Lu et al., 2026) leverages trans-
formed pretraining data with structured templates
and distractors to generate verifiable reasoning data
in domains such as cybersecurity. However, these
approaches largely rely on internet-sourced data,
which can be noisy and of low quality. Other
work has focused on rule-based tasks (Liu et al.,
2026) and logic puzzles (Liu et al., 2025). (Cheng
et al., 2026) employs data mixing across diverse
domains such as math, logic and tabular and stud-
ies data curation for RLVR, however, they rely on
domain-specific rewards and complex data filter-
ing to combine data from existing domain specific
datasets. While effective for specialized reason-
ing, these approaches rely on highly specialized
domain-specific datasets that are challenging to
scale and require complex reward design and filter-
ing. In contrast, SUPERNOVA leverages instruction-
tuning datasets, which are human-annotated and
can be made usable for RLVR with simple refor-
matting and scale easily across diverse reasoning
types.

A.2 Data Curation for Reasoning

High-quality reasoning data is critical for training
strong LLM reasoners. Prior work has focused
on large-scale datasets for supervised fine-tuning
(SFT) (Hugging Face, 2025; Zhao et al., 2025) and
RLVR (Chen et al., 2025; Hu et al., 2025), typi-
cally by scraping competition websites or distilling
knowledge from larger models. On the other hand,
(Muennighoff et al., 2025; Ye et al., 2025) demon-
strate that carefully curated, high-quality reasoning
datasets can yield strong gains even with relatively
small datasets. (Guha et al., 2025) systematically
studies data design principles for SFT reasoning
data at scale through controlled experiments, in a
manner similar to SUPERNOVA. However, these
efforts primarily focus on reasoning in formal do-
mains using SFT. SFT aims to improve instruction-
following by training on demonstrations (Zhang
et al., 2025; Wang et al., 2022), while RLVR opti-
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Figure 9: Pass@k accuracy of task-specific models
across various values of k.

mizes a sparse, outcome-based reward (Guo et al.,
2025). Moreover, SFT typically requires complete
reasoning traces and solutions for training, whereas
RLVR only requires the final answer. As a result,
SFT-oriented data curation strategies do not directly
transfer to RLVR. SUPERNOVA addresses this gap
by providing key insights to drive data curation for
RLVR.

B Pass@k Analysis

Following (Chen et al., 2021) and (Yue et al., 2025),
we analyze the pass@k curves of our task-specific
models. Across 80+ RL curves, we observe that the
spread and distinguishability of model performance
increases at k=8, with maximum overlap at k=1.
We show the pass@k curves in Figure 9.

C Detailed Experimental Setup

C.1 Task Selection
To ensure we can conduct a controlled study with
our limited compute and keep our search space
tractable, we prompt an LLM (Claude-opus-4.6) to
first classify each task in SuperNI as suitable for
reasoning or not, then we randomly sample 83 tasks
from all the reasoning suitable tasks to prepare our
candidate pool. We would like to note that such ca-
pable LLMs are useful for initial task sampling but
they do not allow on-policy training and thus ex-
hibit poor correlation with downstream reasoning
performance. Ideally, SUPERNOVA can be applied
to all tasks from SuperNI and similar instruction-
tuning datasets to create large scale RLVR data.
We use a minimal binary classification prompt and
do not consider the validation benchmark while
preparing this candidate pool. This was done to
ensure that the task ranking is done purely on task
utility scores from §3.1. The prompt follows:
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Task A: task738_perspectrum_classification — claim/perspective stance detection (classification, support/undermine).

Shared raw task definition: “In this task you will be given a claim and a perspective. You should determine whether that
perspective supports or undermines the claim. If the perspective could possibly convince someone with different view,
it is supporting, otherwise it is undermining.”

Raw claim: Children should not be allowed to inherit vast wealth as this damages them and society.
perspective: Inherited wealth demotivates the recipients so that they put less effort into training, education
and social skills.
Output: support

Reformat
(MCQ, 2-way)

Claim: Children should not be allowed to inherit vast wealth as this damages them and society. Perspective:
Inherited wealth demotivates the recipients so that they put less effort into training, education and social
skills. Question: Does the perspective support or undermine the claim? Choose one option: (A) Supports
(B) Undermines
Answer: A

Raw claim: Domestic intelligence agencies have a legitimate role to play in democracy.
perspective: The government does not have the right to spy on its citizens.
Output: undermine

Reformat
(open-ended)

Claim: Domestic intelligence agencies have a legitimate role to play in democracy. Perspective: The
government does not have the right to spy on its citizens. Rule: If the perspective could possibly convince
someone with a different view, it is supporting; otherwise it is undermining. Question: Does the perspective
support or undermine the claim? Answer with a single word: support or undermine.
Answer: undermine

Raw claim: Marriage is an outdated institution.
perspective: Those who are observant religiously think that marriage is important.
Output: undermine

Reformat
(MCQ, 10-way)

Determine whether the perspective supports or undermines the claim. Claim: Marriage is an outdated
institution. Perspective: Those who are observant religiously think that marriage is important. Choose the
best option: (A) Supports (B) Undermines (C) Both supports and undermines (D) Neither (E) Neutral or
irrelevant (F) Depends on context (G) Ambiguous (H) Contradicts (I) Unrelated (J) Cannot determine
Answer: B

Table 4: Examples from SUPERNOVA dataset. We show examples from our top performing task task738. In the
reformatting step of our pipeline, we employs LLMs to (i) inline the shared task description in each sample, (ii)
produce both open-ended and multiple-choice variants, and (iii) vary MCQ option counts from 2-way to 10-way.
This reformatting across diverse tasks, normalizes the answer format and allows for rule-base verification.

This is an instruction-following task used to
train LLMs. Consider the given task description
and examples. Now assess the suitability of the
task for RL training reasoning models. Think
step by step and only respond with yes/no.

Task ID: {task_id}
Task Description: {description}
Example Input: {input}
Example Output: {output}

For reformatting the instruction tuning tasks to
verifiable questions, we prompt GPT-5-mini with
G. To estimate the quality of the reformatting, we
manually inspect 100 samples from 8 tasks and find
that GPT-5-mini follows the prompt accurately on
98.4% of the samples while preserving the ground-
truth and original task structure.

C.2 Training

All our experiments were done on 4xH100 gpus.
We use the GRPO implementation from TRL4 for
our training. All our data curation experiments

4https://github.com/huggingface/trl

utilize Qwen3-0.6B with 500 prompts, learning
rate of 1e-6, 8 generations per prompt, batch size
of 8, decoding temperature of 0.7 and maximum
generation length 4096. We run our training for 250
steps (1 epoch). For our large scale experiments,
we run 5000 steps (1 epoch) across 10,000 prompts
and use a learning rate of 1e-6 for 0.6B models and
4e-6 for 1.7B and 4B models.

C.3 Reward Design

We adopt binary rewards for all our experiments: 1
if output is judged correct by the reule-based veri-
fication and 0 otherwise. The verifier extracts the
final answer from the output and matches it against
the reference under a normalization-and-fuzzy-
match rule: stripping answer-prefix sentinels and
LaTeX wrappers (e.g., { }, "The answer is:"), low-
ercasing, and admitting numeric equality, multiple-
choice (A)-A equivalence, and list-bracket equiva-
lence.
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C.4 Evaluation
We use the following benchmarks for our evalua-
tions:

• BBEH (Kazemi et al., 2025): Comprises of 23
challenging tasks that require diverse reason-
ing skills such as sarcasm detection, humour
detection, constraint satisfaction, boolean al-
gebra, obect ordering, temporal reasoning,
commonsense reasoning and logical deduc-
tion. Strong reasoning models such as Gem-
ini and O3 achieve 50% on this benchmark.
BBEH was designed to resist saturation and
evaluate models on diverse reasoning tasks in
a robust manner.

• BBH (Suzgun et al., 2023): Comprises of 23
tasks, similar to BBEH but easier in difficulty.
Most modern LLMs have saturated and chain
of thought prompting usually achieves great
improvements on this benchmark.

• Zebralogic (Lin et al., 2025): Comprises of
hard and challenging constraint satisfaction
logical grid puzzles.

• MMLU-pro (Wang et al., 2024): tests knowl-
edge intensive reasoning across diverse do-
mains.

• MATH500 (Lightman et al., 2023): A sam-
ller subset of the MATH benchmarch that is
used to evaluate mathematical reasoning per-
formance of LLMs.

For our evaluations, we use the following prompt
across all benchmarks:

Think step by step, and when you are ready to
provide the final answer, use the prefix "The
answer is:" followed by the answer directly,
with no formatting and no markup. For instance:
"The answer is: 42", or "The answer is: yes",
or "The answer is: (a)" For multi-choice
questions, provide the letter, e.g. "The answer
is: (a)

All evaluations were conducted on 1xH100 with
a batch size of 8. We use decoding temperature=0.7
with maximum generation length of 4096 across
all our experiments.

D Implementation Details of Training
Baseline Datasets

For fair comparison across dataset quality, we train
Qwen3-0.6B on the fixed budget of 250 RL steps

across 500 prompts and the same learning rate for
all datasets. Since Nemotron-Crossthink, Dapo
and General-Reasoner are large-datasets, we re-
port their performance as average pass@8 across
three runs trained on three random samples of 500
prompts.

E Data Interventions

Following (Kazemi et al., 2025), we design the
given 7 interventions to improve data quality (Ta-
ble 5) and prompt GPT-5-mini with given prompt.
Since, we want to preserve the ground-truth answer,
we apply these interventions only to the problem
statement. Finally, to ensure the that the final an-
swer is preserved, filter the augmented data with
based on win-rate computed again with the aug-
mented problem statements. In our experiments,
we combine the original data and the intervened
data in a ratio of 1:1.

F Task Performance Analysis.

We prompt an LLM (Claude-Opus-4.6) with the
task descriptions from each task and generate
coarse category labels. We find that Multi-hop
Reasoning and Coreference resolution emerge
as the strongest categories, while narrative and
surface-formatting tasks (e.g., Story Coherence,
Date/Temporal format) consistently underperform
(Figure 10). However, these aggregate trends ob-
scure variations at the task-level. Despite Textual
Entailment & NLI ranking in the middle at the
category-level, task738_perspectrum emerges as
the top-ranked task by large margin. This high-
lights that coarse category labels are insufficient
for task selection and effective data curation for
RL should be driven by fine-grained task utility
analysis.

G Micro Mixing

We provide the top tasks ranked per sub-task in Ta-
ble 7. For Micro-Top1, 16 unique tasks are selected
while 31 unique tasks are included in Micro-Top2.
Additionally, we show the distribution of reason-
ing skills as categorized in § F in SUPERNOVA

which is scaled from Micro-Top2 and comprises 31
unique tasks.
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Dimension Description

Many-hop reasoning Add information that increases the number of reasoning steps
needed to reach the answer.

Going against strong prior Add context that creates a misleading prior belief which conflicts
with the correct answer, tempting the model to answer incorrectly
based on surface-level associations.

Learning on the fly Introduce a new rule, definition, or convention within the problem
that must be understood and applied to solve it.

Long-context Pad the problem with additional (but non-answer-changing) con-
text to increase overall length.

Finding errors in reason-
ing traces

Include a flawed reasoning chain within the problem that the model
must recognize as incorrect.

Inductive reasoning Provide a set of examples that establish a pattern, requiring the
model to induce and apply the pattern.

Constraint satisfaction Add extra constraints that the model must track, even though they
do not affect the final answer.

Compositional under-
standing

Fuse an independent sub-problem into the main problem, requiring
the model to separate and solve them independently.

Knowledge-intensive rea-
soning

Add domain-specific terminology or context that requires spe-
cialized knowledge to parse, even though it does not change the
answer.

Table 5: Following (Kazemi et al., 2025), we design these interventions to improve the data quality. We provide the
interventions and their definitions here.

Intervention pass@8

Micro-Top2 22.8
Going Against Prior 22.6
Long-Context 21.3
Inductive Reasoning 20.4
Finding Errors 20.0
Many-hop Reasoning 20.0
Knowledge-intensive Reasoning 19.8
Compositional Understanding 19.6
Learning on the Fly 18.3

Table 6: Impact of interventions. We compare the
performance of models trained on datasets transformed
using synthetic interventions. We find that the base
dataset is superior to all interventions.

14 16 18 20 22
Mean Pass@8 (%)

Multi­hop & Knowledge retrieval
Coreference resolution

Temporal & Causal Reasoning
Multi­step & Math reasoning

Commonsense & Social reasoning
Logical & Formal reasoning

Textual Entailment & NLI
String Program Execution

Story coherence & Abductive
Science QA & World knowledge

Date / Temporal format
Ethical & Value judgment

Baseline
15.43%

Above baseline
Below baseline

Figure 10: (a)We categorize the source tasks based on
target reasoning skill and task type. We report Mean
Pass@8 across each task category and highlight the
categories which degrade baseline (Qwen3-0.6b) model
on BBEH-mini.
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Figure 11: Verbatim output from SUPERNOVA-4B on a Boardgame-QA instance with 30 rules and preference
orderings, together with the step-by-step inference trace it implies. The model produces the correct answer (proved)
by chaining 13 rule applications and correctly resolves four rule-preference conflicts.

Prompt for Data Intervention

1 You a r e an e x p e r t d a t a a u g m e n t a t i o n a s s i s t a n t . Your t a s k i s t o t a k e an
e x i s t i n g ( problem , answer ) p a i r from an NLP d a t a s e t and i n j e c t a
d i s t r a c t o r i n t o t h e problem .

2 The d i s t r a c t o r must make t h e problem h a r d e r f o r an AI model t o s o l v e , b u t
i t must NOT change t h e ground − t r u t h answer .

3
4 ## DISTRACTOR TYPE
5 You MUST use t h e f o l l o w i n g d i s t r a c t o r t y p e :
6 **{ d i s t r a c t o r _ n a m e } * * : { d i s t r a c t o r _ d e s c r i p t i o n }
7
8 ## RULES
9 1 . ** Answer p r e s e r v a t i o n ( CRITICAL ) * * : The ground − t r u t h answer MUST remain

e x a c t l y t h e same a f t e r d i s t r a c t o r i n j e c t i o n . Do n o t a l t e r t h e c o r e
r e a s o n i n g c h a i n .

10 2 . ** N a t u r a l n e s s * * : The d i s t r a c t o r must r e a d n a t u r a l l y w i t h i n t h e problem .
I t s h o u l d n o t f e e l a r t i f i c i a l l y i n s e r t e d o r o u t o f p l a c e .

11 3 . ** P l a u s i b i l i t y * * : The d i s t r a c t o r s h o u l d be p l a u s i b l e and c o n t e x t u a l l y
r e l e v a n t enough t h a t a model might be m i s l e d by i t .

12 4 . ** Minimal i n v a s i o n * * : Modify on ly what i s n e c e s s a r y . Do n o t r e w r i t e t h e
e n t i r e problem . I n j e c t t h e d i s t r a c t o r i n t o o r a round t h e e x i s t i n g t e x t .

13 5 . ** D i f f i c u l t y c a l i b r a t i o n * * : The d i s t r a c t o r s h o u l d make t h e problem
m e a n i n g f u l l y h a r d e r , n o t t r i v i a l l y so . Aim f o r a d i f f i c u l t y i n c r e a s e t h a t
would c a u s e a mid− t i e r model t o f a i l w h i l e a s t r o n g model would s t i l l
s u c c e e d .

14
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15 ## OUTPUT FORMAT
16 You MUST r e s p o n d wi th a v a l i d JSON o b j e c t and n o t h i n g e l s e . No markdown ,

no e x p l a n a t i o n o u t s i d e t h e JSON .
17 Use t h e f o l l o w i n g schema :
18 {{
19 " o r i g i n a l _ p r o b l e m " : " " ,
20 " o r i g i n a l _ s o l u t i o n " : " " ,
21 " augmented_problem " : " " ,
22 " a u g m e n t e d _ s o l u t i o n " : " " ,
23
24 " d i s t r a c t o r _ m e t a d a t a " : {{
25 " d i s t r a c t o r _ t y p e s _ u s e d " : [
26 {{
27 " name " : " " ,
28 " d e s c r i p t i o n " : " "
29 }}
30 ] ,
31 " i n j e c t e d _ t e x t _ s u m m a r y " : " " ,
32 " why_answer_unchanged " : " " ,
33 " e s t i m a t e d _ d i f f i c u l t y _ i n c r e a s e " : " "
34 }}
35 }}
36
37 ## IMPORTANT GUIDELINES
38 − Think s t e p by s t e p b e f o r e g e n e r a t i n g t h e o u t p u t .
39 − F i r s t , u n d e r s t a n d what t h e problem i s a s k i n g and why t h e g i v e n answer i s

c o r r e c t .
40 − Second , i d e n t i f y which p a r t s o f t h e problem can be augmented w i t h o u t

b r e a k i n g t h e answer .
41 − Thi rd , a p p l y t h e s p e c i f i e d d i s t r a c t o r t y p e as n a t u r a l l y a s p o s s i b l e .
42 − Four th , d r a f t t h e d i s t r a c t o r t e x t .
43 − F i f t h , v e r i f y t h a t t h e answer i s s t i l l c o r r e c t w i th t h e d i s t r a c t o r i n

p l a c e .
44 − Only t h e n produce t h e f i n a l JSON o u t p u t .
45
46 ## FINAL CHECKLIST ( v e r i f y b e f o r e o u t p u t t i n g )
47 − [ ] I s t h e o u t p u t v a l i d JSON?
48 − [ ] I s t h e answer i n augmented_problem i d e n t i c a l t o t h e o r i g i n a l answer ?
49 − [ ] Does t h e d i s t r a c t o r r e a d n a t u r a l l y i n c o n t e x t ?
50 − [ ] I s t h e s p e c i f i e d d i s t r a c t o r t y p e used wi th a c l e a r d e s c r i p t i o n ?
51 − [ ] I s t h e why_answer_unchanged f i e l d f i l l e d wi th a l o g i c a l e x p l a n a t i o n ?
52 − [ ] Would t h e augmented problem g e n u i n e l y be h a r d e r f o r a model t o s o l v e

?
53
54 Now, p r o c e s s t h e f o l l o w i n g i n p u t and r e t u r n t h e JSON o u t p u t :
55
56 Problem : S t a t e m e n t : { problem }
57 S o l u t i o n : { s o l u t i o n }
58 " " "
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Prompt for Reformatting Instruction-Tuning Dataset

1 Role : You a r e an e x p e r t D a t a s e t E n g i n e e r s p e c i a l i z i n g i n R e i n f o r c e m e n t
L e a r n i n g from Human Feedback (RLHF) and V e r i f i a b l e Rewards .

2
3 O b j e c t i v e : Trans fo rm a raw t a s k d e s c r i p t i o n , i n p u t , and o u t p u t i n t o a

s t r u c t u r e d Problem and S o l u t i o n p a i r . Th i s p a i r must be s u i t a b l e f o r RL
t r a i n i n g where t h e reward i s c a l c u l a t e d v i a e x a c t −match v e r i f i c a t i o n .

4
5 C o n s t r a i n t s :
6 The Problem : Must i n c o r p o r a t e a l l n e c e s s a r y c o n t e x t from t h e i n p u t and

o u t p u t w i t h o u t g i v i n g away t h e o u t p u t .
7 The S o l u t i o n : Must c o n t a i n on ly t h e f i n a l answer . No e x p l a n a t i o n s , no " The

answer i s . . . " , and no p u n c t u a t i o n u n l e s s i t i s p a r t o f t h e v a l u e .
8 V e r i f i a b i l i t y : The s o l u t i o n must be u n i q u e l y e x t r a c t a b l e v i a s i m p l e s t r i n g

match ing or r e g e x .
9

10 F o r m a t t i n g Logic :
11 Open−ended : Use t h i s i f t h e answer i s a u n i que v a l u e ( e . g . , a number , a

s p e c i f i c name , o r a c o n s t a n t ) .
12 MCQ ( M u l t i p l e Choice ) : Use t h i s i f t h e t a s k i s s u b j e c t i v e , has m u l t i p l e

v a l i d answers , o r i n v o l v e s Yes / No .
13 MCQ Format : P r o v i d e o p t i o n s l a b e l e d (A) t h r o u g h ( J ) . I f t h e t a s k i s m u l t i −

c o r r e c t , t h e s o l u t i o n s h o u l d be a comma− s e p a r a t e d l i s t o f l e t t e r s ( e . g . , "
A, C" ) .

14 Outpu t Format : R e tu rn a v a l i d JSON o b j e c t w i th t h e keys " f o r m a t t i n g l o g i c
" , " problem " and " s o l u t i o n " .

15
16 Task D e s c r i p t i o n : { d e f _ t a s k }
17 I n p u t : { e x a m p l e _ i n p u t }
18 Outpu t : { e x a m p l e _ o u t p u t }

Finally, for win-rate filtering we generate 8 samples from Qwen3-0.6B at temperature=0.7 (generation
length: 4096) , our baseline model and compute the per-question win-rate across these 8 samples. We
filter all questions with a win-rate of 0 (too hard) and a win-rate of 1(too easy).

Table 7: Top-5 training tasks per BBEH task.

BBEH Task Rank Task ID Training Task

movie recommendation 1 task827 copa_commonsense_reasoning
2 task069 abductivenli_classification
3 task212 logic2text_classification
4 task1297 qasc_question_answering
5 task1209 atomic_classification_objectuse

word sorting 1 task828 copa_commonsense_cause_effect
2 task1548 wiqa_binary_classification
3 task1385 anli_r1_entailment
4 task835 mathdataset_answer_generation
5 task383 matres_classification

object counting 1 task1210 atomic_classification_madeupof
2 task1211 atomic_classification_hassubevent
3 task1155 bard_analogical_reasoning_trash_or_treasure
4 task827 copa_commonsense_reasoning
5 task004 mctaco_answer_generation_event_duration

geometric shapes 1 task249 enhanced_wsc_pronoun_disambiguation
2 task1209 atomic_classification_objectuse
3 task1385 anli_r1_entailment
4 task697 mmmlu_answer_generation_formal_logic
5 task717 mmmlu_answer_generation_logical_fallacies

nycc 1 task1297 qasc_question_answering
2 task073 commonsenseqa_answer_generation
3 task212 logic2text_classification

continued on next page
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Table 7 – continued from previous page

BBEH Task Rank Task ID Training Task

4 task213 rocstories_correct_ending_classification
5 task828 copa_commonsense_cause_effect

boardgame qa 1 task004 mctaco_answer_generation_event_duration
2 task116 com2sense_commonsense_reasoning
3 task062 bigbench_repeat_copy_logic
4 task1726 mathqa_correct_answer_generation
5 task1387 anli_r3_entailment

buggy tables 1 task007 mctaco_answer_generation_transient_stationary
2 task1390 wscfixed_coreference
3 task600 find_the_longest_common_substring_in_two_strings
4 task391 causal_relationship
5 task004 mctaco_answer_generation_event_duration

linguini 1 task004 mctaco_answer_generation_event_duration
2 task1209 atomic_classification_objectuse
3 task640 esnli_classification
4 task085 unnatural_addsub_arithmetic
5 task738 perspectrum_classification

boolean expressions 1 task850 synthetic_longest_palindrome
2 task600 find_the_longest_common_substring_in_two_strings
3 task1390 wscfixed_coreference
4 task018 mctaco_temporal_reasoning_presence
5 task210 logic2text_structured_text_generation

multistep arithmetic 1 task004 mctaco_answer_generation_event_duration
2 task1210 atomic_classification_madeupof
3 task1211 atomic_classification_hassubevent
4 task007 mctaco_answer_generation_transient_stationary
5 task1390 wscfixed_coreference

time arithmetic 1 task212 logic2text_classification
2 task835 mathdataset_answer_generation
3 task383 matres_classification
4 task1209 atomic_classification_objectuse
5 task1153 bard_analogical_reasoning_affordance

object properties 1 task828 copa_commonsense_cause_effect
2 task004 mctaco_answer_generation_event_duration
3 task1210 atomic_classification_madeupof
4 task1211 atomic_classification_hassubevent
5 task007 mctaco_answer_generation_transient_stationary

hyperbaton 1 task249 enhanced_wsc_pronoun_disambiguation
2 task213 rocstories_correct_ending_classification
3 task393 plausible_result_generation
4 task600 find_the_longest_common_substring_in_two_strings
5 task827 copa_commonsense_reasoning

sarc triples 1 task210 logic2text_structured_text_generation
2 task640 esnli_classification
3 task970 sherliic_causal_relationship
4 task850 synthetic_longest_palindrome
5 task717 mmmlu_answer_generation_logical_fallacies

zebra puzzles 1 task828 copa_commonsense_cause_effect
2 task863 asdiv_multiop_question_answering
3 task210 logic2text_structured_text_generation
4 task1726 mathqa_correct_answer_generation
5 task738 perspectrum_classification

spatial reasoning 1 task738 perspectrum_classification
2 task087 new_operator_addsub_arithmetic
3 task019 mctaco_temporal_reasoning_category
4 task080 piqa_answer_generation
5 task697 mmmlu_answer_generation_formal_logic

shuffled objects 1 task249 enhanced_wsc_pronoun_disambiguation
2 task018 mctaco_temporal_reasoning_presence

continued on next page
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Table 7 – continued from previous page

BBEH Task Rank Task ID Training Task

3 task827 copa_commonsense_reasoning
4 task1297 qasc_question_answering
5 task717 mmmlu_answer_generation_logical_fallacies

temporal sequence 1 task004 mctaco_answer_generation_event_duration
2 task1210 atomic_classification_madeupof
3 task1211 atomic_classification_hassubevent
4 task007 mctaco_answer_generation_transient_stationary
5 task1390 wscfixed_coreference

sportqa 1 task270 csrg_counterfactual_context_generation
2 task210 logic2text_structured_text_generation
3 task062 bigbench_repeat_copy_logic
4 task600 find_the_longest_common_substring_in_two_strings
5 task391 causal_relationship

web of lies 1 task1152 bard_analogical_reasoning_causation
2 task828 copa_commonsense_cause_effect
3 task1211 atomic_classification_hassubevent
4 task080 piqa_answer_generation
5 task640 esnli_classification

causal understanding 1 task383 matres_classification
2 task004 mctaco_answer_generation_event_duration
3 task1390 wscfixed_coreference
4 task828 copa_commonsense_cause_effect
5 task291 semeval_2020_task4_commonsense_validation

disambiguation qa 1 task697 mmmlu_answer_generation_formal_logic
2 task1296 wiki_hop_question_answering
3 task717 mmmlu_answer_generation_logical_fallacies
4 task018 mctaco_temporal_reasoning_presence
5 task065 timetravel_consistent_sentence_classification

dyck languages 1 task1390 wscfixed_coreference
2 task1386 anli_r2_entailment
3 task004 mctaco_answer_generation_event_duration
4 task1210 atomic_classification_madeupof
5 task1152 bard_analogical_reasoning_causation

Table 8: Task descriptions.

Task Name Summary

task738 perspectrum classification Decide whether the given perspective supports or undermines
the given claim.

task003 mctaco question generation
event duration

Writing questions that involve commonsense understanding
of “event duration”.

task717 mmmlu answer generation
logical fallacies

Answering multiple choice questions on logical fallacies.

task249 enhanced wsc pronoun
disambiguation

Given a sentence and a pronoun, decide which one of the
choices the pronoun is referring to.

task1385 anli r1 entailment Given a premise and hypothesis, determine if the hypothesis
entails, contradicts, or is neutral to the premise.

task1296 wiki hop question answering Given a subject, a relation, and a context, find the object with
that relation to the subject.

task828 copa commonsense cause effect Given a pair of sentences, judge whether the second sentence
is the cause or effect of the first one.

task073 commonsenseqa answer
generation

Answer questions based on commonsense knowledge.

Continued on next page
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Task Name Summary

task018 mctaco temporal reasoning
presence

Checking the presence of temporal reasoning in a question.

task697 mmmlu answer generation
formal logic

Answering multiple choice questions on formal logic.

task827 copa commonsense reasoning Given a premise and two alternatives, select the alternative
that more plausibly has a causal relation with the premise.

task383 matres classification Given a context and a verb, answer if the given verb can be
anchored in time or not.

task065 timetravel consistent sentence
classification

Choosing the option that makes a given short story
consistent.

task640 esnli classification Given a premise and hypothesis, determine if the hypothesis
entails, contradicts, or is neutral to the premise.

task1387 anli r3 entailment Given a premise and hypothesis, determine if the hypothesis
entails, contradicts, or is neutral to the premise.

task863 asdiv multiop question
answering

Given a mathematical question involving multiple operations,
find the most suitable numerical answer.

task1209 atomic classification objectuse Given a tuple, determine whether the Head is used for the
Tail or not.

task212 logic2text classification Given a command, classify the command in one of seven
logic types.

task750 aqua multiple choice answering Given a mathematical question, find the most suitable
numerical answer.

task010 mctaco answer generation
event ordering

Answering questions that involve commonsense
understanding of event ordering.

task1297 qasc question answering Given two facts and a multiple-choice question, answer the
question.

task007 mctaco answer generation
transient stationary

Answering questions that involve commonsense
understanding of transient vs. stationary events.

task1390 wscfixed coreference Given a context, a pronoun, and a noun, determine if the
pronoun in the context refers to the noun or not.

task600 find the longest common
substring in two strings

Given two strings return the longest common substring in
those two strings.

task080 piqa answer generation Generate a solution to a goal regarding physical knowledge
about the world.

task1726 mathqa correct answer
generation

Generate correct answers for math questions.

task835 mathdataset answer generation Find the numerical answer for a math word problem.
task580 socialiqa answer generation Given a context, a question and three options, provide the

correct answer based on the context.
task1393 superglue copa text
completion

Given a premise sentence, two possible options and a
question word, choose the best option.

task1727 wiqa what is the effect Find the effect of an event on another event, based on an
introduced process.

task170 hotpotqa answer generation Given a set of context and supporting facts, answer the
question asked.

task133 winowhy reason plausibility
detection

Detect if a reason that explains an answer to a pronoun
coreference resolution question is correct or not.

Continued on next page
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Task Name Summary

task004 mctaco answer generation
event duration

Answering questions that involve commonsense
understanding of event duration.

task019 mctaco temporal reasoning
category

Verifying the temporal reasoning category of a given
question.

task229 arc answer generation hard Given a hard science question, provide the answer based on
scientific facts and reasoning.

task106 scruples ethical judgment Given two actions choose the one that is considered less
ethical.

task178 quartz question answering Given a question, select the correct answer from the given
options using an explanation.

task1152 bard analogical reasoning
causation

Given an analogy that relates actions with their consequences,
give the appropriate consequence of the given action.

task090 equation learner algebra Answer the given equation.
task850 synthetic longest palindrome Given a string find the longest substring that is a palindrome.
task1422 mathqa physics Given a problem on physics and options to choose from, find

the correct option that answers the problem.
task393 plausible result generation Given a sentence, write another sentence that is a likely result

of it.
task085 unnatural addsub arithmetic Performing arithmetic with swapped operator symbols.
task1529 scitail1.1 classification Determining if there is entailment between hypothesis and

premise.
task867 mawps multiop question
answering

Given a mathematical question involving multiple operations,
find the most suitable numerical answer.

task211 logic2text classification Given a command and corresponding interpretation, classify
whether it is the right interpretation or not.

task1548 wiqa binary classification Binary classification based on steps in wiqa.
task966 ruletaker fact checking based
on given context

Fact checking based on given context.

task935 defeasible nli atomic
classification

Given a premise, hypothesis and an update, identify whether
the update strengthens or weakens the hypothesis.

task116 com2sense commonsense
reasoning

Decide whether a sentence is plausible and matches
commonsense.

task087 new operator addsub arithmetic Performing arithmetic with newly defined operator symbols.
task206 collatz conjecture Given a list of integers, compute the next number in the 3n+1

problem.
task970 sherliic causal relationship Determine if A and B share a causal relationship.
task086 translated symbol arithmetic Performing arithmetic with translated operator symbols.
task270 csrg counterfactual context
generation

Given a premise, initial context with ending, and new
counterfactual ending, generate counterfactual context which
supports the new story ending.

task392 inverse causal relationship Given two sentences, decide whether the first sentence can be
the result of the second one.

task105 story cloze-rocstories sentence
generation

Given four sentences, predict the next coherent sentence.

task1507 boolean temporal reasoning Given a statement about date and time values, deduce
whether it is true or false.

task1404 date conversion Given a date in a particular format, convert it into some other
format.

Continued on next page
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Task Name Summary

task1153 bard analogical reasoning
affordance

Given an analogy that signifies affordances, give the
appropriate affordance of the given action.

task069 abductivenli classification Choosing text that completes a story based on given
beginning and ending.

task062 bigbench repeat copy logic Generating text that follows simple logical operations such as
repeat, before, after etc.

task1088 array of products Given an integer array, return an array such that its element at
each location is equal to the product of elements at every
other location in the input array.

task190 snli classification Given two sentences choose whether they agree, disagree, or
neither with each other.

task1333 check validity date
ddmmyyyy

Given a date in dd/mm/yyyy format, check if it is a valid date
or not.

task016 mctaco answer generation
frequency

Answering questions that involve commonsense
understanding of event frequency.

task1208 atomic classification xreason Given a tuple, determine whether the Tail is the reason for
the Head or not.

task1386 anli r2 entailment Given a premise and hypothesis, determine if the hypothesis
entails, contradicts, or is neutral to the premise.

task1516 imppres
naturallanguageinference

Classify a given premise and hypothesis pair.

task199 mnli classification Given 2 sentences, determine if they clearly agree or disagree
with each other or if they cannot be answered.

task1210 atomic classification
madeupof

Given a tuple, determine whether the Head is made of the
Tail or not.

task217 rocstories ordering answer
generation

Given a five sentence story in shuffled order and the title, put
the story in the correct order.

task1155 bard analogical reasoning
trash or treasure

Given an analogy that relates items to whether they are trash
or treasure, determine if the given item is trash or treasure.

task218 rocstories swap order answer
generation

Given a five sentence story and the title, determine which two
sentences must be swapped so that the story makes complete
sense.

task1211 atomic classification
hassubevent

Given a tuple, determine whether the Head includes an event
or an action in the Tail or not.

task213 rocstories correct ending
classification

Given the title and the first four sentences of a five sentence
story, choose the correct story ending.
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