
PARADIGMA RESEARCH

Limite 1B - Violetto
Technical Report

MARIO PRIGNANO, GABRIELE CIRILLO, ALESSIO MOROSINI, LUCA CEROVAZ, ALESSANDRO BARTOLOCCI

EMANUELE RODOLÀ, GIULIO STARACE, FRANCESCO PAPPONE

Paradigma October 2026



Paradigma Limite 1B - Violetto October 2026

Limite 1B - Violetto: Technical Report
Mario Prignano, Gabriele Cirillo, Alessio Morosini, Luca Cerovaz, Alessandro Bartolocci

Emanuele Rodolà, Giulio Starace, Francesco Pappone

Paradigma

Abstract
We present Limite 1B - Violetto, a one-billion-parameter model designed for high-throughput
mathematical reasoning. Limite is trained from scratch on 237 billion tokens from a carefully
curated, mathematics-centric corpus and supports context lengths of up to 131k tokens. Its
architecture and training recipe were developed together to maximize reasoning capability
while keeping training and inference costs low. Post-training combines knowledge distillation,
targeted supervised fine-tuning, and RLVR on a curated curriculum. Limite achieves 94.01%
on AIME 2026 and 74.25% on BeyondAIME [1, 2], placing it among models many times
its size on our evaluation suite. The model is deliberately only lightly instruction-tuned: it is
intended primarily as a single-turn mathematical solver and as a fast, parallel component of
larger systems, rather than as a general-purpose assistant. We release the model, its base and
value checkpoints, and an optimized serving implementation under the Apache 2.0 license.

GitHub: https://github.com/paradigma-inc/limite-violetto
Hugging Face: https://huggingface.co/paradigma-inc/models
Blog: https://paradigma.inc/blog/limite-1b-violetto/
Correspondence: research@paradigma.inc
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Figure 1: AIME 2026 accuracy against estimated training compute. Limite 1B - Violetto reaches
94.01% at 1.71 × 1021 FLOPs, one to three orders of magnitude below the models that match it.
Appendix F explains the compute estimates, the score sources and the marked points.
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1 Introduction

Progress in mathematical reasoning has often come with increases in model size, training compute,
and test-time sampling. While this has produced increasingly capable systems, it also makes repeated
sampling, long-context inference, and large-scale deployment expensive. Many applications require
a different operating point: a model that can solve difficult problems while remaining small enough
to run at relatively high throughput and to generate many candidate solutions in parallel. This moti-
vates a complementary question to conventional scaling: how much mathematical capability can we
concentrate into a model with approximately one billion parameters?

We introduce Limite 1B - Violetto, a dense autoregressive model built around this objective. Lim-
ite is trained from scratch for mathematics rather than adapted from a general-purpose base model.
With one billion parameters, it supports contexts of up to 131k tokens, and is designed to provide
high reasoning capability per parameter. The model is only lightly instruction-tuned and is intended
primarily as a single-turn mathematical solver, as opposed to a general conversational assistant.

Efficiency guides the design of the entire training pipeline. Limite uses a deep architecture with a
mixture of local and global attention, allowing it to perform many sequential transformations while
limiting the cost of long-context inference. The model is pre-trained on 237 billion tokens drawn
from a larger mathematics-centric corpus containing problem-solution pairs, synthetic mathematical
material, and carefully filtered STEM-adjacent web text. The resulting base model already exhibits
substantial mathematical ability before post-training.

Post-training is organized as a sequence of complementary stages. We begin with knowledge distilla-
tion from millions of filtered mathematical solutions, then alternate targeted supervised fine-tuning
with RL. Rather than repeatedly training on broad, static datasets, each stage focuses on areas where
the current checkpoint remains weak. Later RL stages also use a learned value model to improve
credit assignment over long reasoning traces.

We evaluate Limite across seven benchmarks covering recent mathematical competitions and
research-level problems. It obtains 94.01% on AIME 2026, 83.62% on HMMT February 2026, and
74.25% on BeyondAIME [1, 3, 2]. A more comprehensive evaluation is available in Section 5. These
results are competitive with models ranging from several billion to tens of billions of parameters.

We envision Limite’s small size as possibly enabling a broader mode of use, where a controller may
delegate mathematical questions to multiple Limite instances, inspect their outputs asynchronously,
and combine promising lines of reasoning. This separates high-level coordination from high-
frequency mathematical exploration and makes it possible to spend additional test-time compute
through parallelism rather than through a single large model. The same specialization that makes
Limite effective in this setting is also its principal limitation: outside mathematics, it may misinter-
pret a request or replace it with a superficially related mathematical task, an example of this is shown
in Appendix H. Also within mathematics, Limite works best at mathematical reasoning, while it may
struggle with knowledge of the literature or formalization and structured theorem proving.

We show that strong mathematical reasoning can be achieved with a restricted parameter count and
relatively few steps of training. By jointly designing the architecture, data, optimization, and post-
training process around a narrow objective, Limite concentrates substantial reasoning capability into
a compact model that can be sampled from and deployed efficiently. We release the final model,
its base and value checkpoints, our evaluation suite, and the serving implementation all under the
Apache 2.0 license.
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2 Model Architecture

We designed Limite 1B to be as sample efficient as possible in its learning, without materially reduc-
ing training throughput. We evaluated architectural variants at shorter token horizons and selected a
configuration that remained stable and efficient with our training settings.

Many architectural modifications are motivated primarily by converged model quality or inference
efficiency, with less attention paid to wall-clock training time. We nevertheless still make some
tweaks to reduce wall-clock overhead, inspired by modded nanogpt speedruns. Most additions are
therefore applied only to selected layers or restricted portions of the residual stream, making them
sparse in depth, width, or both. This keeps training throughput close to that of an otherwise standard
modern Transformer. We detail our architecture in the following subsections and present a visual
overview in Figure 2.
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Figure 2: Architecture of Limite 1B - Violetto. Left: a Transformer block ℓ, showing the simplified MUDD
mixers at its input, gated value embeddings on the value branch, and Partial RoPE on local attention [4, 5]. Right:
the 48-layer stack, arranged as 12 repetitions of three local-attention layers followed by one global-attention
layer. Value embeddings are applied every third layer (ℓ ≡ 1 (mod 3)); they are omitted from the stack view
for clarity.

2.1 Backbone and Block Structure

Limite 1B is a 48-layer RMS-pre-norm Transformer [6, 7, 8] with a hidden dimension of 𝑑 = 1280
and tied embeddings [9]. It uses a repeating pattern of three local-attention [10, 11, 12] layers fol-
lowed by one global-attention layer [13, 14]. The local layers have a window size of 1024 and use
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Partial RoPE [15, 16, 17] with a base of 1024, whereas the global layers use NoPE [5, 4]. This hybrid
pattern reduces KV-cache requirements while retaining regular access to the full context.

The model is considerably deeper than other Transformers of a similar size. This choice reflects our
hypothesis that difficult mathematical reasoning benefits from a larger number of sequential opera-
tions, represented here through network depth [18, 19].

Logits soft-capping Finally, to make training more stable, the output logits are soft-capped with a
shifted sigmoid

̃𝑧 = 23 𝜎((𝑧 + 5)/7.5)
where 𝑧 is produced by the tied unembedding projection applied to the output of the last layer, a
variant from the modded-nanogpt speedrun [20] of the tanh logit soft-capping of Gemma 2 [13].

2.2 MLP

The feed-forward layer is a standard bias-free SwiGLU [21, 22] MLP without activation clamping.
Given a residual state 𝑥𝑡 ∈ ℝ𝑑 and its normalized representation

̄𝑥𝑡 = RMSNorm(𝑥𝑡),
the MLP output is

𝑚𝑡 = 𝑊𝑑 (SiLU(𝑊𝑔 ̄𝑥𝑡) ⊙ 𝑊𝑢 ̄𝑥𝑡) ,
where

𝑊𝑔, 𝑊𝑢 ∈ ℝ𝑑ff×𝑑, 𝑊𝑑 ∈ ℝ𝑑×𝑑ff , 𝑑ff = 3328.
The output is added to the residual stream using learned per-layer scalars:

𝑥𝑡 ← 𝜆mlp𝑥𝑡 + 𝜆′
mlp𝑚𝑡.

2.3 Attention

Each attention layer uses gated Grouped-Query Attention [23] with 10 query heads and 2 key-value
(KV) heads. We augment the standard attention computation with gated value embeddings [20],
Exclusive Self-Attention (XSA) [24] and gated attention [25].

Let 𝑥𝑡 ∈ ℝ𝑑 denote the residual state at position 𝑡, and let
̄𝑥𝑡 = RMSNorm(𝑥𝑡)

be the normalized input to the attention layer. For clarity, we describe the computation for a single
head, with head dimension 𝑑ℎ = 128. Queries, keys, and values are obtained as

𝑞𝑡 = 𝑊𝑞 ̄𝑥𝑡, 𝑘𝑡 = 𝑊𝑘 ̄𝑥𝑡, 𝑣𝑡 = 𝑊𝑣 ̄𝑥𝑡.
The queries and keys are then normalized as in Henry et al. [26] and positionally encoded:

̂𝑞𝑡 = PEℓ(RMSNorm(𝑞𝑡)) , 𝑘̂𝑡 = PEℓ(RMSNorm(𝑘𝑡)) ,
where PEℓ denotes Partial RoPE in local layers and the identity map in global layers.

Gated value embeddings Every third layer, specifically those satisfying ℓ ≡ 1 (mod 3), augments
the projected value with a learned embedding of the input token [20]:

̂𝑣𝑡 = 𝑣𝑡 + 𝛼𝑡 ⊙ V𝑡.
Here, V𝑡 ∈ ℝ𝑑ℎ is retrieved from a learned lookup table

𝒱 ∈ ℝ𝑁vocab×𝑑ℎ ,
using the token at position 𝑡. Its contribution is controlled by a per-token, per-head gate,

𝛼𝑡 = 2𝜎(𝑊gate ̄𝑥𝑡,1∶12) ,
which depends only on the first 12 channels of the normalized input [20]. Layers without value
embeddings use ̂𝑣𝑡 = 𝑣𝑡.

Standard causal attention is then applied to ̂𝑞𝑡, 𝑘̂𝑡, and ̂𝑣𝑡, producing an output 𝑧𝑡 for each head.
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Exclusive Self-Attention The attention output is subsequently processed by Exclusive Self-
Attention [24], which removes a learned fraction of its component aligned with the corresponding
value vector, and later gated, effectively making our layer a form of gated attention [25], in practice:

𝑦𝑡 = 𝛽𝑡 (𝑧𝑡 − tanh(𝛾) 𝑧⊤
𝑡 ̂𝑣𝑡

‖ ̂𝑣𝑡‖2
2

̂𝑣𝑡) .

The coefficient 𝛾 is a learned scalar for each head. The output is also modulated by a per-token,
per-head gate,

𝛽𝑡 = 2𝜎(𝑊𝛽 ̄𝑥𝑡,1∶128) ,
which reads only the first 128 channels of the normalized residual stream.

2.4 Sparse Residual Mixing

Modern Transformer architectures often modify the residual stream [27] to increase communica-
tion between distant layers [28, 29, 30]. Because a dense implementation would impose substantial
training overhead, Limite uses a simplified MUDD-style residual mixer [31] at two locations in the
network, effectively becoming an input-dependent form of a DenseFormer [32].

At layers ℓ ∈ {24, 47}, the input to the Transformer block is replaced by a token-dependent linear
combination of three residual states: the initial embedded representation, a state near the midpoint
of the preceding stack, and the current layer input.

Let 𝑥(ℓ)
𝑡 denote the residual state entering layer ℓ, with

𝑥(0)
𝑡 = RMSNorm(E𝑡),

whereE𝑡 ∈ ℝ𝑑 is the token embedding at position 𝑡. At each mixing site, we define the set of residual
taps

𝒯ℓ = {0, ⌊ ℓ
2

⌋ , ℓ} .

The mixing weights are produced by a small two-layer MLP. Its first layer is shared across mixing
sites:

ℎ𝑡 = GELU(𝑊1 RMSNorm(𝑥(ℓ)
𝑡 )) , 𝑊1 ∈ ℝ32×𝑑,

𝑤(ℓ,𝑟)
𝑡 = 𝑊 (ℓ,𝑟)

2 ℎ𝑡 + 𝑏(ℓ,𝑟) ∈ ℝ3, 𝑟 ∈ {attn, res},

̃𝑥(ℓ,𝑟)
𝑡 = ∑

𝑗∈𝒯ℓ

𝑤(ℓ,𝑟)
𝑡,𝑗 𝑥(𝑗)

𝑡 .

Two mixtures are computed at each site. The first supplies the normalized input to the attention layer:

̄𝑥(ℓ,attn)
𝑡 = RMSNorm ( ̃𝑥(ℓ,attn)

𝑡 ) .

The second replaces the residual state onto which the attention output is added:

𝑥𝑡 ← 𝜆 ̃𝑥(ℓ,res)
𝑡 + 𝜆′𝑦𝑡.

We initialize each second-layer matrix to zero and each bias to select the current residual state:

𝑊 (ℓ,𝑟)
2 = 0, 𝑏(ℓ,𝑟) = (0, 0, 1).

Because 𝑥(ℓ)
𝑡 is the final element of 𝒯ℓ, the mixer is exactly the identity at initialization. The model

therefore begins from the baseline architecture and learns to incorporate earlier residual states pro-
gressively throughout training.

This sparse formulation increases step time by only 2.3% while retaining most of the gain observed
with the full MUDD formulation. At our scale, it also performed comparably to the higher-overhead
configurations of Hyper-Connections [28] and Attention Residuals [29] that we evaluated.
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3 Pretraining

For the pre-training run of Limite, following the sample efficiency spirit that guided us for the whole
work, we adopt very recent optimization algorithms and recipes, taking large inspiration from the
Modded Nano GPT speedrun [20]. We pre-train Limite on 6 nodes of 8×H100 [33], for about 449k
steps.

3.1 Optimization

We optimize the hidden two-dimensional linear-operator weights with NorMuon [34], with the ex-
ception of the simplified MUDD and gate linear layers. NorMuon augments Muon’s momentum
orthogonalization [35] with neuron-wise adaptive scaling based on an exponential moving average
of second-moment statistics. Algorithm 1 gives the complete update used in our final pretraining
run.

We use Polar Express [36] for the orthogonalization step and retain Nesterov momentum [37, 38]. We
additionally apply Cautious Weight Decay [39] with a base coefficient of 1.2 applied to the squared
learning rate 𝜂2

𝑡 , as in the modded-nanogpt optimizer; this is equivalent to scaling the decay with the
learning-rate schedule, as proposed in AdamC [40]. This choice was intended to improve training
stability and limit excessive weight growth, thereby reducing dynamic-range requirements that can
complicate low-precision quantization [41].

All remaining parameters are optimized with AdamW [42]. These parameters are updated once every
two training steps, giving this optimizer group twice the effective batch size. AdamW weight decay
is disabled for all parameters except the tied token embeddings and the value-embedding table.

We assign separate learning rates, momentum parameters, and weight-decay multipliers to each pa-
rameter group. These settings were selected using heuristics and shorter-horizon experimental runs
and sweeps, and are reported in Table 1.

Table 1: Per-group optimizer hyperparameters, with Adam WD base 𝜆 = 0.005 and a NorMuon base WD of
1.2, applied as 𝜂2 ⋅𝜆⋅mult

Parameters Optimiser Peak LR Momentum / (𝛽1, 𝛽2) wd mult.

𝑊𝑞, 𝑊𝑘, 𝑊𝑣, 𝑊𝑜 NorMuon 0.018 (0.95, 0.90) 1
𝑊𝑔𝑎𝑡𝑒, 𝑊𝑢𝑝, 𝑊𝑑𝑜𝑤𝑛 NorMuon 0.018 (0.95, 0.90) 1
𝐸 (tied) Adam 0.0019 (0.5, 0.95) 150
𝒱 Adam 0.1400 (0.75, 0.95) 5
scalars Adam 0.0400 (0.9, 0.99) 0
residual / post lambdas Adam 0.0016 / 0.0080 (0.9, 0.95) 0
gates and XSA coefficients Adam 0.0019 (0.9, 0.99) 0
MUDD linears and biases Adam 0.0019 (0.9, 0.95) 0

Schedules All groups share one learning-rate schedule: a short linear warmup, a nearly flat stable
phase, and a linear decay to zero over the last 20% of training. Weight decay scales with 𝜂2

𝑡 and decays
with it. NorMuon’s momentum is warmed up from 0.85 to 0.95; batch size and context length are
fixed.

Pre-training run The final pre-training run used a batch size of 524k tokens. This relatively small
batch was part of our sample-efficiency-oriented training strategy. The run remained stable for ap-
proximately 450k training steps, with no major events such as large loss spikes.

Table 2 summarizes the complete model configuration used for pre-training and post-training.
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Table 2: Architecture of the Limite base model. Layer indices ℓ start at 0. Parameter counts include the value-
embedding table (38.8M); the input and output embeddings are shared and counted once.

Model
Total parameters 1.04B
Non-embedding parameters 0.80B
Layers 48
Hidden size 𝑑 1280
Vocabulary size 151,667
Context length 8192 in pretraining, 131k in post-training

Attention
Query heads / KV heads 10 / 2
Head dimension 128
Local layers 36, sliding window 1024
Global layers 12 (ℓ ≡ 3 mod 4), full context
Positional encoding (local / global) partial RoPE, 64 of 128 dims, base 1024 / NoPE

Feed-forward
Type SwiGLU, no bias
Intermediate size 𝑑ff 3328 (2.6 𝑑)

3.2 Pre-training Data Curation

The composition of the pretraining corpus plays a central role in defining what it means for the base
model to be mathematics-specific. We wanted the pretrained policy to acquire a strong mathemat-
ical prior before post-training, while retaining sufficient linguistic variety to understand problems
expressed in different styles.

We therefore constructed a high-quality corpus that minimizes non-mathematical content without
sacrificing the breadth or volume of mathematical knowledge. The corpus is divided into three source
families:

• Question and Answers (QA): problem–solution pairs, both synthetic and human-written,
with and without explicit reasoning traces.

• Synthetic Knowledge (SK): synthetic mathematical documents, primarily written in the style
of textbooks, lecture notes, and teacher–student conversations about specific mathematical
topics.

• Filtered Web (FW): quality-filtered web pages, approximately 40% of which consists of syn-
thetic rewrites of material from the same crawl.

The final mixture contains 46% QA, 19% SK, and 35% FW.

We assessed data quality along several dimensions. These included the estimated fraction of docu-
ments containing clear logical or mathematical errors and, for the QA component, the correctness
of the reported reference answers. Because exhaustive verification was impractical, we used LLM-
based checks on subsamples from each source. In practice for each source we draw uniform random
subsamples of documents, and ask an LLM to assign a verdict, together with a written justification;
for QA documents the reference answer was independently re-derived and compared. Per-source
error rates and confidence intervals were then used to decide inclusion.

QA and SK provide most of the corpus’s explicit mathematical knowledge and reasoning content.
FW serves a complementary role by increasing linguistic and stylistic diversity. Its inclusion was
carefully filtered to minimize logical errors and common web-data artifacts, including formatting
markup and non-English text.

We intentionally included a substantial proportion of explicit reasoning traces. Our aim was to pro-
vide a stronger initialization for the subsequent post-training pipeline, motivated by growing con-
trolled evidence that exposing models to diverse reasoning patterns earlier in training can improve
both base-model reasoning capabilities and their ability to benefit from subsequent post-training

7



Paradigma Limite 1B - Violetto October 2026

stages [43, 44, 45, 46, 19].

We applied lexical decontamination followed by a lighter semantic decontamination stage. The se-
mantic filtering threshold was tuned separately for each source family, and both stages were applied
against every benchmark reported in this work.

The majority of the corpus has a general knowledge cutoff around the final months of 2025. Most
non-synthetic web documents predate 2025, although a small fraction extends into early 2026.

The final polished mixture contains approximately 346 billion tokens. The final pretraining run con-
sumed a 236 billion tokens subset of this mixture, producing the checkpoint that we refer to as Base.
This checkpoint was then used as the starting point for the post-training pipeline.

3.3 Model Souping

After pretraining, we experimented with model souping [47], in which checkpoints obtained from
related training runs are merged by averaging their parameters. Our objective was to improve upon
the base model using a comparatively small amount of high-quality data, without collapsing the
model’s output diversity.

We constructed a mixture of approximately 6 billion tokens from the highest-quality sources in the
pretraining corpus together with selected post-training data. A large proportion of these documents
contain explicit reasoning traces. Starting from the same base checkpoint, we trained three indepen-
dent runs in parallel, varying the data-shuffling seed and learning-rate settings between runs. We
then formed the final soup by uniformly averaging the three resulting checkpoints [48].

As shown in Table 3, the souped model outperforms each individual run and the final pretraining
checkpoint on MATH-500 evaluation, and also improves the model’s reasoning capabilities.

We release this final soup together with the Base checkpoint used to initialize the post-training
pipeline.

Table 3: MATH-500 greedy generation accuracy (%) of the base checkpoint, the three single runs and their
uniform soup, with and without thinking. With thinking, the prompt ends with an opening <think> token.
Coloured numbers give the change from thinking relative to the same model without it. Bold marks the best
value within each prompt setting.

Prompt

Model Base Think Δ

Limite Base V5 61.8 59.2 −2.6
Single run A 67.4 73.0 +5.6
Single run B 66.2 74.6 +8.4
Single run C 64.0 71.6 +7.6

Uniform soup (A+B+C) 68.4 80.2 +11.8

3.4 Base-Model Evaluation

Table 4 reports the mathematical-reasoning results available for the base checkpoints before post-
training.

With thinking, the soup improves on the base checkpoint on MATH-500 and every AIME year.
GSM8K behaves differently: thinking lowers both models to about 46%, and without thinking the
soup trails the base by 17 points. We suspect our MATH-style few-shot exemplars, which suit
GSM8K poorly, and that the soup is more sensitive to this format mismatch than the base checkpoint.
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Table 4: Accuracy (%) of the base checkpoint and of the final soup, without and with thinking. Few-shot
prompts use MATH-style exemplars, which may not suit GSM8K: 4-shot for MATH-500 and AIME, 8-shot for
GSM8K; thinking appends an opening <think> token. Sampling at 𝑇 = 0.6, top-𝑝 = 0.95, seed 0, 8,192
generated tokens within a 12,288-token context. Responses per problem: 4 for MATH-500, 1 for GSM8K, 32
for AIME; lenient scoring averaged over all responses.

Model
MATH

500 GSM8K
AIME
2024

AIME
2025

AIME
2026

Limite Base 60.70 80.52 3.33 3.75 3.33
Limite Base (thinking) 73.40 46.10 15.52 23.85 16.88
Limite Base Soup 59.25 63.46 7.40 8.54 8.23
Limite Base Soup (thinking) 81.50 46.32 33.33 32.92 34.06
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4 Post-Training

Limite 1B
Base

Distillation
off-policy, 65K DPO RL 1

65K
RL 2
65K

last 5
checkpoints

SFT 1
traces to 131K

SFT 2
traces to 131K

Limite 1B
Violetto

RL 3
critic, 131K

soupingRLsupervised / preference

Figure 3: The post-training pipeline, from Limite 1B Base to Limite 1B - Violetto. We first distill the base
model off-policy at a 65K context, average the last five distillation checkpoints, and apply DPO. Two RL runs
follow, also at a 65K context. A first short SFT stage then trains on longer traces of up to 131K tokens, and its
final checkpoint is souped with the checkpoint from the second RL run. A second short SFT stage, again on
traces of up to 131K tokens, starts from this soup, and its final checkpoint is souped with the first soup. The last
RL run starts from the second soup, uses a critic, and trains at a 131K context. Each bowl marks a souping step,
a weighted average of checkpoints.

While we find that the base model performs comparatively well with respect to similar base models,
it nevertheless has never been exposed to long rollouts nor to its own rollouts during training. We
deem these as instrumental for downstream performance, and therefore orient our post-training on
these directions.

Our post-training pipeline follows the same sample-efficiency goal as pre-training. It begins with
a comparatively long knowledge-distillation [49] (KD) stage followed by a short direct preference
optimization [50] (DPO) run, then interleaves three reinforcement-learning runs with short, highly
curated supervised fine-tuning (SFT) [51, 52] stages and model souping. We view the SFT stages
as introducing targeted capabilities, and the RL runs as sharpening them with high learning rates
and relatively few expensive updates. Our RL procedure draws from DPPO [53], DAPO [54] and
VAPO [55]-related variants.

4.1 Post-Training Pipeline

Post-training has become a fundamental step of frontier model training, and apart from data, the
algorithms used play an essential role in the downstream capabilities of the models. Research on
this field recently accelerated and one can now choose from a plethora of solutions when assembling
the pipeline. We choose to initially distill from a teacher model and then combine highly curated
short SFTs and souping with custom RL algorithms to push the model capability as much as we can,
exploiting high learning rates despite being off-policy.

Knowledge distillation The first stage is teacher-forced, logit-level distillation on the corpus de-
scribed in Section 4.2. At each position, the training target is the teacher’s top 32 log-probabilities
for its generated solution. We conclude by uniformly averaging the final five checkpoints [56].

Direct preference optimization After distillation, we apply one epoch of offline DPO [50] with
mean (length) normalization of the implicit reward, following LN-DPO [57]. Both the trained pol-
icy and the frozen reference policy are initialized from the distilled soup. Averaging the per-token
log-ratios, rather than summing them, keeps the preference signal from favouring shorter or longer
responses (Appendix E). We train for 140 updates of 128 preference pairs each, with 𝛽 = 5, using
AdamW [42] with a peak learning rate of 3 × 10−6 and linear warmup and decay. No sequence is
truncated: every pair fits within the 65,536-token context.
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Supervised fine-tuning and checkpoint averaging For SFT, we adapt the pretraining process to
longer contexts while retaining optimizer and hyperparameters configurations, with the exception of
the peak learning rate which we set to 15% of the peak used in pre-training. Targeted mixtures and
checkpoint averaging make these short stages effective. As outlined below, we interleave multiple RL
and SFT phases. During the two post-RL SFT stages, we form one model soup between the stages
and another before the final critic-assisted RL run. Each is an average of the current and preceding
checkpoints [47]. These stages also extend the maximum context length from 65k to 131k tokens.

Interleaving SFT and RL Continued RL eventually became unstable in our runs since we adopted
a high learning rate, high off-policy regime. Since simply lowering the learning rate would worsen
the sample efficiency of the already expensive updates, we opted for short SFT stages to stabilize
trajectories while preserving capabilities acquired through RL. SFT introduces targeted information
and raises pass@𝑘 [58, 59], but can also move the model away from its on-policy distribution and
weaken coherent sampling from that distribution. We found that averaging the pre- and post-SFT
checkpoints balances these new capabilities against the sampling behaviour learned through RL;
Following runs then continued from the resulting soup.

4.2 Post-Training Data Curation

To post-train a compact 1B-parameter model with substantially fewer tokens than models with similar
math capabilities, we prioritize data quality across three sources: distillation targets, problems for
RL, and problem–solution pairs for the short SFT stages.

Distillation corpus The knowledge-distillation corpus contains 5.5 million solutions generated by
our main teacher, VibeThinker-3B [60], for publicly sourced mathematical problems. These solutions
comprise approximately 26 billion target tokens. At every position, the student is trained against the
top 32 log-probabilities from the teacher distribution.

Public datasets may contain incorrect gold answers, damaged examples, or invalid solutions. We
therefore apply three filters:

• We retain a trace only if it reaches the problem’s gold answer.
• We discard examples that are not mathematical problems or that arrive malformed.
• We discard traces in which the teacher abandons the derivation and guesses, identified through

phrases such as “given the time constraints” or “I’ll just go with.”

The first filter removes incorrect traces and most examples with incorrect gold answers, but not cases
in which the teacher happens to match an incorrect gold answer. We pass rejected traces to a judge
model, which receives the problem and trace without the gold answer and determines whether the
problem is well posed and the solution correct. This recovers 18% of the corpus tokens that the first
filter would otherwise reject.

Solutions contain fewer than 5k tokens on average and are capped at 65,536 tokens. Approximately
one third of all tokens lie in a long-tail subset whose median solution length is around 15k tokens;
the distillation schedule ends on this long-tail portion.

Targeted data selection Distillation provides an initially broad exposure to general mathematical
problem solving; the subsequent bottleneck then remains performance on specific topics. We identify
these topics through failure analysis and area-level accuracy, and direct later data generation toward
the identified weaknesses. The short SFT stages consequently use an order of magnitude fewer tokens
than distillation, concentrating on capabilities the current checkpoint does not yet exhibit reliably.

Preference pairs For the preference-optimization stage we use the mathematics subset of Dolci-
Think-DPO-32B [61], whose pairs follow the delta-learning construction [62]: the chosen response
is generated by Qwen3-32B and the rejected response by Qwen3-0.6B, both in reasoning mode. We
decontaminate following the same procedure followed in pre-training, described in Section 3.2. We
apply this same decontamination procedure to all of our post training work.
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RL problem generation Rather than relying exclusively on public datasets, we build a dedicated
generation pipeline that controls problem difficulty and schedules themes and mathematical areas
across runs. Because an incorrect gold answer rewards mathematical errors and penalizes correct
reasoning, every generated problem must have a programmatically computed answer and an empiri-
cal difficulty estimate from the checkpoint being trained. We use two complementary generators: an
LLM-based generator and a CPU-based procedural generator.

The LLM-based generator produces a problem statement, a solving program, and a claimed answer.
A validation gate re-executes the program in a separate environment and retains the problem only if its
output matches the claimed answer. The generation request selects a mathematical area from a fixed
list of subcategories, supplies a small set of examples, and asks for an unambiguous statement and a
program implementing its conditions. Since the examples have the strongest influence on difficulty
and register, the initial waves use a small, carefully curated set; later waves add generated examples
whose measured difficulty falls in the useful range. Areas are sampled non-uniformly, concentrating
generation on weaker areas. We outline the LLM-based generation process in Figure 4.

Subcategory c
sampled with weight 1 − pc

Examples
curated seeds, then measured

generated problems

request

LLM generator

problem

program

claimed answer

Run the program

problem kept if:
program output = claimed answer

discarded

Pass rate measured
on the current checkpoint

selected problems
in the useful band

updates
pc

Figure 4: Graphical representation of the LLM-based generator.

The complementary procedural generator is fully CPU-based and inspired by [63]. This is suitable
for RL, where thematic variety matters less than for SFT because GRPO [64] baseline subtraction
removes signals shared across a rollout group. The generator combines high-quality program tem-
plates with keyword synonyms and alternative phrasings, preserving programmatic guarantees while
adding linguistic variation. Each wave is strictly filtered and deduplicated; sampling hyperparameters
are tuned per template, and a tuned sampler discourages trivial strategies such as direct enumeration
in combinatorics problems. We outline the procedural generation process in Figure 5.

Program template
structure, admissible

parameters,
exact solver

Parameter sampler
tuned per template,

steered away
from instances solvable

by enumeration

Instance
drawn as a

structured object

Exact solver
→ gold answer

Rendering
alternative
phrasings,

keyword synonyms

Filtering and
deduplication

canonical key, final text
problem kept

Figure 5: Diagram explaining the procedural generator.

The two generators offer complementary trade-offs. Once implemented, a procedural family can
sample, solve, and render an instance in milliseconds on CPU, making volume inexpensive and lim-
iting each wave primarily by the number of available families. By contrast, LLM-based generation
may require tens of thousands of GPU-generated tokens per problem, but it can vary the underlying
mechanism rather than only details and form. We therefore use procedural generation for volume
and controllable difficulty, and LLM-based generation for structural variety.

After applying the same error analysis done on the public datasets, the generated sets yield a substan-
tially lower rate of incorrect gold answers, approaching zero in our measurements.

Difficulty calibration Group-relative RL is informative only when the policy solves a problem
intermittently: groups in which every rollout succeeds or every rollout fails have zero relative advan-
tage. We therefore estimate pass rates using groups of eight rollouts from a fixed checkpoint and
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retain an intermediate difficulty band, favouring problems near a 50% pass rate. For each wave, we
analyze a representative sample large enough to estimate the difficulty distribution across families
and subcategories; the result shifts subsequent sampling toward areas in which the current policy
remains weaker [65, 66, 67].

Short-SFT mixtures By the end of the second RL run, reward had stopped improving, and failure
analysis showed that the model remained weak in specific mathematical areas. Because we believe
RL in our setting tends to only reinforce behaviors already represented by the policy [68, 69], we
introduced two short SFT stages with different mixtures of the following two categories of sources:

• Synthetic problems targeting the areas in which the current policy is weakest. The solutions
are generated by Qwen3.8-27B and Qwen3.8-Flash-Next [70, 71] with a context length of
131k tokens.

• The remainder combines solutions generated by the current policy for our synthetic problems,
which limit drift from the RL checkpoint, with a small proof subset. The proof subset is the
union of proofs from public datasets and synthetic proofs for publicly available mathematical
data, with the latter verified by an LLM judge. We include these proofs to introduce reasoning
capabilities not yet present in the current policy.

4.3 Reinforcement-Learning Method

Reinforcement learning is central to reasoning-model post-training but expensive because rollouts are
generated autoregressively. For Limite, the 48-layer architecture also gives a relatively high per-token
latency despite its small parameter count. We therefore optimize for wall-clock efficiency through
the following training choices:

• High learning rates We use learning rates from 1 × 10−5 to 2 × 10−5, compared with the
1 × 10−6 scale commonly used in comparable RL runs.

• Many off-policy updates We perform between 7 and 19 updates per behaviour policy, using
the DPPO mask to control policy drift.

• Few actor updates We perform 461 RL updates across the three runs, rather than the thou-
sands of updates often used in larger-scale training.

• Interleaved SFT and RL Short SFT stages introduce targeted capabilities and allow RL to
resume from a different checkpoint.

• Critic-assisted credit assignment After the policy has learned the easiest improvements avail-
able through group-relative training, we introduce a critic for the final RL run.

The first two runs use the group-mean advantage estimate associated with GRPO [64]; the third
uses a learned value model to assign token-dependent advantages. The credit-assignment and critic
paragraphs below motivate this transition, followed by the complete training sequence.

Objective, reward, and dynamic sampling Let 𝑜𝑖 be a response generated by policy 𝜋𝜃 for query
𝑞𝑖. We use a sparse terminal reward at token 𝑡:

𝑅𝑖,𝑡 = {1, if 𝑡 = |𝑜𝑖| and 𝑜𝑖 has a correct final answer,
0, otherwise. (1)

For each problem, we sample 𝐺 rollouts and apply dynamic sampling, introduced by DAPO [54], so
that groups with pass rate 0/𝐺 or 𝐺/𝐺 are discarded because all their group-relative advantages are
zero. The resulting batches contain only groups that provide a learning signal.

To maximize the number of off-policy updates while retaining training stability, we combine the
DPPO masking mechanism with CISPO [72]-style clipping of the importance sampling weight. For
rollout 𝑗 associated with query 𝑖, define

𝑟𝑖,𝑗,𝑡 =
𝜋𝜃(𝑜𝑖,𝑗,𝑡 ∣ 𝑞𝑖, 𝑜𝑖,𝑗,<𝑡)
𝜇(𝑜𝑖,𝑗,𝑡 ∣ 𝑞𝑖, 𝑜𝑖,𝑗,<𝑡)

,
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where 𝜇 is the behaviour policy. Let ̂𝐴𝑖,𝑗,𝑡 be the advantage and 𝑀𝑖,𝑗,𝑡 the DPPO mask. The token-
normalized policy loss is

ℒpolicy(𝜃) =

𝐵
∑
𝑖=1

𝐺
∑
𝑗=1

|𝑜𝑖,𝑗|

∑
𝑡=1

𝑀𝑖,𝑗,𝑡
̂𝐴𝑖,𝑗,𝑡 ̃𝑟𝑖,𝑗,𝑡

𝐵
∑
𝑖=1

𝐺
∑
𝑗=1

|𝑜𝑖,𝑗|
. (2)

Here, 𝑀𝑖,𝑗,𝑡 = 1 includes the token and 𝑀𝑖,𝑗,𝑡 = 0 masks it. The quantity ̃𝑟𝑖,𝑗,𝑡 has the same forward
value as 𝑟𝑖,𝑗,𝑡 but a clipped gradient. We normalize by tokens rather than samples [54]; both choices
introduce length-dependent biases, and for these runs we prefer the token-level bias.

Rollout batching We considered two ways to overlap rollout generation and training:

1. As soon as every rollout in a group finishes, place the group in a buffer if it is informative
and its behaviour policy is sufficiently recent. When the buffer is full, update the target policy
while generation continues.

2. Generate a cohort of 𝐵 complete groups, discard non-informative groups, split the remainder
into minibatches, and then update on those minibatches.

The first approach is faster, but it preferentially admits groups that finish early. This creates two
potential biases:

• Length bias Training more often on short rollouts may encourage the model to shorten its
reasoning.

• Problem-difficulty bias Problems solved quickly are often easier, so early admission may
overrepresent easier problems.

Both approaches overlap rollout generation and training, the only difference is how rollouts enter in
a batch. The first one is similar to PRIME-RL’s [73] asynchronous buffering, while the second one is
closer to DAPO’s [54] implementation. We implement the second approach using double buffering,
as illustrated in Figure 6, to obtain more representative cohort-level updates. Our double buffering
setup resembles those of Asynchronous RLHF [74] and Cleanba [75].

Generate
cohort 𝐶1
with 𝜋0

Split into
𝑚1 mini-batches

Generate
cohort 𝐶2
with 𝜋0

Split into
𝑚2 mini-batches

Generate
cohort 𝐶3
with 𝜋𝐶1

Split into
𝑚3 mini-batches

Generate
cohort 𝐶4
with 𝜋𝐶2

Split into
𝑚4 mini-batches

Train on 𝐶1
mini-batches

𝜋0 𝜋𝐶1

Train on 𝐶2
mini-batches

𝜋𝐶1 𝜋𝐶2

Train on 𝐶3
mini-batches

𝜋𝐶2 𝜋𝐶3

Time

Figure 6: Double buffering across cohorts. 𝐶𝑘 denotes the 𝑘-th cohort and 𝑚𝑘 the number of mini-batches
obtained from it. The white squares represent mini-batches schematically. The trainer performs one update
per mini-batch while the next cohort is generated. 𝜋0 is the initial policy, and 𝜋𝐶𝑘+1

is the policy 𝜋𝐶𝑘
after

completing 𝑚𝑘+1 updates on 𝐶𝑘+1 mini-batches.

As shown in Figure 6, unless from the initial policy 𝜋0, each policy trains on off-policy rollouts. The
lag between the target policy 𝜋𝐶𝑘+2

and the behaviour policy 𝜋𝐶𝑘
coincide with 𝑚𝑘+2 + 𝑚𝑘+1 for

each integer 𝑘 > 1.
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Off-policy optimization and DPPO masking In our setting inference is the main bottleneck.
Since all rollouts in a cohort must finish before we can update the policy on that cohort, the longest
rollouts largely determine generation time. When inference capacity is available, generating more
rollouts in parallel can increase throughput without significantly increasing generation time.

We therefore aim to obtain more policy updates from each generated cohort, amortizing the cost of
rollout generation across those updates. At a fixed minibatch size, a larger cohort provides more
minibatches and therefore more updates. Alternatively, reducing the minibatch size allows us to
perform more updates on the same cohort without generating additional rollouts.

However, performing many off-policy updates leads the target policy to drift from the behaviour
policy. As this drift grows, the variance of importance sampling weights increases, making only few
tokens dominate the gradient contribution. Hence, the policy gradient estimates become noisier. To
support multiple off-policy updates while limiting this drift, the importance ratio is conventionally
clipped to a fixed interval in PPO [76] and GRPO [64],

clip(𝜋𝜃(𝑜𝑡 ∣ 𝑞, 𝑜<𝑡)
𝜇(𝑜𝑡 ∣ 𝑞, 𝑜<𝑡)

, 1 − 𝜖, 1 + 𝜖) .

In practice, this clipping is asymmetric in terms of tokens: rare tokens can leave the interval after
relatively few updates, whereas already-likely tokens require a larger change. The resulting gradi-
ent suppression may penalize exploration more strongly than exploitation and contribute to entropy
collapse. Previous works like DPPO [53] and DAPO [54] already discussed these issues.

Instead, we therefore use the DPPO mask. Given the context at token 𝑡, we can approximate the
pointwise divergence between target- and behaviour-policy probabilities as

𝐷𝑖,𝑗,𝑡 = ∣𝜋𝜃(𝑜𝑖,𝑗,𝑡 ∣ 𝑞𝑖, 𝑜𝑖,𝑗,<𝑡) − 𝜇(𝑜𝑖,𝑗,𝑡 ∣ 𝑞𝑖, 𝑜𝑖,𝑗,<𝑡)∣ .

Let 𝛿 be the trust-region radius. The mask is

𝑀DPPO
𝑖,𝑗,𝑡 =

⎧{
⎨{⎩

0, if ( ̂𝐴𝑖,𝑗,𝑡 > 0 ∧ 𝑟𝑖,𝑗,𝑡 > 1 ∧ 𝐷𝑖,𝑗,𝑡 > 𝛿)
or ( ̂𝐴𝑖,𝑗,𝑡 < 0 ∧ 𝑟𝑖,𝑗,𝑡 < 1 ∧ 𝐷𝑖,𝑗,𝑡 > 𝛿),

1, otherwise.

The mask removes only tokens for which the probability difference exceeds 𝛿 and the gradient update
would move the target policy still farther from the behaviour policy.

Credit assignment Credit assignment governs the variance and specificity of the policy-gradient
estimate. Appendix B shows that, with our settings, REINFORCE [77] without a baseline has the
same update direction as online rejection fine-tuning. The main benefit of GRPO- or PPO-style
optimization over online RFT [78] in this setting is therefore the variance reduction supplied by
a baseline. A common choice is the state value 𝑉 𝜋(𝑠𝑡); Appendix C defines value functions and
advantages, and Appendix D summarizes the Generalized Advantage Estimation (GAE) [79] used
by actor–critic PPO with a learned value model 𝑉 𝜋

𝜙 .

Training a value model adds cost. We therefore use the GRPO group-mean baseline, without reward
normalization and following the unnormalized treatment used in Dr. GRPO [80], for the first two
RL runs. Let 𝑞 be a query, 𝐺 the group size, and {𝑜𝑖}𝐺

𝑖=1 ∼ 𝜋(⋅ ∣ 𝑞) the sampled responses. The
advantage assigned to every token in response 𝑜𝑖 is

̂𝐴𝑖,𝑡 = 𝑅|𝑜𝑖| − 𝑅, 𝑅 = 1
𝐺

𝐺
∑
𝑗=1

𝑅|𝑜𝑗|. (3)

The group-average reward 𝑅 is a Monte Carlo estimate of the problem-level value, and every token
in a rollout receives the same advantage as if all visited states had that value.

This estimate has two limitations:

1. Problem value as the baseline If state values change substantially over a rollout, the problem-
level value may be a poor baseline for many individual states. See the Figure 7 to see an
illustration describing a similar situation.
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R=1

Generated tokens

Figure 7: Schematic illustration of state values along a successful rollout. The dashed line denotes the problem-
level baseline 𝑉 (𝑞).

2. The same advantage for every action If only a small number of decisions determine the final
outcome, assigning the same advantage to every action provides a diffuse training signal.

The first limitation should matter more for long rollouts, where more visited states may differ substan-
tially from the problem-level value. We hypothesize that the second becomes more important as the
policy improves: a failure in an otherwise reliable derivation may stem from only a few decisions, yet
the group-level estimator cannot distinguish them from the remaining tokens. These considerations
motivate the value model used in the third RL run.

Critic model Inspired by Pan, Zhou, Li, et al. [81], we initialize the value model from the actor
and replace the unembedding head with a scalar value head. Let 𝑠𝑡 be the rollout prefix through
token 𝑡, ℎ𝑡 the critic’s final hidden state for that prefix, and 𝑤 and 𝑏 the value-head parameters. The
state-value estimate is

𝑉𝜙(𝑠𝑡) = 𝑤⊤ℎ𝑡 + 𝑏. (4)
Thus, the head is a scalar linear projection without an activation function, as in [81].

We warm up the critic, in two phases, for a total of 501 updates:

1. First phase We train the critic for 225 updates on already available rollouts previously gen-
erated from older actor policies. In the meantime, we start generating rollouts with the best
actor checkpoint until that point, which we use as the starting checkpoint of the third RL run.

2. Second phase Once those rollouts are available, we train the critic for another 276 updates on
responses generated by that checkpoint.

Throughout both phases, the actor remains frozen and only the critic is trained.

We also apply dynamic sampling [54] to the critic data. In fact, if we included too easy or too hard
problems, we would encourage the critic to learn only problem difficulty rather than tracking state
values under the actor policy. For stability, we estimate on a large sample the constant output bias
that minimizes the initial loss.

For critic training1, we set 𝛾critic = 𝜆critic = 1 . The target for state 𝑠𝑡 is therefore the terminal reward
of the rollout that continues from that state. We train with the token-averaged mean-squared error

ℒcritic(𝜙) =

𝐵
∑
𝑖=1

𝐺
∑
𝑗=1

|𝑜𝑖,𝑗|

∑
𝑡=1

(𝑉𝜙(𝑠𝑖,𝑗,𝑡) − 𝑅𝑖,𝑗)
2

2
𝐵

∑
𝑖=1

𝐺
∑
𝑗=1

|𝑜𝑖,𝑗|
. (5)

As shown in the warm-up curves in Figure 8, the second phase converges within a few updates.
Nevertheless, the critic reduces downstream policy-gradient variance, which helps stabilize training,
so we extend the second phase beyond what would otherwise appear to be a more natural stopping
point. We refer readers to Section 4.4 for the description of the third RL run, in which we use the
critic.

1See Appendices C and D for the definitions of value functions, advantages and GAE.

16



Paradigma Limite 1B - Violetto October 2026

0.40

0.50

0.60

0.70

0.80

0.90
W

ith
in

-p
ro

bl
em

 A
U

C
Step 225 Step 501

(a) AUC

First phase Second phase

0.00

0.05

0.10

0.15

0.20

0.25

To
ke

n 
ex

pl
ai

ne
d 

va
ria

nc
e

(b) Explained variance

First phase Second phase

0 100 225 300 400 501
Critic update

0.00

0.04

0.08

0.12

0.16

Va
lu

e 
lo

ss
 (½

 M
SE
)

(c) Training and validation loss

Training Validation

Figure 8: Value-model metrics during offline warm-up: (a) AUC on validation subset, (b) explained variance
on validation subset, and (c) training and validation loss. All the plots share the x-axis that tracks the number
of critic updates. These metrics are useful to evaluate the critic performance. AUC tells us about how able the
critic is at ranking correct rollouts above incorrect ones, whereas explained variance measures the fraction of
return variance removed by using the critic as a baseline. The dashed lines mark the phase transition at update
225 and the end of warm-up at update 501.

4.4 RL Training Sequence and Results

We perform three DPPO runs, all with AdamW for both actor and critic (present only in the third
run). Throughout, we set the DPPO trust-region radius to 𝛿 = 0.15, and clip the importance-sampling
weight at 5.

First RL run The first run tests whether a high learning rate and a large number of off-policy up-
dates can produce rapid gains. By update 213, we found a good balance of performance and brevity
as shown in Table 5 and Table 6. Beyond that, excessive drift between target and behaviour policies
produces a sharper optimization regime and eventual reward collapse, so we select checkpoint 213.
Each cohort contains 704 problems with 8 rollouts each. After discarding non-informative groups,
we split the remainder into minibatches of 32 problems; because the retained count varies by cohort,
so does the number of optimizer updates. Responses are capped at 61,440 tokens despite the pre-
ceding model’s exposure to longer traces, both to encourage concise reasoning and to reduce rollout
time. We perform 19 off-policy updates per behaviour policy on average at a constant learning rate
of 1.5 × 10−5.
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Table 5: Benchmark accuracy (%) across post-training stages. Off-policy distillation, DPO pre-RL, First RL,
and Second RL were evaluated with a context limit of 65,536 and a response-token cap of 61,440. Columns
marked † (SFT post-RL and Third RL) were evaluated with a context limit of 131,072 and a response-token cap
of 126,976, following the decision to extend the model’s context length and train for longer reasoning. Gains
are percentage-point differences from the preceding stage, computed from displayed scores. Detailed results at
65K and 131K context lengths are reported in Appendix G.

Benchmark
Off-policy
distillation

DPO
pre-RL

First
RL

Second
RL

SFT
post-RL†

Third
RL†

Score Score Gain Score Gain Score Gain Score Gain Score Gain

AIME 2025 77.08 80.52 +3.44 85.62 +5.10 87.71 +2.09 89.17 +1.46 90.21 +1.04
AIME 2026 81.67 83.54 +1.87 87.50 +3.96 87.40 −0.10 91.35 +3.95 94.01 +2.66
HMMT Feb. 2025 70.42 76.15 +5.73 80.73 +4.58 80.62 −0.11 89.69 +9.07 91.35 +1.66
HMMT Feb. 2026 64.68 62.41 −2.27 73.01 +10.60 72.25 −0.76 80.78 +8.53 83.62 +2.84
APEX Shortlist 23.27 21.81 −1.46 33.44 +11.63 32.05 −1.39 43.42 +11.37 50.80 +7.38
BeyondAIME 57.16 52.25 −4.91 65.28 +13.03 65.34 +0.06 72.38 +7.04 74.25 +1.87
ArXivMath May 2026 20.08 15.39 −4.69 25.08 +9.69 24.14 −0.94 23.52 −0.62 25.08 +1.56

Table 6: Mean generated response length (tokens) at a context limit of 131,072 and a response-token cap of
126,976.

Benchmark
Off-policy
distillation

DPO
pre-RL

First
RL

Second
RL

SFT
post-RL

Third
RL

AIME 2025 27,725 35,506 22,736 21,226 23,474 31,968
AIME 2026 24,219 32,800 19,502 18,376 21,121 29,863
HMMT Feb. 2025 35,037 42,709 26,973 24,393 28,309 39,647
HMMT Feb. 2026 37,825 44,842 28,404 26,815 33,042 44,297
APEX Shortlist 50,485 59,860 38,747 32,359 54,239 75,007
BeyondAIME 39,323 49,517 30,540 27,404 36,936 52,387
ArXivMath May 2026 40,908 65,128 34,097 29,474 46,560 68,002
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Figure 9: First DPPO: complete training trajectory, including continuation beyond the selected checkpoint.
Left: mean binary correctness reward across all responses in complete generated cohorts, including truncated
responses. Right: mean token entropy on informative training minibatches. Dashed lines mark checkpoint 213.
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Second RL run The second run starts from the first run’s selected checkpoint. To improve stability,
we double the minibatch size, thereby reducing the number of off-policy updates, and add data to
broaden the training signal. More details about the data we added are provided in the paragraph RL
problem generation in Section 4.2. Performance improves slightly by update 179, after which target–
behaviour divergence again leads to reward collapse; we therefore select checkpoint 179. Cohort
and group sizes remain 704 problems and 8 rollouts, while the minibatch increases to 64 problems
thereby reducing the mean number of off-policy updates per behaviour policy from 19 to 9. We begin
at 1 × 10−5 and, because reward improves too slowly, increase the learning rate to 2 × 10−5 after 73
actor updates. We also reduce the gradient-norm clipping threshold to 0.02 to limit spikes that could
drive the target policy too far from the behaviour policy. The response cap remains 61,440 tokens.
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Figure 10: Second RL run: complete training trajectory, including continuation beyond the selected checkpoint.
Left: mean binary correctness reward across all responses in complete generated cohorts, including truncated
responses. Right: mean token entropy on informative training minibatches. Dashed lines mark checkpoint 179.

Intermediate SFT and model soup The second run’s limited improvement and eventual instability
suggested that further RL on the same trajectory would be inefficient. As we discuss in the paragraph
Interleaving SFT and RL in Section 4.1, training through SFT is more efficient in these cases. We
therefore perform two short SFT stages on the targeted mixture described above, averaging check-
points once between them and again after the second stage. The resulting soup initializes the final
RL run. This stage also expands the supported context length from 65k to 131k tokens; its benchmark
effect appears in the SFT post-RL column of Table 5.

Third RL run The third run starts from the post-SFT soup and uses the learned critic for token-
dependent advantages. The model improves substantially within 59 actor updates. We attribute this to
the critic together with the stronger initialization produced by targeted SFT and checkpoint averaging,
rather than to the critic alone. For the actor, we set 𝛾policy = 1 and

𝜆policy = 0.51/𝐿,
where 𝐿 is the rollout length. Under the indexing used in our implementation, this choice is intended
to keep the contribution of the terminal reward to the earliest token constant with respect to 𝐿:

𝜆𝐿
policy = 0.5.

For the critic, we use 𝛾critic = 𝜆critic = 1, as described above.

We increase the response cap to 126,976 tokens to train long-context reasoning. The cohort con-
tains 256 problems, the minibatch contains 32 problems, and we perform 7 off-policy updates per
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behaviour policy on average. The actor uses a constant learning rate of 1 × 10−5. For every actor
update, the critic receives two updates at a learning rate of 5 × 10−6 so that it can track the changing
policy.

The policy objective is otherwise the same as in the first two runs, but the advantages are estimated
by the critic rather than by the group-mean baseline. Appendix D gives the corresponding GAE
definition.
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Figure 11: Third RL run: complete training trajectory, including continuation beyond the selected checkpoint.
Left: mean binary correctness reward across all responses in complete generated cohorts, including truncated
responses. Right: mean token entropy on informative training minibatches. Dashed lines mark checkpoint 59.
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5 Evaluation

We evaluated Limite on seven mathematical reasoning benchmarks: AIME 2025 and 2026, HMMT
February 2025 and 2026, the MathArena Apex Shortlist, BeyondAIME, and ArXivMath (May 2026).
This suite combines recurring competitions, harder olympiad collections, and research-level prob-
lems from recent arXiv papers, while keeping a single property across all of them: every answer can
be extracted and verified automatically.

This requirement allows every completion to be graded by deterministic, rule-based comparison
against the reference answer rather than by an LLM judge. More importantly, it allows each comple-
tion to be scored under increasingly tolerant answer-extraction rules, ranging from a strict rule that
accepts only a well-formed final \boxed{} answer, through a lenient rule that recovers plausible final
answers written in the wrong form, to a permissive rule that accepts the correct value anywhere in the
completion. We also track the gaps between these three scores, together with the rates of truncated
and malformed outputs.
Across pre-training, supervised fine-tuning and reinforcement learning, these signals show how much
of a change in performance comes from genuine mathematical ability and how much comes from a
change in output format.
For the headline scores reported in Table 7, we rely on official graders wherever they exist. For
AIME 2025 and 2026, HMMT February 2025 and 2026, and the Apex Shortlist, completions are
scored with MathArena’s published grader. BeyondAIME does not release an executable grader, and
for ArXivMath we found that the MathArena grader produced both false-positive and false-negative
verdicts; for these two benchmarks we therefore extract the final \boxed{} answer and compare
it with the reference using Math-Verify [82]. We release our evaluation suite implementation at
github.com/paradigma-inc/limite-violetto.

Table 7: Results on mathematical reasoning benchmarks (pass@1, %, averaged over 32 samples per problem).
Models above the line have at most 9B total parameters, and bold marks the best score in this group, together
with any score whose standard-error interval overlaps it (Table 10). Models below the line are larger models
included for reference. Unless marked, all scores come from our own evaluation: AIME, HMMT and the Apex
Shortlist are graded with MathArena’s published grader, while BeyondAIME and ArXivMath are graded with
Math-Verify on the final \boxed{} answer. † Score taken from the MathArena leaderboard or from the official
model card instead of being reproduced by us.

Model Release
Params.

total
AIME
2026

HMMT
Feb. 2026

APEX
Shortlist

Beyond
AIME

AIME
2025

HMMT
Feb. 2025

ArXivMath
May 2026

Limite 1B - Violetto 2026-09 1B 94.01 83.62 50.80 74.25 90.21 91.35 25.08
VibeThinker-1.5B 2025-11 1.5B 70.94 47.25 10.84 48.06 72.92 50.52 18.13

MiniCPM5-2B 2026-09 2B 90.21 67.80 26.86 60.59 86.98 78.02 21.80
VibeThinker-3B 2026-06 3B 93.85 78.98 46.41 72.00 92.19 88.23 29.77

Qwen3.5-4B 2026-02 4B 89.66 † 72.86 † 32.51 † 61.25 82.19 74.58 26.33
Olmo-3-7B-Think 2025-11 7B 69.38 41.95 13.16 41.00 68.02 42.60 18.05

Olmo-3-7B-Instruct 2025-11 7B 44.27 31.91 6.18 22.81 39.38 27.92 11.33
OLMo-Hybrid-Think-SFT-7B 2026-02 7B 62.08 35.89 10.57 36.41 53.65 35.10 15.47

Qwen3.5-9B 2026-02 9B 90.42 70.36 30.72 65.56 88.75 83.02 31.64

Qwen3.5-27B† 2026-02 27B 91.67 81.06 52.13 — — — —
Qwen3.6-27B† 2026-04 27B 94.10 84.30 — — — 93.80 —

MUSE-Glimmer-30B 2026-08 30B 93.44 80.87 51.66 70.00 92.71 90.21 28.91
Gemma-4-31B-IT 2026-03 31B 89.17 77.08 40.16 71.00 87.81 86.88 35.78

Qwen3.6-35B-A3B† 2026-04 35B 92.70 83.60 — — — 90.70 —
NVIDIA-Nemotron-3-Super† 2026-03 120B 91.67 84.85 57.45 — — — —

GLM 5.2† 2026-06 753B 99.20 92.50 68.09 — — — 56.67
Gemini 3 Pro (preview)† 2025-11 n.d. 91.67 86.36 66.49 — 95.00 97.50 —
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6 Conclusion

We presented Limite 1B - Violetto, a model trained from scratch with the objective of maximizing
mathematical capability per parameter. We oriented our decisions across the entire stack, from ar-
chitecture, to data curation, to optimization and post-training around the goal of maximizing sample
efficiency. A mathematics-focused pretraining corpus provided the foundation for subsequent dis-
tillation, targeted supervised fine-tuning, and reinforcement learning with verifiable rewards. The
resulting one-billion-parameter model is competitive with substantially larger models on hard math-
ematical problems. Its compact size also supports efficient inference, although its deep architecture
can limit decoding speed and the model has not been fully optimized for inference.

This specialization has clear limitations. Limite is only lightly instruction-tuned, and its mathematical
performance does not imply comparable capability in general instruction following or other domains.
In broader research workflows, it could serve as a mathematical reasoning component within multi-
agent systems, with complementary models and tools providing coordination, capabilities outside
mathematics, and verification.

Limite 1B - Violetto is our first step towards building models for autonomous science, and will act
as a concrete base for our upcoming work. We are already developing the next models and systems
around the objective that motivates this effort: maximizing discovery per unit of computation.
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Appendix

A NorMuon

Algorithm 1 gives the NorMuon update for one hidden weight matrix in the final pre-training run.
Data-parallel communication is omitted: gradients are averaged with a reduce-scatter along the bank
dimension, so every rank updates complete matrices, and the result is all-gathered. The coefficients
(𝑎𝑘, 𝑏𝑘, 𝑐𝑘) are the Polar Express schedule for 5 iterations with safety factor 2 ⋅ 10−2 and cushion 2.
Steps 2 and 4, in violet, are where the update departs from the original NorMuon [34].

Algorithm 1 NorMuon update for one hidden weight matrix
Input: weight 𝑊 ∈ ℝ𝑚×𝑛 (fp32 master), gradient 𝐺𝑡 averaged over ranks, momentum buffer 𝐵𝑡−1, second-

moment buffer 𝜈𝑡−1 (both fp32, 𝐵0 = 0, 𝜈0 = 0)
Input: momentum 𝜇𝑡, 𝛽2 = 0.9, learning rate 𝜂𝑡, weight decay 𝜆 = 1.2, Polar Express coefficients

(𝑎𝑘, 𝑏𝑘, 𝑐𝑘)5
𝑘=1

1. Nesterov momentum (fp32)
1 𝐵𝑡 ← 𝜇𝑡𝐵𝑡−1 + (1 − 𝜇𝑡) 𝐺𝑡
2 ̃𝐺𝑡 ← (1 − 𝜇𝑡) 𝐺𝑡 + 𝜇𝑡𝐵𝑡

2. Polar Express orthogonalisation (bf16, fp32 accumulation)
3 𝑋0 ← bf16( ̃𝐺𝑡)
4 𝑋0 ← 𝑋0 / (1.02 ‖𝑋0‖𝐹 + 10−6) ▷ ‖𝑋0‖2 ≤ ‖𝑋0‖𝐹 , so spectral norm < 1
5 for 𝑘 = 1, … , 5 do
6 if 𝑚 > 𝑛 then
7 𝐴 ← 𝑋⊤

𝑘−1𝑋𝑘−1; 𝑋𝑘 ← 𝑎𝑘𝑋𝑘−1 + 𝑋𝑘−1(𝑏𝑘𝐴 + 𝑐𝑘𝐴2)
8 else
9 𝐴 ← 𝑋𝑘−1𝑋⊤

𝑘−1; 𝑋𝑘 ← 𝑎𝑘𝑋𝑘−1 + (𝑏𝑘𝐴 + 𝑐𝑘𝐴2)𝑋𝑘−1
10 end if
11 end for
12 𝑈 ← 𝑋5

3. NorMuon variance reduction (statistics in fp32)
13 𝑟 ← columns if 𝑚 ≥ 𝑛, otherwise rows ▷ the longer dimension; 𝑊𝑣 always uses columns
14 𝑠 ← mean𝑟(𝑈 ⊙ 𝑈) ▷ 𝑠 ∈ ℝ𝑚 or ℝ𝑛; 𝑛𝑟 = size of 𝑟
15 𝜌 ← (𝑛𝑟 ∑ 𝑠)1/2 ▷ = ‖𝑈‖𝐹
16 𝜈𝑡 ← 𝛽2 𝜈𝑡−1 + (1 − 𝛽2) 𝑠
17 𝜎 ← max(𝜈𝑡, 10−10)−1/2

18 𝜌′ ← (𝑛𝑟 ∑ 𝑠 ⊙ 𝜎2)1/2 ▷ = ‖𝑈 ⊙ 𝜎‖𝐹
19 Δ ← 𝑈 ⊙ 𝜎 ⋅ 𝜌 / max(𝜌′, 10−10) ▷ 𝜎 broadcast along 𝑟; ‖Δ‖𝐹 = ‖𝑈‖𝐹

4. Cautious weight decay and update (fp32 master)
20 𝐶 ← 𝟙[ Δ ⊙ 𝑊 > 0 ] ▷ strict: no decay where Δ𝑖𝑗 = 0
21 𝑊 ← 𝑊 − 𝜆 𝜂2

𝑡 (𝐶 ⊙ 𝑊) − 𝜂𝑡 Δ
22 return 𝑊 , 𝐵𝑡, 𝜈𝑡
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B REINFORCE, without any baseline, is actually
RFT

Let 𝑜𝑖 be the response generated by the policy 𝜋𝜃 to a query 𝑞𝑖, then:

𝑅𝑖,𝑡 = {1 if 𝑡 = |𝑜𝑖| and 𝑜𝑖 has a correct final answer
0 otherwise

(6)

Let 𝐵, 𝐶 and 𝛾 be, respectively, the batch, its subset containing only correct rollouts and the discount
factor, which controls how much a future reward is valued compared with an immediate one. Then,
the policy gradient estimate in the REINFORCE algorithm is:

̂𝑔REINFORCE = 1
|𝐵|

|𝐵|

∑
𝑖=1

[
|𝑜𝑖|

∑
𝑡=1

𝛾𝑡∇𝜃 log 𝜋𝜃(𝑜𝑖,𝑡|𝑞𝑖, 𝑜𝑖,<𝑡)
|𝑜𝑖|

∑
𝜏=𝑡

𝛾𝜏−𝑡𝑅𝑖,𝜏]

= 1
|𝐵|

|𝐵|

∑
𝑖=1

[
|𝑜𝑖|

∑
𝑡=1

∇𝜃 log 𝜋𝜃(𝑜𝑖,𝑡|𝑞𝑖, 𝑜𝑖,<𝑡)
|𝑜𝑖|

∑
𝜏=𝑡

𝑅𝑖,𝜏] (i)

= 1
|𝐵|

|𝐵|

∑
𝑖=1

𝑅𝑖,|𝑜𝑖|

|𝑜𝑖|

∑
𝑡=1

∇𝜃 log 𝜋𝜃(𝑜𝑖,𝑡|𝑞𝑖, 𝑜𝑖,<𝑡) (ii)

= 1
|𝐵|

∑
𝑖∈𝐶

|𝑜𝑖|

∑
𝑡=1

∇𝜃 log 𝜋𝜃(𝑜𝑖,𝑡|𝑞𝑖, 𝑜𝑖,<𝑡) (iii)

The equalities follow from:

(i) Setting 𝛾 = 1
(ii) Assigning zero reward to each state different from the last one
(iii) Assigning 𝑅𝑖,|𝑜𝑖| = 0 to wrong rollouts and 𝑅𝑖,|𝑜𝑖| = 1 to correct ones

As you can see, under these settings, REINFORCE and online RFT have the same update direction.
Indeed, the policy gradient is proportional to the negative gradient of the online RFT loss, which is
the cross entropy loss on correct solutions sampled from 𝜋𝜃.

Formally:

ℒRFT(𝜃) = − 1
|𝐶|

∑
𝑖∈𝐶

|𝑜𝑖|

∑
𝑡=1

log 𝜋𝜃(𝑜𝑖,𝑡|𝑞𝑖, 𝑜𝑖,<𝑡) (7)

̂𝑔RFT = − 1
|𝐶|

∑
𝑖∈𝐶

|𝑜𝑖|

∑
𝑡=1

∇𝜃 log 𝜋𝜃(𝑜𝑖,𝑡|𝑞𝑖, 𝑜𝑖,<𝑡) (8)

Therefore:
̂𝑔REINFORCE ∝ − ̂𝑔RFT
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C Value functions and advantages definitions

• 𝑄𝜋(𝑠𝑡, 𝑎𝑡) is the expected return of taking the action 𝑎𝑡 in the state 𝑠𝑡 and then following
policy 𝜋.

• 𝑉 𝜋(𝑠𝑡) is the expected return from the state 𝑠𝑡 under policy 𝜋.
• 𝐴𝜋(𝑠𝑡, 𝑎𝑡) is the advantage of taking the action 𝑎𝑡 in the state 𝑠𝑡 for the policy 𝜋

Namely:

𝑄𝜋(𝑠, 𝑎) = 𝔼𝜋 [
∞

∑
𝜏=0

𝛾𝜏𝑅𝑖,𝑡+𝜏 ∣ 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎] (9)

𝑉 𝜋(𝑠) = 𝔼𝑎∼𝜋(⋅∣𝑠) [𝑄𝜋(𝑠, 𝑎)] (10)
𝐴𝜋(𝑠, 𝑎) = 𝑄𝜋(𝑠, 𝑎) − 𝑉 𝜋(𝑠) (11)

In our case, 𝛾 = 1 and rewards are defined as in Equation (6).

Let 𝑠 be [𝑞, 𝑜<𝑡], where 𝑞 is a query and 𝑜 is the rollout sampled by 𝜋 as a response to 𝑞, then under
our settings:

𝑄𝜋(𝑠, 𝑜𝑡) = 𝔼𝜋 [𝑅|𝑜| ∣ 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑜𝑡] (12)

𝑉 𝜋(𝑠) = 𝔼𝜋 [𝑅|𝑜| ∣ 𝑠𝑡 = 𝑠] (13)
𝐴𝜋(𝑠, 𝑜𝑡) = 𝑄𝜋(𝑠, 𝑜𝑡) − 𝑉 𝜋(𝑠) (14)
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D GAE

GAE allows us to control the bias-variance trade-off through 𝜆 ∈ [0, 1]: lower values imply more
bootstrapping from the value model, while 𝜆 = 1 uses an unbiased Monte Carlo estimate of the
return.

In detail, given the timestep 𝑡 = 1, … , 𝑇 , set the value after the final timestep equal to 0: 𝑉 𝜋
𝜙 (𝑠𝑇 +1) =

0, then:

𝛿𝑖,𝑡 =𝑅𝑖,𝑡 + 𝛾𝑉 𝜋
𝜙 (𝑠𝑡+1) − 𝑉 𝜋

𝜙 (𝑠𝑡) (15)

̂𝐴GAE
𝑖,𝑡 =

𝑇 −𝑡
∑
𝜏=0

(𝛾𝜆)𝜏𝛿𝑖,𝑡+𝜏 (16)

In our case, 𝑇 = |𝑜𝑖| which is the length of the model rollout 𝑜𝑖, 𝛾 = 1, and rewards are defined as
in Equation (6).

Therefore:

𝛿𝑖,𝑡 = {𝑅𝑖,|𝑜𝑖| − 𝑉 𝜋
𝜙 (𝑠|𝑜𝑖|) if 𝑡 = |𝑜𝑖|

𝑉 𝜋
𝜙 (𝑠𝑡+1) − 𝑉 𝜋

𝜙 (𝑠𝑡) otherwise
(17)

̂𝐴GAE
𝑖,𝑡 =

|𝑜𝑖|−𝑡

∑
𝜏=0

𝜆𝜏𝛿𝑖,𝑡+𝜏 (18)

̂𝐴GAE
𝑖,𝑡 =

|𝑜𝑖|−𝑡

∑
𝜏=0

𝛿𝑖,𝑡+𝜏 = 𝑅𝑖,|𝑜𝑖| − 𝑉 𝜋
𝜙 (𝑠𝑡) if 𝜆 = 1 (19)
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E Length-normalized DPO objective

Let 𝜋𝜃 be the trained policy and 𝜋ref the frozen reference policy. Both are initialized from the distilled
soup. Each training example is a query 𝑞 with a preferred response 𝑜+ and a dispreferred response
𝑜−. Standard DPO [50] defines the implicit reward as the summed log-ratio over the response tokens.
We instead use its mean over the response length [57]:

𝑟𝜃(𝑞, 𝑜) = 1
|𝑜|

|𝑜|

∑
𝑡=1

log 𝜋𝜃(𝑜𝑡 ∣ 𝑞, 𝑜<𝑡)
𝜋ref(𝑜𝑡 ∣ 𝑞, 𝑜<𝑡)

. (20)

The loss over the preference dataset 𝒟 is

ℒDPO(𝜃) = − 𝔼(𝑞,𝑜+,𝑜−)∼𝒟[ log 𝜎(𝛽(𝑟𝜃(𝑞, 𝑜+) − 𝑟𝜃(𝑞, 𝑜−)))], (21)

with 𝛽 = 5. With the summed reward, the margin grows with the number of tokens. A pair whose
responses differ in length therefore gets a reward gap that partly reflects length rather than quality.
Dividing by |𝑜| puts the rewards of both responses on a per-token scale, which removes this bias.
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F Compute estimates for Figure 1

Training compute in Figure 1 is the analytical 6𝑁𝐷 estimate, with 𝑁 the parameter count (active
parameters for mixture-of-experts models) and 𝐷 the number of training tokens. It is an estimate,
not a measured total. For Limite 1B - Violetto it counts pretraining, offline distillation and SFT, and
excludes RL. For the other models it comes from public reports and model cards, and the training
stages counted differ by model.

The marked points need the following qualifications.

• ∗VibeThinker 3B: the Coder training stage only.
• †MiniCPM5 2B: the 1T midtraining tokens only. The solid arrow marks the earlier pretraining

this leaves out.
• ‡Qwen3.5: assumes the 36T tokens reported for Qwen3. The dashed arrows mark larger

budgets implied by family-level claims; they are not verified bounds.
• §Qwen3.5 4B: the score is IRT-estimated.

Scores for Qwen3.5 and Nemotron 3 Super are from MathArena, scores for Nemotron 3 Nano and
Nemotron Cascade 2 are from NVIDIA, and the rest are our own evaluations. Evaluation setups
differ across these sources.
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G Detailed Results by Context Length

Table 8: Benchmark accuracy (%) across post-training stages at a 64k context length. Gains are measured in
percentage points relative to the immediately preceding checkpoint at the same context length. † SFT post-RL
scores and gains are offline estimates from rollouts generated at 128k: responses were retokenized, truncated
to 61,440 tokens, and evaluated with the same scorers. No new rollouts were generated at 64k. Original token
sequences were not saved, and generation with a different limit may produce different responses. DPO and RL
evaluations also used different concurrency settings between the 64k and 128k runs.

Benchmark
Off-policy
distillation

DPO
pre-RL

First
RL

Second
RL

SFT
post-RL†

Score Score Gain Score Gain Score Gain Score Gain

AIME 2025 77.08 80.52 +3.44 85.62 +5.10 87.71 +2.09 ≈ 87.40 ≈ −0.31
AIME 2026 81.67 83.54 +1.87 87.50 +3.96 87.40 −0.10 ≈ 90.42 ≈ +3.02
HMMT Feb. 2025 70.42 76.15 +5.73 80.73 +4.58 80.62 −0.11 ≈ 85.94 ≈ +5.32
HMMT Feb. 2026 64.68 62.41 −2.27 73.01 +10.60 72.25 −0.76 ≈ 75.66 ≈ +3.41
APEX Shortlist 23.27 21.81 −1.46 33.44 +11.63 32.05 −1.39 ≈ 38.16 ≈ +6.11
BeyondAIME 57.16 52.25 −4.91 65.28 +13.03 65.34 +0.06 ≈ 67.78 ≈ +2.44
ArXivMath May 2026 20.08 15.39 −4.69 25.08 +9.69 24.14 −0.94 ≈ 21.09 ≈ −3.05

Table 9: Benchmark accuracy (%) across post-training stages at a 128k context length. Gains are measured in
percentage points relative to the immediately preceding checkpoint at the same context length. DPO and RL
evaluations also used different concurrency settings between the 64k and 128k runs.

Benchmark
Off-policy
distillation

DPO
pre-RL

First
RL

Second
RL

SFT
post-RL

Score Score Gain Score Gain Score Gain Score Gain

AIME 2025 79.58 87.29 +7.71 85.42 −1.87 87.40 +1.98 89.17 +1.77
AIME 2026 81.77 91.25 +9.48 88.54 −2.71 86.98 −1.56 91.35 +4.37
HMMT Feb. 2025 72.40 81.77 +9.37 81.98 +0.21 79.48 −2.50 89.69 +10.21
HMMT Feb. 2026 66.48 74.15 +7.67 72.16 −1.99 72.16 0.00 80.78 +8.62
APEX Shortlist 25.33 34.51 +9.18 35.17 +0.66 30.12 −5.05 43.42 +13.30
BeyondAIME 59.41 66.03 +6.62 66.03 0.00 65.34 −0.69 72.38 +7.04
ArXivMath May 2026 20.47 24.69 +4.22 26.09 +1.40 25.86 −0.23 23.52 −2.34

Table 10: Standard errors (percentage points) of the pass@1 scores in Table 7. For each of the 𝑅 = 32
generation repetitions, we compute accuracy over the full benchmark; the SE is the sample standard deviation
of these accuracies divided by

√
𝑅. † denotes externally reported scores, for which no SE is available.

Model
AIME
2026

HMMT
Feb. 2026

APEX
Shortlist

Beyond
AIME

AIME
2025

HMMT
Feb. 2025

ArXivMath
May 2026

Limite 1B - Violetto 0.54 0.74 0.88 1.03 0.49 0.72 0.81
VibeThinker-1.5B 0.95 0.81 0.56 0.37 1.08 1.20 0.62
MiniCPM5-2B 0.65 0.95 0.99 0.53 0.75 0.92 0.56
VibeThinker-3B 0.52 0.72 1.24 0.40 0.53 0.79 0.91
Qwen3.5-4B † † † 1.11 0.87 1.11 0.51
Olmo-3-7B-Think 1.17 0.70 0.54 0.40 0.98 0.89 0.56
Olmo-3-7B-Instruct 1.18 0.59 0.49 0.54 1.00 0.91 0.57
OLMo-Hybrid-Think-SFT-7B 0.86 0.71 0.57 0.46 1.07 0.91 0.46
Qwen3.5-9B 0.61 0.74 0.79 0.46 0.76 0.72 0.73

MUSE-Glimmer-30B 0.44 0.64 1.00 0.82 0.46 0.72 0.74
Gemma-4-31B-IT 0.52 0.56 0.85 1.78 0.81 0.78 0.55

34



Paradigma Limite 1B - Violetto October 2026

H Qualitative examples

The following selected, independent single-turn interactions illustrate both Limite’s mathematical
reasoning and a limitation in instruction following. They are illustrative examples, not an estimate
of how often either behavior occurs. The original exchanges appear in the release post.2

H.1 Limitation in instruction following

Example 1: Photosynthesis

User:
What is photosynthesis, in simple terms?

Limite:
A cell divides into two cells, and those cells can each divide into two…

H.2 A hard problem, solved

Example 2: A path through a board

User:
Consider a 2025 × 2025 board whose squares are identified with pairs (𝑖, 𝑗), where
𝑖 and 𝑗 denote the row and column.
Calvin picks two positive integers 𝑎, 𝑏 < 2025 and places a pawn at (1, 1). On
odd-numbered moves, he moves from (𝑖, 𝑗) to either (𝑖 + 𝑎, 𝑗) or (𝑖, 𝑗 + 𝑎). On even-
numbered moves, he moves to either (𝑖 + 𝑏, 𝑗) or (𝑖, 𝑗 + 𝑏). All coordinates are taken
modulo 2025.
For how many pairs (𝑎, 𝑏) can the pawn visit every square exactly once?

Limite:
Thus a necessary condition is

𝑎 = 𝑏 and gcd(𝑎, 2025) = 1.

[…]
Write 𝑡 = 𝑘𝑛 + 𝑠 with 0 ≤ 𝑘, 𝑠 ≤ 𝑛 − 1. Then 𝑅𝑡 = 𝑘 and

𝑦𝑡 ≡ 𝑘𝑛 + 𝑠 − 𝑘 ≡ 𝑠 − 𝑘 (mod 𝑛).

Thus the visited vertex is (𝑘, 𝑠 − 𝑘 (mod 𝑛)). As (𝑘, 𝑠) runs over all 𝑛2 pairs,
(𝑘, 𝑠 − 𝑘) also runs over all 𝑛2 pairs, so the path visits every square exactly once.
[…]
The admissible pairs are precisely (𝑎, 𝑎) with 1 ≤ 𝑎 ≤ 𝑛 − 1 and gcd(𝑎, 𝑛) = 1.
The number of such 𝑎 is Euler’s totient 𝜑(𝑛).

𝜑(2025) = 2025 (1 − 1
3

) (1 − 1
5

) = 1080.

1080

2https://paradigma.inc/blog/limite-1b-violetto/
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