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Abstract
We introduce the Nemotron 3 family of models—Nano, Super, and Ultra. These models deliver strong
agentic, reasoning, and conversational capabilities. The Nemotron 3 family uses a Mixture-of-Experts
hybrid Mamba–Transformer architecture to provide best-in-class throughput and context lengths of
up to 1M tokens. Super and Ultra models are trained with NVFP4 and incorporate LatentMoE, a
novel approach that improves model quality. The two larger models also include MTP layers for faster
text generation. All Nemotron 3 models are post-trained using multi-environment reinforcement
learning enabling reasoning, multi-step tool use, and support granular reasoning budget control.
Nano, the smallest model, outperforms comparable models in accuracy while remaining extremely
cost-efficient for inference. Super is optimized for collaborative agents and high-volume workloads
such as IT ticket automation. Ultra, the largest model, provides state-of-the-art accuracy and
reasoning performance. Nano is released together with its technical report and this white paper,
while Super and Ultra will follow in the coming months. We will openly release the model weights,
pre- and post-training software, recipes, and all data for which we hold redistribution rights.

1. Introduction

We announce NVIDIA Nemotron 3, the most efficient family of open models with leading accuracy
for agentic AI applications. The Nemotron 3 family of models use a Mixture-of-Experts hybrid
Mamba-Transformer architecture that pushes the accuracy-to-inference-throughput frontier (§2.1).
State-of-the-art accuracy and high inference throughput enable developers to build and scale up
complex multi-agent environments. Further, the Nemotron 3 family of models support a context
length of up to 1M tokens which helps accelerate tasks that require long contexts like long slices of
code, large conversation histories, and extensive documents for RAG pipelines (§2.5). Nemotron
3 models support inference-time reasoning budget control (S2.7) and are trained using a diverse
set of RL environments. The diverse set of environments help Nemotron 3 models achieve superior
accuracy across a broad range of tasks like competitive coding, competition math, and agentic tool
use (§2.6).

In addition to the above, Nemotron 3 Super and Ultra are trained with NVFP4 (§2.4). Super and
Ultra utilize LatentMoE, a novel approach that helps gain accuracy without sacrificing inference
throughput or latency (§2.2). We also incorporate MTP layers in the two larger models to improve
the efficiency of long-form text generation workloads (Gloeckle et al., 2024). Additionally, training
with MTP provides modest improvements in model quality (DeepSeek-AI, 2025b) (§2.3).

The Nemotron 3 family of models are open and transparent. We will release all the model weights,
over 10 trillion tokens of datasets, and training recipes.

In the following section, we discuss the key technologies used to build Nemotron 3.

© 2025 NVIDIA. All rights reserved.
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Figure 1 | Nemotron 3 models (e.g., Nemotron Nano 3) leverage a hybrid Mamba-Transformer MoE
architecture consisting predominantly of interleaved Mamba-2 and MoE layers, with a select few self
attention layers.
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Figure 2 | The hybrid Mamba-Transformer MoE architecture used by Nemotron 3 models can
achieve state-of-the-art accuracy on leading reasoning benchmarks and ultra-long-context tasks while
providing throughput improvements over similarly sized Transformer MoEs. For details, please see
the Nemotron Nano 3 technical report.

2. Features and Technologies

2.1. Hybrid MoE

The Nemotron 3 family of models utilize a hybrid Mamba-Transformer MoE architecture. This
architecture is chosen with inference efficiency in mind, particularly for reasoning workloads, but
also provides better or on-par accuracy compared to standard Transformers (Waleffe et al., 2024;
NVIDIA, 2025b,a). Specifically, rather than interleaving mixture-of-expert (MoE) layers with
expensive self-attention layers—which need to attend over a linearly increasing KV Cache during
generation—Nemotron 3 models predominantly interleave MoE layers with cheaper Mamba-2
layers (Dao & Gu, 2024)—which require storing only a constant state during generation. Only a
select few attention layers are included in Nemotron 3 models. For example, we show the layer
pattern for Nemotron Nano 3 in Figure 1.

By minimizing expensive self-attention layers, Nemotron 3 models can achieve higher inference
throughput compared to similarly-sized Transformer MoEs for common reasoning workloads (e.g.,
8k input sequence length / 16k output sequence length). For example, Nemotron 3 Nano 30B-A3B
achieves 3.3× higher throughput compared to Qwen3-30B-A3B (Figure 2), with further speedups at
longer sequences. Yet the hybrid architecture can also achieve state-of-the-art accuracy, even on
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long-context lookup tasks (e.g., RULER on 1M token input sequences, see Figure 2).

Overall, the Nemotron 3 architecture leverages a balanced combination of mixture-of-expert layers
that allow for sparse parameter scaling and lead to higher accuracy for a given compute budget,
self-attention layers that enable high-fidelity all-to-all information routing, and Mamba-2 layers that
enable sequence modeling with fixed inference-time computation and memory.

2.2. LatentMoE: Hardware-Aware Expert Design for Improved Accuracy per Byte

(a) Standard MoE architecture. (b) LatentMoE architecture.

Figure 3 | Standard MoE vs. LatentMoE architectures. In LatentMoE, tokens are projected from
the model hidden dimension 𝑑 into a smaller latent dimension ℓ for expert routing and computation,
which reduces routed parameter loads and all-to-all traffic by a factor of 𝑑/ℓ (typically about 4×).
We use this efficiency to increase both the total number of experts and the top-𝐾 active experts per
token by the same factor 𝑑/ℓ, which improves accuracy per byte while keeping overall inference cost
approximately constant.

Transformer models are typically deployed in two distinct settings: latency-focused deployments
that prioritize response time, and throughput-focused deployments that maximize token processing
capacity. Mixture of Experts (MoE) layers face fundamentally different performance bottlenecks
depending on the scenario. In latency-focused deployments, the model processes tens to hundreds
of tokens at a time to minimize end-to-end latency. In this regime, MoE computation is memory-
bandwidth-bound: reading expert weights from memory dominates the cost and far exceeds the actual
computation time. Each expert matrix has size 𝑑 × 𝑚, where 𝑑 is the model hidden dimension and 𝑚
is the expert FFN intermediate dimension, so reducing memory bandwidth costs requires decreasing
either 𝑑 or 𝑚. In throughput-focused deployments, the model processes thousands of tokens per
iteration to maximize throughput. In this regime, the all-to-all communication required to dispatch
tokens to experts and aggregate results emerges as the primary bottleneck. The communication
volume scales linearly with the number of top-𝐾 active experts 𝐾 and the hidden dimension 𝑑, but
is independent of the expert FFN intermediate dimension 𝑚. At the same time, the expressive power
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Table 1 | Comparison of downstream task accuracy between Standard MoE and LatentMoE. The
LatentMoE architecture consistently outperforms the standard MoE baseline across all evaluated
tasks.

Model Accuracy (%)

MMLU-Pro MMLU Code Math Commonsense
Understanding

Standard MoE
(8.09B active / 72.6B total) 48.30 70.10 51.95 78.32 81.73

LatentMoE
(8.02B active / 72.8B total) 52.87 72.11 55.14 80.19 82.10

of FFN layers is primarily controlled by the effective nonlinear budget, which is roughly proportional
to 𝐾 × 𝑚.

Our objective is to improve model quality without compromising inference throughput or latency.
Guided by the above insights, we adopt a specific design choice. To improve accuracy per byte,
we shrink the routed expert input dimension 𝑑 to reduce communication and memory costs, and
reinvest the saved capacity into increasing the nonlinear budget and expert diversity by scaling up
both the total number of experts 𝑁 and the top-𝐾 active experts per token. LatentMoE is a novel
architecture that implements this strategy.

The LatentMoE architecture is illustrated in Figure 3b. Each token embedding is first projected
from the original hidden dimension 𝑑 into a latent representation of smaller dimension ℓ < 𝑑, routed
to an expanded set of experts that operate entirely in this latent space, and then projected back to
the original hidden dimension 𝑑. By shifting routed expert computation and all-to-all traffic to the
latent space, both per-expert weight loads and communication payloads are reduced by a factor of
𝑑/ℓ compared to a standard MoE. We use these parameter and bandwidth savings to increase both
the total number of experts from 𝑁 to 𝑁 ′ = 𝑁 · 𝑑/ℓ and the top-𝐾 active experts per token from 𝐾
to 𝐾 ′ = 𝐾 · 𝑑/ℓ. The reduction in dimensionality offsets the increase in expert count and active
experts, which enables higher model quality at similar computational and communication budget.
To preserve quality, all non-routed computations, including the MoE routing gate (gating network),
shared expert computation, and non-expert layers, remain in the original hidden dimension 𝑑, since
they do not significantly contribute to the targeted bottlenecks.

Table 1 compares the downstream performance of Standard MoE and LatentMoE. To provide a
comprehensive evaluation, we report aggregated scores: “Code” averages HumanEval, HumanEval+,
MBPP, and MBPP+; “Math” averages GSM8K CoT and MATH-500; and “Commonsense Under-
standing” averages RACE, ARC-Challenge, HellaSwag, and Winogrande. Both models feature 8
billion active and 73 billion total parameters, and were trained for 1 trillion tokens using identical
hyperparameters. Specifically, the Standard MoE model uses a hidden dimension of size 𝑑 = 4096
and 128 total experts with 6 active experts, while LatentMoE uses a latent dimension ℓ = 1024
and 512 total experts with 22 active experts. As the results demonstrate, LatentMoE consistently
outperforms the Standard MoE baseline across all evaluated tasks.

2.3. Multi-Token Prediction (MTP)

Multi-Token Prediction (MTP) has emerged as a highly effective technique for improving both the
accuracy and the inference efficiency of large language models. Prior work— including DeepSeek-
V3 (DeepSeek-AI, 2025b) and the original MTP formulation (Gloeckle et al., 2024)—shows that
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predicting multiple future tokens provides richer training signals and encourages models to plan
several steps ahead. These auxiliary predictions also serve naturally as draft tokens for speculative
decoding (Leviathan et al., 2023), enabling substantial end-to-end acceleration without requiring a
separate draft model.

In Nemotron 3, integrating MTP leads to consistent gains across validation loss and a broad
range of downstream benchmarks, including general knowledge, code generation, common-sense
understanding, reading comprehension, and math. On an ablation study using the 8B active
parameters transformer MoE model base model, MTP improves performance by roughly 2.4% on
average across benchmarks (see Table 2). These improvements reflect MTP’s ability to provide denser
supervision and enhance the model’s multi-step reasoning capabilities. From a systems perspective,
MTP introduces minimal additional FLOPs and integrates seamlessly into our training workflow,
delivering substantial speculative-decoding benefits (Gloeckle et al., 2024) while maintaining high
overall efficiency.

Task Baseline (8B MoE Base) Baseline + MTP
General Knowledge
MMLU (5-shot, acc) 70.06 71.26
MMLU-Pro (5-shot, CoT EM) 45.05 47.84
Code
MBPP-Sanitized (3-shot) 65.58 66.89
Commonsense Understanding
ARC-Challenge (25-shot, acc_norm) 86.43 88.05
WinoGrande (0-shot, acc) 74.59 75.45
Reading Comprehension
RACE (0-shot, acc) 84.02 85.36
Math
GSM8K (8-shot, acc) 82.49 84.46

Table 2 | Accuracy scores with and without MTP on a simple 8B active parameter transformer MoE
base model trained on 1T tokens. We observe improvements in accuracy on multiple tasks spanning
different categories.

A major practical benefit of MTP in Nemotron 3 is its strong synergy with speculative decoding. The
predictions produced by MTP exhibit high agreement with the base model, enabling fast, low-latency
generation — particularly beneficial in batch-size–1 and long-form generation scenarios. We designed
a lightweight MTP module that achieves around 97% acceptance on the first two predicted tokens in
an ablation study on an 8B active MoE model. Overall, MTP enriches the training signal, enhances
the model’s ability to anticipate multiple future steps, provides high-quality speculative-decoding
predictions, and accelerates text generation (Gloeckle et al., 2024).

2.4. NVFP4 Training

We demonstrate stable and accurate pretraining on a hybrid Mamba-MoE architecture for up to 25T
tokens using the NVFP4 number format. Weight, activation, and gradient tensors are quantized to
NVFP4 which enables use of NVFP4 GEMMs in fprop, dgrad, and wgrad. On GB300, peak FP4
throughput is 3× higher than FP8 throughput (NVIDIA Corporation, 2025). Prior work in NVFP4
pretraining (NVIDIA, 2025c) simulated NVFP4 numerics through quantize-dequantize functions
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Figure 4 | Relative difference in train loss (left) and validation loss (right) between models trained
with NVFP4 and BF16, shown at two model scales: Nemotron 3 Nano (A3B) and the larger MoE
model (A8B). Loss gaps decrease as model size increases (A3B → A8B). Recipe ablation on Nemotron
3 Nano started from Nemotron 3 NVFP4 checkpoint at 500B tokens, then quantizes sensitive layers
(Mamba Output, QKV, and Attention projections) to NVFP4, highlighting the importance of keeping
these layers in high precision.

around BF16 GEMMs. This work uses native NVFP4 GEMMs, leveraging cuBLAS’s backend for
Transformer Engine.

The NVFP4 format features: fine-grained (16 element) micro-block scaling, block scaling factors
with E4M3 format, a second-level FP32 global scale, and the E2M1 element format. We utilize
two-dimensional (2D) block scaling for weight quantization, Random Hadamard Transforms (RHTs)
on inputs to wgrad, and stochastic rounding on gradients. We kept the last 15% of the network in
high precision to maintain stability.

Super and Ultra models employ the Latent-MoE architecture and MTP. We kept latent projections
in BF16 as its impact to step-time is minimal. We also keep MTP layers in BF16 due to their
positioning at the end of the network and to preserve MTP capabilities.

The Nemotron 3 family of models features a small ratio of attention to Mamba-2 layers, and each
attention layer uses GQA with only 2 KV heads. To maintain the fidelity of these few attention
layers, we kept the QKV and attention projections in BF16. We observed that Mamba output
projection layers have high flushes to zero (up to 40% on Nano) when quantized to NVFP4. To
prevent loss of information, we keep these layers in MXFP8. Figure 4 shows that combining both
modifications resulted in a recipe that improved both train and validation loss (green) compared to
keeping these layers in low precision (blue).

Figure 4 also shows relative loss gaps between NVFP4 and BF16. On Nano, we achieve a < 1%
relative difference in loss between NVFP4 vs BF16 (green). The loss gap decreases to < 0.6%
between NVFP4 vs BF16 when trained on a larger MoE model with 8B active parameters (dark
blue). Prior art further reinforces these findings that loss gaps induced from quantization decrease
as model size increase (Chen et al., 2025). Downstream task evaluations shown in Figure 5 are
comparable between the A8B model trained in BF16 vs NVFP4. This phenomenon further confirms
prior work on Mamba-MLP models where a small loss gap does not lead to degraded evaluation
accuracy (NVIDIA, 2025c).
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Figure 5 | Downstream task evaluations on 8B active MoE model, trained to 1T tokens. NVFP4
accuracy closely follows BF16 trajectories throughout training. Evaluations are performed in BF16.

2.5. Long Context

The Nemotron 3 models are designed to support context lengths up to 1M tokens to enable extended
multi-turn agentic reasoning. Rotary Position Embeddings (RoPE) are a known hurdle to extending
context beyond the training length. Since Mamba layers provide implicit positional information,
Nemotron 3 models do not use RoPE in attention layers and therefore do not suffer from out-of-
distribution RoPE issues during context extension (a Transformer analog is explored in Puvvada
et al. (2025)). For Nemotron 3 Nano, we included a continued pre-training (CPT) stage at a 512k
sequence length, and supervised fine-tuning (SFT) was performed at a 256k sequence length. In
addition, we include a long-context environment in the reinforcement learning stage with inputs up
to 32k tokens. All three stages included synthetic data designed to support long-range retrieval,
multi-hop reasoning, multi-document information aggregation, and related capabilities. In CPT, we
did not observe the need to follow a staged increase of training sequence length from 8k to 512k.
Further, we observe that the MoE hybrid architecture adopted for the Nemotron 3 models has better
context extension capability compared to the dense hybrid architecture used in Nemotron 2 Nano.
When continue pre-trained on the same sequence length (512k), the Nemotron 3 Nano base model
shows better RULER (Hsieh et al., 2024) scores compared to the Nemotron 2 Nano 12B base model
at a 1M context length (Table 3).

To further assess how well Nemotron 3 Nano leverages very long contexts for next-token prediction,
we measure the negative log-likelihood (NLL) of tokens at various positions in held-out sequences.
Lower NLL indicates better predictive performance. In a related coherent sequence, tokens appearing
later in the context should be easier to predict and therefore exhibit lower NLL. We conduct
this analysis on repository-level code sequences larger than 1 million tokens. Figure 6 shows the
cumulative average NLL up to each token index for Nemotron 3 Nano base. We observe that NLL
decreases with sequence length, suggesting that the model is able to use long input context up to
the tested range.

2.6. Multi-environment Reinforcement Learning Post-training

The Nemotron 3 models are designed to serve as the foundation for a wide variety of agentic AI
applications. To teach Nemotron 3 the capabilities needed to succeed across such a broad range of
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Model 128k 256k 512k 1M
Nemotron-Nano-12B-v2-Base 85.13 79.85 75.12 23.43
Nemotron-3-Nano-30B-A3B-Base 74.48 71.67 66.02 54.19

Table 3 | RULER scores for Nemotron-Nano-12B-v2-Base (Dense Hybrid) and Nemotron-3-Nano-
30B-A3B-Base (MoE hybrid) models at different input context lengths. We observe that MoE hybrid
model is more robust to length extrapolation than dense Hybrid Model. Nemotron-Nano-12B-v2-
Base model shows abrupt dropoff between 512k and 1M, where as Nemotron-3-Nano-30B-A3B-Base
exhibits graceful degradation. Both models were trained upto 512k sequence length.
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Figure 6 | Cumulative average Negative loglikelihood (NLL) as a function of token position in code
data. Nemotron 3 Nano base shows improved predictions upto 1M tokens in code data.

tasks, we create a diverse set of reinforcement learning (RL) environments, covering mathematical
and scientific reasoning, competitive coding, instruction following, software engineering, search,
chat, general agentic tool use, long context, and more. Unlike our previous models where we had
separate training stages for different tasks, we train the Nemotron 3 models on all of these tasks
simultaneously. We find such simultaneous training is more stable, less prone to reward hacking
and overall better compared to previous staged approaches (NVIDIA, 2025a), which often results in
degradation of some capabilities (DeepSeek-AI, 2025a). The utility of multi-environment RL can be
seen in Figure 7, where performance on a wide variety of agentic and reasoning benchmarks steadily
increases throughout Nemotron 3 Nano RL training.

Large-scale RL across heterogeneous and complex environments requires efficient system design
coupled with stable learning algorithms. The Nemotron 3 models are well suited for this setting, as
their high inference throughput provides a significant advantage during large-scale rollout generation
compared to other open-source models . To further improve sampling efficiency, we employ an
asynchronous RL architecture that decouples training from inference and leverage multi-token
prediction to accelerate rollout generation. For stable training, we use GRPO (Shao et al., 2024)
with masked importance sampling to account for discrepancies between the training and rollout
policies.

Our entire post-training SW stack is open-sourced under Apache 2.0. NeMo-RL 1 implements
scalable RL training while NeMo-Gym 2 provides collection of RL environments.

1https://github.com/NVIDIA-NeMo/RL
2https://github.com/NVIDIA-NeMo/Gym
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2.7. Granular Reasoning Budget Control at Inference Time

Similar to Nemotron 2 Nano (NVIDIA, 2025a), the Nemotron 3 models are trained to work with
inference-time budget control. Given a user-specified budget on the max number of tokens to use in
a thinking trace and when the model reaches the budget, one can append the </think> token to
the sequence and let the model continue to generate. The model will generate the response based on
the partial thinking trace. Figure 8 illustrates the accuracy-efficiency trade-off curves of Nemotron 3
Nano by varying the token budget, and this provides users fine-grained control in AI applications.

3. Key Takeaways

In this white paper, we introduced the Nemotron 3 family of models: Nano, Super, and Ultra.
Nemotron 3 is the most efficient family of open models with leading accuracy for building high-
accuracy agentic AI applications. Nemotron 3 models use a hybrid Mamba-Transformer MoE
architecture, are trained using multiple RL environments, offer granular reasoning budget control,
and support a context length of up to 1M tokens. Super and Ultra push the improvements further
by using LatentMoE and NVFP4 training. Super and Ultra will also ship with MTP layers for
enabling fast, low-latency generation. Nemotron 3 models will be open and transparent - we will
release model weights, pre- and post-training software, training recipes, and most of the training
data. Nemotron 3 Nano is released along with this white paper. Super and Ultra releases will follow
in the upcoming months.
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