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Verbatim

the oktoberfest starts in september
uh meet me at teresa's visa at six thirty

Written form

The Oktoberfest starts in September.
Meet me at Teresa's Visa at 6:30.

Context [Marienplatz, Theresienwiese, …]

The Oktoberfest starts in September.
Meet me at Theresienwiese at 6:30.

Speaker-attributed

The Oktoberfest starts in September.
Meet me at Teresa's Visa at 6:30.

Rich events & styles

The Oktoberfest starts in September.
Meet me at Teresa's Visa at 6:30.

Translation German

Das Oktoberfest beginnt im September.
Treffen wir uns um 18:30 bei Teresa's Visa.

Meet
3.1
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3.3

at
3.4

Theresienwiese
3.6

at
4.7

6:30.
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+
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Abstract.
There is no single correct transcript of a recording: what counts as correct depends on who reads it and
for what purpose, e.g., numbers in spoken or written form, verbatim or cleaned-up wording, or the script of
code-switched speech. Conventional speech recognition systems fix one convention at training time, whereas
speech-augmented language models (SALMs), which combine a speech encoder with a large language model
(LLM), can be steered with natural language instructions. We present Nemotron 3.5 Transcribe, a SALM for
such intelligent transcription. It couples a Transformer speech encoder and a frozen Nemotron 3 Diarization
model with Nemotron 3.5 Lightning 30B-A3B, a hybrid Mamba–Transformer mixture-of-experts LLM, with
approximately 4.3B active parameters. A single model performs verbatim, written-form, contextual, speaker-
attributed, and rich transcription, speech translation, and spoken language identification in 40 languages, and
returns speaker-attributed word-level timestamps on request. It also understands speech, sound, and music
in support of transcription, but it is not a general-purpose assistant. We train it with a single supervised
fine-tuning stage, followed by a short reinforcement learning stage. Nemotron 3.5 Transcribe achieves state-of-
the-art accuracy on speaker-attributed ASR for overlapping multi-speaker speech and, to our knowledge, is the
first SALM to outperform specialized cascaded systems on this task. It reaches a mean word error rate (WER)
of 4.71% on the English and 4.62% on the multilingual Open ASR Leaderboard, the best among open-weights
models, and given a list of expected entities, it reduces named-entity errors on ContextASR-Bench six-fold.
We release the model in BF16, FP8, NVFP4, and GGUF versions under the OpenMDW-1.1 license, with a
fine-tuning toolkit and agent skills in NeMo Speech.

© 2026 NVIDIA. All rights reserved.
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1. Introduction

Over the past few years, the state of the art in automatic speech recognition (ASR) has been
driven by attention encoder-decoder (AED) and transducer models trained on large multilingual
corpora, such as Whisper (Radford et al., 2023), Canary (Puvvada et al., 2024; Sekoyan et al.,
2025), and Parakeet (Sekoyan et al., 2025). In parallel, speech-augmented language models (SALMs)
(Chen et al., 2024a,b; Peng et al., 2025) extended a pretrained large language model (LLM) with a
speech encoder, and recently started to match or outperform dedicated systems on the Open ASR
Leaderboard (Srivastav et al., 2026; NVIDIA, 2025a). The appeal of SALMs goes beyond accuracy:
the LLM decoder makes transcription promptable, so a user can describe the desired output format,
supply domain vocabulary, or ask for a translation instead of a transcript, all with a single model.

In practice, this flexibility is rarely exploited to its full extent. Most speech LLMs are trained either
for a single transcription task, or for a broad set of audio understanding tasks at the expense of
transcription quality. Transcription itself is also more than a single task. Real-world deployments
require verbatim or written-form output depending on the downstream consumer, recognition of
rare entities such as names, product codes, or e-mail addresses, attribution of words to speakers in
meetings and calls, and robust handling of hour-long recordings, code-switching, and non-speech
audio. Supporting all of these in a single model is a data and training problem as much as a modeling
one: each capability competes for the same training budget, and the mixture determines which
capabilities survive.

In this work, we present Nemotron 3.5 Transcribe (released as Nemotron-3.5-Transcribe-30B-A4B),
a speech LLM for intelligent transcription, built on Nemotron 3.5 Lightning 30B-A3B (NVIDIA,
2025f,e), a hybrid Mamba–Transformer mixture-of-experts (MoE) model. Figure 1 illustrates the
range of tasks it performs. By intelligent transcription, we mean state-of-the-art accuracy on
established ASR benchmarks, combined with output that follows natural language instructions about
its form, vocabulary, and speakers, including for long, multi-speaker, and multilingual recordings.
The model also answers questions about speech, sound, and music and responds to spoken requests.
We include these capabilities because we expect them to support transcription, e.g., by helping
the model follow instructions, use context, and handle non-speech audio, but they are not goals
in themselves, and we do not optimize the model to compete with general-purpose omni models
on them. Preserving the full text-only capabilities of the underlying LLM is explicitly not a goal.
Nemotron 3.5 Transcribe should therefore be treated as a specialized model for transcription rather
than as a general-purpose assistant.

The model pairs the LLM with a Parallel Expert Encoder that fuses a trainable ASR encoder with
a frozen speaker diarization model. We train it with supervised fine-tuning on a large multi-task
mixture, in which each ASR example can be used with one of many task instructions, followed by a
short reinforcement learning stage that optimizes transcription accuracy.

Our contributions are as follows:

1. We introduce Nemotron 3.5 Transcribe, a single model for verbatim, written-form, contextual,
multi-speaker, and rich transcription, speech translation, and language identification, transcribing
40 languages, with word-level speaker-attributed timestamps from a lightweight CTC alignment
adapter.

2. We describe a Parallel Expert Encoder that injects speaker activity from a frozen diarization
model into the ASR representations, which enables speaker-attributed transcription with serialized
output training (SOT) (Kanda et al., 2020) without architectural changes to the LLM.

3. We describe the training data mixture and the sampling strategy used to balance supervision
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Verbatim transcription

USER • audio
Audio transcription. Language: as
spoken. Wording: verbatim, including
fillers and repetitions. Formatting:
punctuation and capitalization.
Output: transcript only.

ASSISTANT
So, uh, we we shipped the new
version last week.

Contextual biasing

USER • audio
This audio belongs to the Finance
field and may contain the following
words or phrases: EBITDA,
Nemotron, Q3. Transcribe the
English audio into text. . .

ASSISTANT
Q3 EBITDA came in ahead of our
Nemotron guidance.

Written form

USER • audio
Transcribe the audio in written form:
render numbers, currencies, and dates
using digits and symbols.

ASSISTANT
The call is on March 3 at 2:30 PM
and costs $45.

Speaker-attributed

USER • audio
Transcribe this audio. . . Start every
speaker turn with a speaker tag such
as <spk:0>, <spk:1>, <spk:2>,
etc.; assign one stable tag per
speaker. . .

ASSISTANT
<spk:0> so what did you think
<spk:1> um i think it went well
<spk:0> yeah

Rich transcription

USER • audio
Transcribe this audio with
punctuation and capitalization. . .
Use <ev:*> and <sty:*> special
tokens to recognize all non-speech
verbatims and speaking style.

ASSISTANT
wrong words <ev:breath>
<sty:stt:positive_affect> yes
<sty:end:positive_affect>

Speech translation

USER • audio
Please translate the given speech to
English.

ASSISTANT
The meeting has been moved to
Thursday morning.

Figure 1 | A single Nemotron 3.5 Transcribe checkpoint performs a variety of transcription tasks
selected with a natural language instruction. The instructions shown are those used in our evaluation
(Appendix A) or in training, abbreviated with “. . . ”; the assistant turns are illustrative of the output
format and are not model samples. Audio is inserted into the user turn as encoder embeddings.

across tasks, languages, and data sources, together with an indexed, exactly resumable data
loader.

4. We show that joint multi-token prediction (MTP) training enables speculative decoding with
the model’s own MTP layer in vLLM (Kwon et al., 2023), and we provide a separately trained
lightweight draft model based on DFlash2 (Chen et al., 2026a; Inco AI, 2026) as an alternative.

5. We evaluate the model on a broad set of benchmarks for transcription, translation, and language
identification, as well as for audio understanding and voice instruction following, and list the
exact instructions we used as practical recommendations for prompting.

6. We release a fine-tuning toolkit in NeMo Speech and show on 17 tasks that the model can be
adapted to new languages, domains, and tasks on a single GB300 GPU, typically within 0.5–2.3
GPU-hours per task, and in some cases with only minutes of audio.

7. We release the model checkpoint and the training recipe.

The remainder of this report is organized as follows. Section 2 describes the model architecture,
Section 3 the training data and procedure, Section 4 the evaluation results, and Section 5 concludes.
Practical guidance on prompting and fine-tuning is given in Appendices A and B.

2. Model Architecture

Nemotron 3.5 Transcribe follows the SALM design (Chen et al., 2024a; NVIDIA, 2025a): a speech
encoder converts audio into a sequence of embeddings, which are inserted into the prompt of a
decoder-only LLM in place of an audio placeholder token, and the LLM generates the response
autoregressively. Figure 2 shows the overview. We depart from earlier SALMs in four places: the
encoder is a Parallel Expert Encoder that combines an ASR encoder with a speaker diarization

5
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Audio, 16 kHz

Log-mel features (128 bins, 10 ms hop)
split into independent 30 s chunks

ASR branch
Transformer encoder

32 layers, 𝑑=1280, RoPE
8× frame stacking
80 ms per frame

Diarization
Sortformer

8 speaker slots
(frozen)

Speaker kernel
sinusoidal 8 × 1280+

Linear projection 1280 → 2688

Parallel Expert Encoder

CTC timestamp
adapter

2-layer Transformer
+ CTC output layer

50M parameters

word-level
timestamps user Transcribe ... assistant 𝑦1:𝑡

<|audio|> embeddings

Nemotron 3.5 Lightning 30B-A3B

Mamba-2
×23

MoE
×23

Attention
×6

hybrid, interleaved (Fig. 3)

128 routed experts, top-6, 1 shared

LM head
→ 𝑦𝑡+1

MTP module (shared layer)
→ 𝑦𝑡+2, 𝑦𝑡+3

generated transcript, force-aligned after decoding

trained frozen applied after generation

Figure 2 | Overview of Nemotron 3.5 Transcribe. Log-mel features of each 30-second audio chunk
are processed by two branches of the Parallel Expert Encoder: a trainable Transformer ASR encoder
and a frozen Sortformer diarization model. Per-frame speaker activities are mapped through a fixed
sinusoidal kernel and added to the ASR representations, which are then projected to the LLM width
and spliced into the prompt at the position of the <|audio|> token. The LLM predicts the next
token with its native head and two further tokens with a shared MTP layer, which also serves as the
draft model at inference time. After decoding, a CTC timestamp adapter on the ASR encoder output
force-aligns the generated transcript to the audio to produce word-level timestamps (Section 2.5).

model (Section 2.1); the LLM is a hybrid Mamba–Transformer MoE (Section 2.3); the model is
trained jointly with multi-token prediction, which doubles as a draft model for speculative decoding
(Section 2.4); and a lightweight CTC adapter aligns the generated transcript to the audio to produce
word timestamps (Section 2.5). Table 1 summarizes the configuration.

2.1. Parallel Expert Encoder

ASR branch. The ASR branch is a Transformer encoder with 32 layers, model dimension 1280,
10 attention heads, and a feed-forward expansion factor of 4, using rotary position embeddings and
query-key normalization. It operates on 128-bin log-mel features of 16 kHz audio computed with a
10 ms hop, which are subsampled 8× by frame stacking, so that each output frame covers 80 ms of
audio. The branch has approximately 0.6B parameters and is initialized from a multilingual ASR
encoder pretrained as a token and duration transducer (TDT) on Granary-v2 (Granary-v2 Team,
2026) (Section 3.1).

Diarization branch. In parallel, the Nemotron 3 Diarization model, a streaming Sortformer
speaker diarization model (Park et al., 2025) with approximately 100M parameters, estimates
per-frame activity probabilities for up to eight speakers. We binarize the activities at a threshold of
0.5, normalize them, and project them through a fixed sinusoidal kernel of size 8 × 1280 to obtain a
speaker embedding for every encoder frame, which is added to the normalized ASR representations.
The diarization branch stays frozen throughout training; when reference speaker segmentation is
available for a training example, it replaces the diarizer’s predictions. In effect, the LLM receives
acoustic representations that are already tagged with “who spoke when”, and has to learn to translate

6



Nemotron 3.5 Transcribe Technical Report

Table 1 | Configuration of Nemotron 3.5 Transcribe. Parameter counts are approximate.

Component Property Value

ASR encoder

Architecture Transformer, RoPE, QK-norm
Layers / width / heads 32 / 1280 / 10
Input / frame rate 128 log-mel / 80 ms
Parameters 0.6B

Diarization Model Nemotron 3 Diarization (Sortformer), frozen
Speakers / parameters 8 / 0.1B

Adapter Projection Linear, 1280 → 2688

LLM

Model Nemotron 3.5 Lightning 30B-A3B
Layers 52 (23 Mamba-2, 23 MoE, 6 attention)
MoE 128 experts, top-6, 1 shared
Attention 32 query / 2 KV heads
Parameters (total / active) 31.6B / 3.5B

MTP Depths / layers 2 / 1 shared (attention + MoE)
Parameters 1.3B

Timestamps CTC adapter 2-layer Transformer, 50M

Model
Parameters (total / active) 34B / 4.3B
Max. recording length (training) 1 hour
Max. sequence length (training) 65,536 tokens

these tags into speaker labels in the output (Section 3.1). Since the diarization model also processes
30-second chunks, its speaker indices are local to a chunk, and the LLM is responsible for keeping
the speaker labels consistent across a long recording. This design keeps the speaker information
available to the LLM without modifying its architecture or its input sequence length.

Chunked encoding. Both branches process the input in independent 30-second chunks (375
output frames each), with no attention across chunk boundaries. Chunks from all examples in a
mini-batch are packed into a single sequence with variable-length attention, so that the encoder
memory cost grows linearly with the total audio duration and no compute is spent on padding. The
encoder outputs of consecutive chunks are concatenated before entering the LLM, which handles
the long-range dependencies. The chunking is an internal processing choice: it does not limit the
recording length, which is bounded only by the LLM context. The model is trained on recordings of
up to one hour, which corresponds to 45,000 audio embeddings, and with sequences of up to 65,536
tokens. The chunking is not needed to save memory: with FlashAttention (Dao et al., 2022; Dao,
2024), attention over the full recording would also need memory linear in its length. We chunk for
two other reasons: it reduces the attention compute of the encoder from quadratic to linear in the
recording length, and the diarization model was trained on short contexts only.

2.2. Modality Adapter

The encoder outputs are mapped to the LLM embedding space with a single linear projection from
1280 to 2688 dimensions, without any additional adapter layers. The prompt contains one <|audio|>
placeholder token per audio input, which is replaced with the projected encoder frames during the
forward pass. Thus, one second of audio corresponds to 12.5 LLM input positions.

7
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MTP1 52

Mamba-2 ×23 MoE FFN ×23 Attention (GQA) ×6

Figure 3 | Layer pattern of the Nemotron 3.5 Lightning 30B-A3B backbone. Attention layers make
up fewer than 12% of the layers, which keeps the KV cache small for long audio prompts. The
dashed block is the MTP module (Section 2.4).

2.3. Language Model Backbone

The LLM is Nemotron 3.5 Lightning 30B-A3B, a member of the Nemotron family of hybrid Mamba–
Transformer MoE models (NVIDIA, 2025f,e). It consists of 52 layers: 23 Mamba-2 (Gu and Dao,
2024) layers, 23 MoE feed-forward layers, and only 6 grouped-query attention layers (Fig. 3). Each
MoE layer has 128 routed experts with top-6 routing and one shared expert, which results in
approximately 3.5B active parameters per token out of approximately 31.6B total. Together with
the remaining components (the ASR encoder, the diarization model, the modality adapter, and
the CTC adapter; approximately 0.8B parameters), Nemotron 3.5 Transcribe has approximately
4.3B active parameters, hence the model name Nemotron-3.5-Transcribe-30B-A4B. With the MTP
module (approximately 1.3B parameters), the checkpoint contains approximately 34B parameters in
total. The small number of attention layers keeps the key-value cache small, which is particularly
important for transcription of long recordings.

2.4. Multi-Token Prediction

We train the model jointly with a multi-token prediction (MTP) objective (Gloeckle et al., 2024;
DeepSeek-AI, 2024). The MTP module consists of one attention block and one MoE block, reused
across two prediction depths with shared parameters. During training, the first depth combines
the backbone’s hidden state at position 𝑡 with the ground-truth token embedding at position 𝑡 + 1
to predict the token at 𝑡 + 2. The second depth takes the first depth’s output hidden state and
the ground-truth token embedding at 𝑡 + 2 to predict the token at 𝑡 + 3. Both depths share the
backbone’s language-model output head. The MTP loss is averaged across the two depths and added
to the main cross-entropy loss with a weight of 0.1. At inference time, the MTP module serves as
a draft model for speculative decoding (Section 4.1), conditioning on generated tokens instead of
ground-truth tokens. Since the module is shared between depths, it can be applied more than twice
at inference time to propose more draft tokens.

2.5. Word Timestamps

The released checkpoint includes a connectionist temporal classification (CTC) adapter that aligns
the generated transcript to the audio without modifying the generated text. The adapter reuses the
1,280-dimensional representations of the ASR encoder, without a separate speech encoder. A learned
one-dimensional transposed convolution with kernel size and stride of two upsamples the encoder
output from 80 ms to 40 ms frame intervals. Two pre-normalized Transformer layers, each with 16
attention heads, a hidden dimension of 1,280, and a feed-forward dimension of 640, process these
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representations, using rotary positional embeddings and query/key normalization; an additional
residual connection, scaled by 0.1, bypasses the two-layer stack. A pointwise projection produces
probabilities over a dedicated multilingual SentencePiece BPE vocabulary of 23,862 tokens, which
includes special tokens for speakers, non-verbal events, and speaking styles, plus the CTC blank
symbol. The adapter has approximately 50.25M parameters: 3.28M in the upsampling convolution,
16.41M in the Transformer layers and their normalization layers, and 30.57M in the output projection.

After text generation, CTC forced alignment uses max-sum dynamic programming (DP) and
backtracing to obtain token alignments, which are aggregated into word timestamps. The transcript’s
speaker tags and the diarization model’s speaker-activity timestamps organize alignment into
speaker-specific DP matrices. Diarization segment boundaries further refine word onsets and offsets,
particularly for the first and last words of each speech segment. The resulting output is a word-level,
speaker-attributed transcript with timestamps and a mapping between transcript speaker tags and
diarization speakers.

2.6. Prompt Format

The model uses the chat template of the Nemotron 3.5 LLM. Each turn is delimited by
<|im_start|>role and <|im_end|> tokens, and an empty system turn is inserted when no system
prompt is given. With reasoning disabled, which is the default for transcription, the assistant turn
begins with an empty reasoning block <think></think> and the model answers directly; with
reasoning enabled, the model first generates a reasoning trace inside this block (Section 4.1). A
typical transcription request looks as follows:
<|im_start|>system
<|im_end|>
<|im_start|>user
Audio transcription. Language: as spoken. Wording: verbatim, including fillers and

repetitions. Formatting: punctuation and capitalization. Output: transcript only.<|
audio|><|im_end|>

<|im_start|>assistant
<think></think>So, uh, we we shipped the new version last week.<|im_end|>

Speaker labels (<spk:0> to <spk:7>) and the rich transcription tags (Appendix F) are dedicated
tokens occupying previously unused slots in the LLM tokenizer.

2.7. Quantized Checkpoints

In addition to the BF16 checkpoint, we release FP8 and NVFP4 checkpoints, which we obtain with
post-training quantization in NVIDIA Model Optimizer (NVIDIA, 2026a). The FP8 checkpoint
targets GPUs with FP8 support (Ada Lovelace, Hopper, and Blackwell; Table 17):

• In the LLM and the MTP module, every linear layer has FP8 (E4M3) weights with one scale per
tensor, and its input is quantized to FP8 with a static per-tensor scale. The embeddings, the
output head, the convolutions of the Mamba layers, and the routers of the MoE layers stay in
BF16. The scales of the LLM were calibrated on 128 text sequences of up to 512 tokens; those of
the MTP module on its inputs while it drafts tokens for 512 held-out English utterances.

• The KV cache of the attention layers is stored in FP8, with static scales from the same calibration.
• In the ASR encoder, the attention and feed-forward projections of all 32 layers (128 linear layers)

are quantized in the same way, with input scales derived from the maximum activations on the
same 512 utterances and a safety margin of 1.5. The subsampling layer, the diarization model,
the modality adapter, and the CTC timestamp adapter stay in BF16.
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This halves the size of the checkpoint, from 67.5 GB to about 35 GB. The NVFP4 checkpoint, for
Blackwell GPUs, mixes precisions: the attention projections and the routed and shared experts
of the LLM use NVFP4, i.e., 4-bit floating-point weights and activations with one FP8 scale per
block of 16 values and one FP32 scale per tensor, whereas the projections of the Mamba layers, the
MTP module, and the ASR encoder use FP8 as above. Its KV cache is stored in FP8 at serving
time, without calibrated scales. The NVFP4 checkpoint occupies about 21 GB. Both checkpoints are
served with the same vLLM plugin as the BF16 checkpoint and support all speculative decoding
modes (Section 4.1). We evaluate the accuracy of both checkpoints in Section 4.12 and their speed
in Section 4.13.

3. Training

Figure 4 summarizes how Nemotron 3.5 Transcribe is trained. Starting from a pretrained LLM
and pretrained speech encoders, we first train the model with supervised fine-tuning (SFT) on a
large multi-task mixture, and then apply a short reinforcement learning (RL) stage that optimizes
transcription accuracy directly. We do not use a separate modality alignment stage with a frozen
LLM: all components except the diarization model are trained jointly from the first step. Finally, we
train two optional inference components on top of the frozen model: the CTC timestamp adapter
for word timestamps (Section 3.4) and a draft model for speculative decoding (Section 3.5).

3.1. Training Data

Granary-v2 is a multilingual speech dataset and a reusable data curation and labeling system
(Granary-v2 Team, 2026). We use its pipeline to generate or improve transcripts and derive
supervision for ASR on short and long recordings, text normalization, disfluency control, contextual
ASR, code-switched transcription, speech question answering (SpeechQA), speech captioning, spoken
language identification, and speech translation. The standalone Granary-v2 report describes the
pipeline and public dataset in detail. The public release contains the shareable portion of the data
curated with this pipeline; the full training mixture also includes private multilingual speech data
and the additional task-specific sources described below.

Figure 5 shows the probability of sampling a training example from each data source. Four sampling
groups account for more than 95% of the examples: Granary-v2 pseudo-labeled data, Granary-v2
human-label-improvement data, Granary-v2 speech translation, and internal multilingual speech
data. Granary-v2 also supplies long-form ASR, Indian English, and language identification examples
in separate sampling groups. Granary-v2 extends the original Granary corpus (Koluguri et al., 2025).
The remaining sources each provide a specific capability, such as multi-speaker transcription or
audio understanding, and are sampled with probabilities between 0.01% and 3%. The speech data
covers 77 languages. 41 of them have at least 370 hours of distinct audio each (Table 2), and we
support 40 of these for transcription: the training data for Norwegian did not yield usable quality
(Appendix C). For four languages, this includes regional variants: English from the United States,
India, and the United Kingdom; Spanish from the United States and Spain; French from France
and Canada; and Portuguese from Portugal and Brazil. English accounts for 36% of the audio seen
during training, the next eight languages for 2.5–7% each, and the remaining 32 for less than 2.5%
each. The other 36 languages appear with about 300 hours in total and are not officially supported.
In addition, we used 0.35 million hours of audio without a language label, mostly from audio and
speech understanding sources, which make up 5.6% of the audio seen during training. Table 3 shows
the distribution over task categories: transcription without and with context makes up over 70% of
the examples, and speech translation 17%.
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Initialization Data preparation Supervised fine-tuning Reinforcement learning

• Nemotron 3.5
Lightning 30B-A3B
• Parallel Expert
Encoder: ASR branch
and frozen Sortformer
• one MTP layer,
reused for 2 depths

• multi-task mixture
• a random task
per example, e.g.,
contextual ASR
• indexed data for 𝑂(1)
random access

• 28.5k steps, 256
H100 GPUs
• 65,536 tokens per
GPU, packed
• CE + MTP + MoE
balance loss

• GSPO, 400 steps
• reward: 1 − WER
• 20k selected
transcription prompts

Figure 4 | Training pipeline of Nemotron 3.5 Transcribe. Supervised fine-tuning trains the ASR
encoder, the projection, the full LLM including the MoE routers, and the MTP module jointly on a
multi-task mixture; reinforcement learning then optimizes transcription accuracy with a word error
rate reward.
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Figure 5 | Sampling probability of each data source at the end of supervised fine-tuning (log scale).
The main Granary-v2 groups (pseudo-labeled data, human-label-improvement data, and speech
translation) and internal speech data make up more than 95% of the examples. Granary-v2 long-form
ASR, Indian English, and language identification are separate sampling groups. The pseudo-labeled,
human-label-improvement, and internal speech groups supply multiple tasks, including Contextual
ASR, SpeechQA, and captioning. The separate Contextual ASR group with long prompts uses other
data. Each capability-specific source is sampled with a probability between 0.01% and 3%. Examples
from the capability-specific sources tend to have longer targets (e.g., speaker-tagged transcripts of
long recordings), so their share of the supervised tokens is larger than their share of the examples.

Up to the SFT checkpoint used for the released model, the model saw approximately 1.78 billion
audio examples with 6.5 million hours of audio. They were drawn from 372 million distinct examples
with 1.7 million hours of audio, i.e., each example is seen about five times on average; audio shared
by examples of different tasks, such as the transcription and the translation of the same recording,
is counted once per example. In terms of tokens, the model processes 479B multimodal tokens:
approximately 294B audio embeddings and 185B text tokens, which include the instructions and
responses of the speech examples. Only 5.6B text tokens come from text-only training data. These
numbers are estimated from the sampler state of the checkpoint.
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Table 2 | Languages of the training audio up to the SFT checkpoint used for the released model.
Unique: hours of distinct training examples seen at least once (thousands; audio shared by examples
of different tasks is counted for each example). Share: percentage of all audio hours seen during
training, including repetitions. Estimated from the sampler state of the checkpoint.

Language Unique (kh) Share (%) Language Unique (kh) Share (%)
English 474.5 35.67 Thai 14.4 1.01
Spanish 99.1 6.56 Lithuanian 13.6 0.64
French 90.6 6.61 Danish 13.4 0.64
Portuguese 67.9 4.58 Latvian 12.0 0.57
German 67.0 4.35 Estonian 10.1 0.49
Japanese 60.4 6.38 Slovak 9.8 0.48
Italian 57.2 3.63 Slovenian 7.7 0.41
Russian 53.9 3.72 Vietnamese 7.7 0.57
Hindi 37.3 2.56 Croatian 6.9 0.37
Dutch 26.6 1.47 Maltese 6.1 0.32
Polish 24.8 1.13 Hebrew 5.4 0.55
Chinese (Mandarin) 23.2 1.63 Turkish 4.2 0.21
Korean 22.9 1.77 Tamil 3.6 0.36
Czech 21.9 0.97 Bengali 1.7 0.19
Romanian 19.2 0.85 Ukrainian 1.5 0.12
Hungarian 18.4 0.85 Telugu 0.53 0.046
Bulgarian 18.4 0.81 Indonesian 0.51 0.053
Greek 17.4 0.79 Norwegian 0.45 0.023
Swedish 16.9 0.78 Filipino 0.40 0.037
Arabic 16.4 1.37 Marathi 0.37 0.042
Finnish 14.8 0.69
36 other languages 0.31 0.048
No language label (mostly audio understanding) 349.1 5.63
Total 1,718.5 100.00

One example, many tasks. Examples from Granary-v2, our internal multilingual speech data,
and the human-transcribed multilingual data provide alternative instructions and targets for multiple
tasks. Depending on the available labels, these include verbatim transcription with punctuation and
capitalization, written-form transcription (e.g., numbers written as digits), written-form transcription
with disfluencies removed, code-switched transcription, five variants of Contextual ASR, spoken
question answering, and audio captioning. Context and translation labels are generated for selected
high-quality records. Each time an example is drawn, one of its available tasks is selected at random
with the probabilities shown in Fig. 6. This turns the large ASR corpora into a multi-task corpus
without duplicating any audio, and exposes the model to many phrasings of each instruction.

Contextual ASR. The Granary-v2 pipeline generates Contextual ASR labels (Granary-v2 Team,
2026). In Contextual ASR examples, the instruction contains a list of words or phrases that may
occur in the audio, optionally with a description of the domain. We use five variants: fine context
lists the entities that occur in the transcript; coarse context provides only a domain label; partial
context lists only some of the occurring entities; distractor context mixes occurring entities with
similar-sounding or related ones that are not spoken; and negative context lists only entities that do
not occur. The last two variants matter in practice, since users typically provide a vocabulary for a
whole session, most of which is absent from any given utterance. Contextual ASR data with long
lists of terms, for single- and multi-speaker recordings, comes from separate sources and enters the
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Table 3 | Task categories of the training audio up to the SFT checkpoint used for the released model:
examples seen (millions, including repetitions), their share, audio hours seen (thousands, including
repetitions), and hours of distinct examples (thousands). Text-only data is excluded.

Task category Examples (M) Share (%) Hours (kh) Unique (kh)
ASR and text normalization 997.6 56.0 3,121 725.9
Speech translation 310.4 17.4 792 178.9
Contextual ASR 276.0 15.5 674 148.2
Speech question answering 90.1 5.1 757 92.5
Speech captioning and summaries 75.8 4.3 221 53.9
Sound and music understanding 17.5 1.0 349 346.8
Speaker-attributed ASR 7.2 0.4 584 169.6
Language identification 5.3 0.3 16 1.4
PII-aware ASR 0.2 <0.1 15 1.3
Total 1,780.0 100.0 6,528 1,718.5

0 5 10 15 20 25 30
Share of Granary-v2 / internal speech examples (%)

Verbatim ASR (punctuated, cased)

Written-form ASR (ITN)

Code-switched transcription

Written-form, disfluencies removed

Context: fine

Context: distractor

Context: coarse

Context: partial

Context: negative

Spoken QA

Audio captioning
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9.5%

8.0%

7.5%

18.0%

7.0%

5.0%

5.0%

5.0%
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Transcription style
Contextual ASR
Understanding

Figure 6 | Probability of selecting each task when an example is drawn from the main Granary-v2
and internal speech sources. These sources provide both transcription and speech understanding
supervision; Granary-v2 speech translation is sampled as a separate group in Fig. 5. Contextual
ASR accounts for 40% of these examples; the negative and distractor variants teach the model to
ignore listed terms that are not spoken.

mixture only at step 25,500 of the 28,500 training steps (see Changes to the mixture during training
below). It forms the separate long-prompt group in Fig. 5.

Multi-speaker transcription. For speaker-attributed transcription, we use serialized output
training (SOT) (Kanda et al., 2020): the target is a single transcript in which every speaker turn
starts with a speaker tag <spk:𝑘>, and each speaker keeps the same tag throughout the recording.
The data includes conversational and meeting recordings, such as Fisher (Cieri et al., 2004), AMI
(Carletta et al., 2006), ICSI (Janin et al., 2003), DiPCo (Van Segbroeck et al., 2020), AISHELL-4 (Fu
et al., 2021), and AliMeeting (Yu et al., 2022), as well as simulated mixtures based on Multilingual
LibriSpeech (Pratap et al., 2020), with segments ranging from a few seconds to full sessions and up
to eight speakers. A variant of the task also predicts the start and end time of each turn.
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Rich transcription. For rich transcription, the targets contain inline tags for ten types of non-
verbal events (e.g., <ev:laughter>, <ev:breath>) and paired start and end tags for eleven speaking
styles (e.g., <sty:stt:positive_affect> . . . <sty:end:positive_affect>), annotated on 2.3k
hours of speech. The full list of tags is given in Appendix F, and the corresponding instruction in
Appendix A. We release this capability without a quantitative evaluation in this report.

Speech translation. Granary-v2 also provides speech translation supervision between English
and other languages, in both directions. These examples form the Granary-v2 speech translation
group in Fig. 5.

Other Granary-v2 groups. Granary-v2 also provides ASR training examples with recordings
much longer than the 30-second encoder chunks, and Indian-accented English training data. It
also provides language identification data for 48 languages, with 100 different instruction phrasings.
Long-form ASR, Indian English, and language identification form separate Granary-v2 sampling
groups in Fig. 5.

Other capabilities. Additional training data supports the following behaviors:

• Script control: romanized Hindi on request, and Latin-script output for Indian-accented English
from Granary-v2.

• Audio understanding: non-transcription, filtered subset of Nemotron 3 Nano Omni (NVIDIA,
2026b) training data, covering questions and reasoning about speech, sound, and music.

• PII tagging: transcripts in which personally identifiable information is replaced with typed tags,
such as <email> (see Appendix D for a small probe of this capability).

• Text-only instruction data at a very small rate (0.07% of the examples), which mainly supports
general instruction following; enough to preserve some, but not full, text-only capabilities of the
LLM.

Mixture weights. A natural way to balance a speech mixture is by hours or by number of
examples. For a model trained on many tasks, both are misleading: what drives learning is the
number of supervised (answer) tokens, which varies by orders of magnitude across tasks, from a
single language label to a speaker-tagged transcript of an hour-long meeting. We therefore derived
the initial mixture weights from the answer-token mass of each source, measured with the actual
prompt formatting on a sample of 4,096 examples per source, and applied temperature sampling with
𝑇 = 0.5 at every level of the blend hierarchy (sources, then datasets within a source). This keeps the
distribution of the supervision stable throughout training across tasks, languages, and datasets, in
the spirit of our earlier work on multimodal data sampling (Żelasko et al., 2025a). We then adjusted
a few weights manually, e.g., the audio understanding and text-only sources were down-weighted to
favor transcription tasks. Translation data was sampled at only 75% of its size-appropriate weight.
Within it, the subset translating into English was capped at 20% (down from about 80%), since
early checkpoints tended to spuriously translate multilingual ASR data.

Changes to the mixture during training. We changed the mixture at a few points during
training. Non-speech audio with empty targets was used only during the first half of training (up to
step 15,000). Late in training, we found that part of this data was poorly filtered and contained
speech, which caused rare empty transcripts of actual speech. Additional multi-speaker data were
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added at step 16,500. At step 25,500, we added four sources, taking their share from the translation
data: Contextual ASR data with long term lists, for single- and multi-speaker recordings; additional
multi-speaker data; and more high-quality human-transcribed speech in 19 languages.

Data loading. All data is read with Lhotse (Żelasko et al., 2021). Each dataset is stored in
a JSONL manifest, most with accompanying WebDataset tar shards of audio files. All data is
indexed for random access to individual examples, and the per-example indexes are gathered into
a few memory-mapped index files, one per data group. This makes the data loader stateful and
exactly resumable: a training job that restarts after an interruption continues with the next unseen
example, rather than re-sampling the mixture from scratch, which keeps the realized mixture close
to the intended one over many restarts. Instead of the duration bucketing used in our earlier work
on encoder-decoder models (Żelasko et al., 2025b), we pack variable-length examples into packed
sequences with a fixed budget of 65,536 tokens per GPU, so that almost no compute is spent on
padding, in the encoder and in the LLM alike.

3.2. Supervised Fine-Tuning

Objective. We train with the cross-entropy loss on all assistant turns, including the end-of-turn
token; system and user turns, including the audio embeddings, are excluded from the loss. The loss
is summed over tokens and normalized by the total number of supervised tokens across all GPUs, so
that every supervised token has the same weight regardless of how examples are packed. We add the
MTP loss with a weight of 0.1 (Section 2.4) and an MoE load-balancing loss with a weight of 10−4.

Optimization. Table 4 lists the hyperparameters. We train all parameters except the diarization
model and the feature extractor, including the MoE router weights, with AdamW, a peak learning
rate of 9 × 10−5, 500 warmup steps, and cosine decay over 30,000 steps. We use the checkpoint
after 28,500 steps for the reinforcement learning stage. We train in BF16, but keep the parameters
that are sensitive to numerical precision in FP32: the state-space parameters of the Mamba layers
(𝐴, 𝐷, and the time-step bias) and the correction biases of the MoE routers. We also keep FP32
master weights in the fused AdamW optimizer of Transformer Engine; together, these choices made
convergence much more stable.

Infrastructure. We implement the model in the speechlm2 collection of NeMo (Kuchaiev et al.,
2019), using NeMo Automodel for the LLM. Training runs on 32 nodes with 8 NVIDIA H100 GPUs
each, with 8-way expert parallelism and fully sharded data parallelism (FSDP2), Transformer Engine
(NVIDIA, 2026d) kernels, grouped GEMM for the experts, DeepEP (DeepSeek-AI, 2025) for token
dispatch, and activation checkpointing. The training consists of many consecutive jobs, each of
which restores the full training state, including the state of the data loader.

3.3. Reinforcement Learning

Starting from the SFT checkpoint after 28,500 steps, we apply a short reinforcement learning stage
that optimizes transcription accuracy directly, using Group Sequence Policy Optimization (GSPO)
(Zheng et al., 2025) as implemented in NeMo-RL (NVIDIA, 2025b).

Data selection. We mine a compact training set from a pool of approximately 239k candidate
recordings drawn from training sources, including conversational and read English, Indian-accented
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Table 4 | Supervised fine-tuning hyperparameters.

Hyperparameter Value
Optimizer AdamW (𝛽1=0.9, 𝛽2=0.999, 𝜖=10−8)
Weight decay 0.05
Peak / final learning rate 9 × 10−5 / 7.5 × 10−7

Schedule 500 warmup steps, cosine decay over 30,000 steps
Steps used 28,500
Gradient clipping 1.0
Tokens per GPU 65,536 (packed)
GPUs 256 × H100
Loss weights CE 1.0, MTP 0.1, MoE balance 10−4

Parallelism 8-way expert parallelism, FSDP2
Precision BF16; Mamba state-space and router bias parameters in FP32

English, multilingual ASR, speaker-attributed transcription, and non-speech audio. We sample 16–64
responses per candidate and retain examples with an accurate or near accurate, completed transcript
and a substantially worse alternative, measured by WER or by CER for Mandarin. Negative
examples can include insertion-heavy or repetitive outputs, including those reaching the output cap
when the error contrast is sufficiently strong. Non-speech examples require an empty normalized
positive response.

The resulting 20,000 examples comprise 19,709 ordinary ASR, 201 speaker-attributed, and 90 non-
speech examples. English accounts for 59.02% of all examples, including Indian-accented speech;
the largest remaining groups are Hindi (1,629), Mandarin (1,627), and Dutch (1,175), followed by
Portuguese, Italian, German, French, and Spanish, with additional Thai and Korean examples.
Sources, languages, and instructions are interleaved in a fixed order, with soft composition targets
rather than exact quotas.

We used nine user prompts in total: eight variants for ordinary ASR and one for speaker-attributed
transcription, aligned with the task instructions used during evaluation. All examples used an empty
system message, with the user instruction preceding the audio. Each example retained the same
prompt during data selection and RL training.

Rewards. The reward is 𝑟 = 1 − 𝑒, where 𝑒 is transcript WER, or CER for Mandarin ASR. WER
normalization case-folds text and separates punctuation while preserving Indic combining marks;
Mandarin uses character-level normalization with whitespace adjacent to Han characters removed.
Evaluation uses the benchmark-specific normalization described in Section 4.1. Rewards are not
clipped: insertion-heavy outputs can receive negative values. For an empty reference, 𝑒 is the number
of normalized hypothesis words, so an empty output receives reward 1. Speaker-attributed examples
use WER on the normalized serialized transcript, including speaker-tag tokens, rather than the
permutation-invariant cpWER used for evaluation.

Online sampling and advantages. At each update, we initially offer 40 recording–instruction
pairs and sample 𝐺 = 64 fresh responses per pair from the current policy at temperature 0.8. Groups
with identical rewards are removed, and the first 20 remaining groups in data order are retained,
yielding 1,280 responses per update. If necessary, up to two additional candidate batches are sampled
to fill the update.

For response 𝑖 in a retained group, we subtract the leave-one-out mean reward and divide by the
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sample standard deviation of the full group:

𝐴𝑖 = 𝑟𝑖 − 𝑟−𝑖

𝑠𝑟 + 10−6 , 𝑟−𝑖 = 1
𝐺 − 1

∑︁
𝑗 ̸=𝑖

𝑟𝑗 , 𝑠2
𝑟 = 1

𝐺 − 1

𝐺∑︁
𝑗=1

(𝑟𝑗 − 𝑟)2, (1)

where 𝑟 is the mean of all 𝐺 rewards. The denominator is shared by all responses in the group, rather
than recomputed after leaving each response out. Constant-reward groups have zero advantage.
GSPO uses the length-normalized sequence importance ratio

𝜌𝑖(𝜃) = exp

⎡⎣ 1
𝑇𝑖

𝑇𝑖∑︁
𝑡=1

log 𝜋𝜃(𝑦𝑖,𝑡 | 𝑥, 𝑦𝑖,<𝑡)
𝜋old(𝑦𝑖,𝑡 | 𝑥, 𝑦𝑖,<𝑡)

⎤⎦ , (2)

where 𝑥 is the instruction and audio, 𝑇𝑖 counts valid response tokens, and 𝜋old is the policy before
the update. We optimize the mean clipped surrogate min(𝜌𝑖𝐴𝑖, clip(𝜌𝑖, 0.8, 1.2)𝐴𝑖) over retained
responses. There is no KL penalty, advantage clipping, or auxiliary SFT loss.

Training setup. We run 400 optimizer updates on four eight-GPU nodes. The policy uses
expert parallelism of degree 8, activation checkpointing, and a per-GPU microbatch of one response;
colocated vLLM rollout workers use tensor and expert parallelism of degree 8. We use AdamW with
learning rate 10−6, 𝛽1 = 0.9, 𝛽2 = 0.999, 𝜖 = 10−8, weight decay 0.01, and gradient-norm clipping
at 1.0. The learning rate increases linearly from 10−7 to 10−6 over five warmup updates and then
remains constant. Sampling uses top-𝑝 = 1, no top-𝑘 restriction, a total context limit of 62,464
tokens, and an output ceiling of 17,278 tokens. We disable encoder dropout, SpecAugment, and
MTP during training and rollout generation.

We update 269 tensors containing 1B parameters: the LLM’s Mamba and attention blocks and
their associated normalization parameters, the last two ASR encoder layers, and the audio-to-LLM
projection. These trainable parameters are stored in FP32. The MoE blocks and routers, token
embeddings, language-model output head, MTP module, and remaining encoder parameters are
frozen; frozen weights retain their mixed BF16/FP32 storage.

Effect of RL. Table 5 compares the SFT checkpoint with the final model. Although the objective
is limited to reference-based transcription rewards, reinforcement learning lowers the English and
multilingual ASR error rates, improves code-entity accuracy and number transcription, and reduces
insertions on HALAS. Contextual and style-controlled transcription also improve. Speech translation
and full-session multi-speaker transcription remain approximately unchanged. With reasoning
enabled for both checkpoints, VoiceBench and Spoken-MQA scores improve, while MMAR accuracy
decreases.

3.4. CTC Timestamp Adapter

We train the CTC adapter (Section 2.5) on all single-speaker and multi-speaker ASR training
data with the CTC objective. The pretrained speech encoder is frozen and kept in evaluation
mode during adapter training, and the Transformer layers of the adapter use a dropout of 0.1. We
optimize the adapter parameters using AdamW with a learning rate of 3 × 10−4, weight decay of
0.01, (𝛽1, 𝛽2) = (0.9, 0.95), and an inverse-square-root learning-rate schedule with 2,500 warmup
steps.
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Table 5 | Effect of reinforcement learning: the SFT checkpoint after 28,500 steps and the final
model. All scores are percentages except BLEU. The English aggregate averages eight Open ASR
subsets, including SPGISpeech, and Monsoon English. The multilingual Open ASR Leaderboard
uses the general transcription instruction on all test sets, differing from the protocol of Section 4.5.
CoVoST 2 ASR uses the corpus-level mixed WER/CER aggregate. The final three rows use matched
reasoning-enabled decoding for both checkpoints. Final-checkpoint scores differ from those reported
later because the evaluation code and prompts were subsequently refined.

Benchmark Metric SFT SFT + RL
Open ASR Leaderboard (8 sets) WER ↓ 4.34 4.00
Multilingual Open ASR Leaderboard WER ↓ 5.05 4.78
CoVoST 2 ASR WER/CER ↓ 6.63 5.65
Numb3rs WER ↓ 7.91 6.89
VoiceCodeBench CTEM ↑ 86.37 88.60
Preference-ASR, instructed WER ↓ 6.32 6.12
Contextual Earnings-22, global WER ↓ 10.86 10.68
HALAS segments with insertions ↓ 46.04 41.21
Multi-speaker, full sessions cpWER ↓ 13.19 13.10
CoVoST 2 speech translation BLEU ↑ 31.78 31.74
VoiceBench (reasoning on) score ↑ 80.75 82.40
Spoken-MQA (reasoning on) accuracy ↑ 84.18 86.91
MMAR (reasoning on) accuracy ↑ 67.01 59.18

3.5. DFlash2 Draft Model

We use a six-layer DFlash2 draft Transformer (Chen et al., 2026a; Inco AI, 2026) for speculative
decoding (Section 4.1), conditioned on output hidden states from backbone layers 1, 5, 19, 29, 41,
and 51 (zero-based layer indexing). These states are concatenated, linearly projected to the draft
hidden size, and normalized. It predicts token blocks in parallel, using local dynamic convolutions
and a pairwise selector over the top 16 token candidates at each position. Token embeddings and
the language-model output head are shared with the frozen backbone.

We train the draft model for 4,000 steps on 32 GPUs, starting from a draft model trained for an
earlier checkpoint. Each 16-token training block contains one known anchor token followed by 15
positions to predict. At inference, 𝐾 counts only proposed tokens, so this corresponds to 𝐾 = 15.

On examples from the supervised fine-tuning mixture, we jointly optimize draft cross-entropy over the
full vocabulary and selector cross-entropy over the top 16 draft candidates at each position, with equal
loss weights and the same positional weights 𝑤𝑖 = exp

(︁
− 𝑖−1

𝛾

)︁
, where 𝛾 = 4 and 𝑖 = 1, . . . , 15 indexes

the predicted positions after the anchor. Following DFlash (Chen et al., 2026a), this decay emphasizes
the early positions that determine the accepted prefix. Both losses use the final Nemotron 3.5
Transcribe backbone’s argmax tokens as targets, computed from teacher-forced reference prefixes to
avoid autoregressive label generation. During training, the selector additionally conditions on the
preceding argmax target token, using the known anchor at the first prediction position. Positions
whose target is absent from the top-16 candidates are excluded from the selector loss.

4. Results

All results in this section are obtained with the released checkpoint, i.e., after reinforcement learning
(Section 3.3). Figure 7 gives an overview of the evaluated benchmarks.
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4.1. Evaluation Protocol

Inference. We evaluate the model with the serving setup we recommend for deployment: vLLM
(Kwon et al., 2023) with BF16 weights, on which a single H100 GPU is sufficient, and speculative
decoding with the MTP module (Section 2.4) as the draft model. At every step, the MTP module
proposes draft tokens, which the backbone verifies in a single forward pass; with greedy decoding,
speculative decoding changes only the speed, not the output. By default, the module proposes two
draft tokens, which matches the number of MTP depths in training, and we use this setting for all
accuracy results; since the layer is shared between depths, it can also propose more, e.g., eight, which
increases the throughput (Section 4.13). As an alternative to MTP, we provide a separate draft
model, Nemotron-3.5-Transcribe-30B-A4B-DFlash2, based on DFlash2 (Chen et al., 2026a; Inco AI,
2026): a six-layer model with approximately 570M parameters that proposes up to 15 draft tokens
at once (Section 3.5). For the Mamba layers, we cache the recurrent state at every block (vLLM’s
all Mamba cache mode), which is required for exact speculative decoding with prefix caching.1

At inference time, the Parallel Expert Encoder processes audio in 40-second central chunks, with
4 seconds of additional context on each side where available. These settings correspond to 500
central frames and 50 context frames per side at an encoder frame interval of 80 ms. Both branches
receive the same context-extended window. The ASR branch discards outputs corresponding to the
additional context, while the streaming diarization branch trims context internally and maintains
its speaker-cache and FIFO state across chunks. The retained outputs are concatenated and fused
before being passed to the LLM.

All requests use a context of up to 65,536 tokens. Each benchmark uses a fixed instruction, listed in
Appendix A, except for benchmarks that define their own per-example instructions (e.g., contextual
ASR and question answering), which we keep unchanged.

Post-processing. In rare cases, the model fails to terminate its generation and repeats the same
character or phrase until it reaches the token limit. Such loops are easy to detect, and we remove
them with a simple post-processing step adapted from the Qwen3-ASR toolkit (Shi et al., 2026;
Qwen Team, 2026b), which collapses long exact repetitions to a single copy and which we also
recommend for deployment (Appendix E). Unless stated otherwise, all transcription, translation, and
language identification results in this report are computed after this post-processing; Appendix E
lists the results with and without it. We do not apply it to the answers generated with reasoning
(Sections 4.14 to 4.16), where it mostly matches legitimate formatting, such as the rules of Markdown
tables, rather than generation loops.

Reasoning. Nemotron 3.5 Transcribe inherits the reasoning mode of its LLM, and we choose it
per task family. For transcription, translation, and language identification, we disable reasoning
and decode greedily, which is how we recommend using the model for these tasks. For audio
understanding, voice instruction following, and text-only reasoning, we enable reasoning and use the
decoding settings recommended for Nemotron 3 Nano Omni (NVIDIA, 2026b): temperature 0.6,
top-𝑝 0.95, and up to 20,480 generated tokens, of which at most 16,384 are spent on reasoning; only
the final answer is scored.

Metrics. We report word error rate (WER) after the text normalization of the Open ASR
Leaderboard (Srivastav et al., 2026), and character error rate (CER) for Chinese, Japanese, Korean,

1With the align cache mode and prefix caching enabled, the outputs degrade silently, by about one WER point.
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English ASR Open ASR public (9 sets) Long-form (3 sets) VoiceCodeBench Numb3rs HALAS

Multilingual ASR Multilingual Open ASR (7 languages) FLEURS CoVoST 2 MLS

Code-switched ASR CS-FLEURS ×4 ASCEND MUCS 2021 ×2

Contextual ASR ContextASR-Bench Speech (English) ×3 Contextual Earnings-22 ×3 Preference-ASR ×2

Multi-speaker ASR AMI CALLHOME Mixer 6 NOTSOFAR-1 LibriSpeechMix AISHELL-4 AliMeeting

Speech translation FLEURS CoVoST 2

Language identification VoxLingua107 FLEURS

Audio understanding MMAR MMAU MMAU-Pro ×2 AIR-Bench

Voice instruction following VoiceBench Spoken-MQA MMAU-Pro IF

Text-only reasoning GPQA MMLU MMLU-Pro IFEval

Figure 7 | The benchmarks used in this report, grouped by task. Entries marked with ×𝑛 comprise
𝑛 test sets or evaluation settings.

Thai, and Vietnamese. For ContextASR-Bench Speech (English), we follow its benchmark-specific
text normalization and named-entity matching procedure. Hindi is scored with the orthographically
informed WER (OIWER) (Voice Arena, 2026), which does not count differences between equivalent
spellings as errors. Code-switched speech is scored with the mixed error rate (MER), which
counts words for languages written with spaces and characters for the others. Speaker-attributed
transcription is scored with the concatenated minimum-permutation WER (cpWER), which penalizes
both recognition and speaker attribution errors. Speech translation is scored with BLEU, and
language identification and multiple-choice benchmarks with accuracy. Three benchmarks use an
LLM judge, following their official protocols: the open-ended answers of VoiceBench (Chen et al.,
2026b) (GPT-4o-mini) and of MMAU-Pro (Kumar et al., 2026) (Qwen2.5-7B-Instruct), and the
entity and task success metrics of VoiceCodeBench (Baumgartner et al., 2026).

Baselines. We compare with results published by the benchmark authors or by the model
developers, and include them only when they were obtained on the same test sets and with the
same metric as ours; “–” marks combinations for which no comparable result is published. Since
published results are obtained with different prompts and inference settings, small differences should
be interpreted with care.

4.2. English ASR

We evaluate English ASR on the public section of the Open ASR Leaderboard (Srivastav et al.,
2026; Hugging Face, 2026b), which consists of nine test sets: read speech (LibriSpeech test-clean
and test-other (Panayotov et al., 2015)), parliamentary speech (VoxPopuli (Wang et al., 2021a)),
podcasts and YouTube (GigaSpeech (Chen et al., 2021)), financial earnings calls (SPGISpeech
(O’Neill et al., 2021) and Earnings-22 (Del Rio et al., 2022)), meetings (AMI (Carletta et al., 2006)),
Indian-accented English (Voice Arena Monsoon (Voice Arena, 2026)), and noisy, reverberant, and
otherwise degraded speech (URGENT 2024 (Zhang et al., 2024)). We use the current, cleaned
versions of the AMI, Earnings-22, GigaSpeech, and VoxPopuli test sets, and report the unweighted
mean of the nine WERs, as the leaderboard does for its public section.2

2The default ranking of the leaderboard additionally includes private test sets, which are not available to us.
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Table 6 | English ASR on the public section of the Open ASR Leaderboard: WER (%), lower is
better; bold: best open-weights model. E22: Earnings-22, Giga: GigaSpeech, LS-c/LS-o: LibriSpeech
test-clean/test-other, SPGI: SPGISpeech, Monsoon: Voice Arena Monsoon (English), URGENT:
URGENT 2024, VoxP: VoxPopuli. Baselines from the leaderboard results of 21 October 2026
(Hugging Face, 2026b).

Model AMI E22 Giga LS-c LS-o SPGI Monsoon URGENT VoxP Mean
Nemotron 3.5 Transcribe 7.81 5.29 7.18 1.09 2.60 1.91 3.65 11.00 1.84 4.71

Open-weights models
Qwen3-ASR-1.7B

(Shi et al., 2026) 8.31 5.84 7.22 1.26 2.94 2.57 3.50 9.93 2.85 4.94

Granite-Speech-5.0-2B
(Saon et al., 2025) 6.96 6.22 8.14 0.99 2.21 3.36 3.94 10.22 3.52 5.06

Granite-Speech-4.1-2B
(Saon et al., 2025) 7.06 6.69 8.18 1.03 2.19 3.47 4.12 11.25 4.18 5.35

Canary-Qwen-2.5B
(NVIDIA, 2025a) 7.91 6.41 7.80 1.23 2.63 1.70 3.60 13.02 4.14 5.38

Parakeet-TDT-0.6B-v3
(Sekoyan et al., 2025) 9.42 5.85 7.99 1.52 3.13 3.63 4.14 11.52 3.05 5.58

Voxtral-Small-24B
(Liu et al., 2025) 13.19 7.07 8.33 1.23 2.80 1.84 3.49 12.35 2.00 5.81

Whisper-large-v3
(Radford et al., 2023) 13.63 7.99 8.35 1.56 3.52 2.71 3.95 13.73 4.53 6.66

Commercial systems
OpenAI gpt-transcribe 8.95 6.61 7.76 1.31 3.39 2.23 3.63 12.86 2.65 5.49
ElevenLabs Scribe v2 8.19 4.80 7.63 1.06 2.33 3.01 3.32 9.20 1.41 4.55
Modulate 6.31 6.00 6.91 0.87 1.77 2.06 3.26 10.04 3.55 4.53
Azure Speech (07-2026) 7.05 5.20 7.48 1.23 2.71 2.17 3.00 9.90 1.65 4.49
Zoom Scribe v2 Pro 6.08 4.12 7.75 1.11 2.24 1.36 3.00 7.99 3.08 4.08
OtterAI speech-v3.1 6.42 4.55 7.13 0.90 1.89 1.56 3.02 8.07 1.42 3.88

With a mean WER of 4.71%, Nemotron 3.5 Transcribe is the most accurate open-weights model on
the public section of the leaderboard, 0.23 points ahead of the next one, and is outperformed only
by seven commercial systems, led by OtterAI speech-v3.1 with 3.88% (Table 6). Compared with
the other open-weights models in the table, it is particularly strong on Earnings-22 and VoxPopuli;
on meetings (AMI), the two Granite-Speech models are more accurate, and on degraded speech
(URGENT 2024), Qwen3-ASR-1.7B and Granite-Speech-5.0-2B.

4.3. Long-Form ASR

The long-form track of the Open ASR Leaderboard contains full recordings of earnings calls (Earnings-
21 and Earnings-22) and of conversational interviews (CORAAL), which last from several minutes
to more than an hour. Nemotron 3.5 Transcribe transcribes each recording without voice activity
detection; recordings longer than 55 minutes are split into 55-minute chunks with 5 seconds of
overlap. Its mean WER of 10.98% is the lowest among the open-weights models on this track, and it
remains behind the best commercial systems (Table 7). On this track, generation loops affect 7 of
the 451 recordings; without the loop guardrail, the mean WER would be 12.87% (Appendix E).
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Table 7 | Long-form ASR: WER (%) on the long-form track of the Open ASR Leaderboard (Hugging
Face, 2026a), lower is better; bold: best open-weights model; CORAAL is averaged over its eight
locations.

Model Earnings-21 Earnings-22 CORAAL Mean
Nemotron 3.5 Transcribe 7.57 11.99 13.39 10.98

Open-weights models
Parakeet-TDT-0.6B-v3 9.96 14.58 15.57 13.37
Whisper-large-v3 9.71 13.16 18.89 13.92
Canary-Qwen-2.5B 9.60 13.59 19.05 14.08
Commercial systems
AssemblyAI Universal-3 Pro 7.62 10.59 12.83 10.35
ElevenLabs Scribe v2 6.48 9.99 10.67 9.05

4.4. Entities, Numbers, and Hallucinations

VoiceCodeBench (Baumgartner et al., 2026) contains English speech dense with code-like entities,
such as phone numbers, e-mail addresses, URLs, file paths, and command-line flags. Besides WER,
it measures the exact-match rate of these entities (CTEM) and the share of recordings in which every
entity is correct (TSR). Nemotron 3.5 Transcribe recognizes code-like entities on par with dedicated
ASR systems: its entity exact-match rate is higher than that of Whisper-large-v3 and Parakeet-TDT-
0.6B-v3, and about 3 points behind the best commercial systems (Table 8). Numb3rs (NVIDIA,
2025g) is dominated by numeric expressions, such as addresses, amounts of money, and times; we
score it against its spoken-form references. HALAS (Barański et al., 2026) consists of Earnings-22
segments with human annotations of hallucinations; we report WER against the corrected references
and the percentage of segments in which the model inserted content. No comparable published
results exist for the last two benchmarks.3 In a simulated voice agent, accurate entity recognition
carries over to the agent’s tool calls: compared with Parakeet-CTC-1.1B as the speech recognizer,
Nemotron 3.5 Transcribe reduces the tool-call failures caused by misrecognized surnames from 73 to
2 (Appendix G).

4.5. Multilingual ASR

The multilingual section of the Open ASR Leaderboard (Srivastav et al., 2026) covers German,
French, Italian, Spanish, Portuguese, Dutch, and Hindi. Each language is scored as the mean over
FLEURS (Conneau et al., 2022), Common Voice (Ardila et al., 2020), and Multilingual LibriSpeech
(Pratap et al., 2020), where available, and Hindi on the Voice Arena Monsoon test set (Voice Arena,
2026) with OIWER.4 All datasets are scored with the references and text normalization of the
leaderboard, including its treatment of compound words, so the FLEURS results differ slightly from
our standalone FLEURS evaluation (Appendix C). Nemotron 3.5 Transcribe reaches a mean WER
of 4.62% over the seven languages, ahead of the open-weights models in Table 9 and behind the best
commercial systems.

We further evaluate on FLEURS for 37 languages and on CoVoST 2 (Wang et al., 2021b) for 17
languages, with macro-averaged error rates of 9.29% and 12.19%, respectively; the per-language
results are listed in Appendix C. No published results are available on these language selections. On

3The HALAS authors report human-annotated hallucination rates on all annotated audio, whereas we report an
automatic insertion-based measure on the test split.

4The leaderboard additionally uses a private Hindi test set, which is not available to us; for all models in Table 9,
Hindi is computed on the public test set only.
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Table 8 | Entity, number, and hallucination benchmarks (%). Lower is better, except for CTEM and
TSR. VoiceCodeBench baselines (batch mode) from Baumgartner et al. (2026); all VoiceCodeBench
WERs are format-invariant.

VoiceCodeBench
Model WER CTEM ↑ TSR ↑

Nemotron 3.5 Transcribe 8.38 88.53 59.33
Open-weights models
Whisper-large-v3 5.8 87.6 54.3
Parakeet-TDT-0.6B-v3 9.3 78.6 37.3
Commercial systems
OpenAI gpt-transcribe 6.1 89.3 61.0
Deepgram Nova-3 8.2 90.9 68.7
ElevenLabs Scribe v2 6.9 91.6 67.7
Other benchmarks (Nemotron 3.5 Transcribe)
Numb3rs, WER 3.55
HALAS, WER 31.50
HALAS, segments with insertions 40.00

Table 9 | Multilingual section of the Open ASR Leaderboard: WER (%; OIWER for Hindi, public
test set only), lower is better; bold: best open-weights model. Baselines from the leaderboard results
of 2 October 2026 (Hugging Face, 2026a).

Model de fr it es pt nl hi Mean
Nemotron 3.5 Transcribe 2.81 3.92 3.61 2.82 4.06 5.96 9.15 4.62

Open-weights models
Qwen3-ASR-1.7B 3.97 5.68 5.44 3.80 6.31 7.95 12.25 6.49
Voxtral-Small-24B 2.90 4.11 3.75 2.91 4.36 4.44 23.20 6.52
Whisper-large-v3 4.00 6.24 4.45 3.35 4.94 4.42 28.17 7.94
Commercial systems
ElevenLabs Scribe v2 2.24 3.29 2.49 2.32 2.90 3.26 8.45 3.56
Azure Speech (07-2026) 1.92 3.14 2.42 2.30 2.86 3.01 10.40 3.72

Multilingual LibriSpeech (Pratap et al., 2020), Nemotron 3.5 Transcribe reaches WERs of 2.98%
(Spanish), 3.14% (French), 4.99% (Portuguese), 6.21% (Italian), and 8.45% (Dutch) on the test
subsets used by the multilingual Open ASR Leaderboard, and of 3.87% (English), 4.04% (German),
and 4.89% (Polish) on the full test sets of the remaining three MLS languages.

4.6. Code-Switched ASR

CS-FLEURS (Yan et al., 2025) contains sentences that mix English with another language. Its four
test sets consist of speech read by humans (read, 14 language pairs) and speech synthesized with
MMS-TTS (Pratap et al., 2024) (MMS, 45 pairs) and XTTS-v2 (Casanova et al., 2024) (XTTS
1 and XTTS 2, 16 and 60 pairs). We also evaluate on two conversational code-switching corpora:
ASCEND (Lovenia et al., 2022) (Mandarin–English) and the MUCS 2021 challenge (Diwan et al.,
2021) (Hindi–English and Bengali–English). On CS-FLEURS, Nemotron 3.5 Transcribe is behind
Whisper-large-v3 on the read and MMS test sets and slightly ahead on the XTTS test sets (Table 10);
code-switching across many language pairs remains a weakness of the model.
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Table 10 | Code-switched ASR (%), lower is better. CS-FLEURS: CER and MER, Whisper-large-v3
CER from Yan et al. (2025); ASCEND: MER; MUCS 2021: WER.

Nemotron 3.5 Transcribe Whisper-large-v3
Benchmark CER MER CER
CS-FLEURS read (14 pairs) 25.83 31.06 19.83
CS-FLEURS MMS (45 pairs) 44.90 66.57 40.07
CS-FLEURS XTTS 1 (16 pairs) 18.00 28.10 18.46
CS-FLEURS XTTS 2 (60 pairs) 33.87 41.68 36.06
ASCEND (Mandarin–English) 18.74
MUCS 2021 Hindi–English 19.28
MUCS 2021 Bengali–English 35.46

4.7. Contextual ASR

Contextual ASR benchmarks measure how well the model uses information given in the prompt. We
evaluate every benchmark with and without the context, so that the difference isolates the benefit of
the context; the instructions are listed in Appendix A. Table 11 summarizes the results.

ContextASR-Bench Speech (English). The ContextASR-Bench Speech (English) subset (Wang
et al., 2025a) provides a domain label (coarse) or a domain label and a list of named entities (fine)
for each utterance; we report WER, named-entity WER (NE-WER), and named-entity false-negative
rate (NE-FNR). With an entity list, Nemotron 3.5 Transcribe reduces WER from 3.33% to 1.71%,
NE-WER from 12.21% to 2.20%, and NE-FNR from 14.99% to 1.32%, relative reductions of 49%,
82%, and 91%, respectively. A domain label alone has little effect for any of the three models
evaluated by us. Against the systems on the published ContextASR-Bench leaderboard (Wang et al.,
2025a), Nemotron 3.5 Transcribe achieves the lowest WER, NE-WER, and NE-FNR in all three
settings. Compared with the more recent Qwen3 models (Xu et al., 2025b; Shi et al., 2026), which
were released after the benchmark paper, Nemotron 3.5 Transcribe achieves the largest relative
reduction in NE-WER among the three models and ranks second on both entity-centric metrics in
the fine setting, while the Qwen3 models have lower absolute WER in all three settings.

Contextual Earnings-22. Contextual Earnings-22 (Munyampirwa et al., 2026) consists of 15-
second clips of earnings calls with keyword lists that either contain only the keywords spoken in
the clip (local) or the keyword inventory of the whole call, most of which does not occur in the
clip (global). The global setting mimics a user who supplies a vocabulary for a whole session. For
comparability with the published results, we compute WER and keyword precision, recall, and F1
with the text normalization and keyword matching of OpenBench (Argmax, 2025). The keywords
raise the recall from 58% to 96% (local) and 90% (global), while the precision stays at 98%, i.e., the
model rarely inserts listed terms that were not spoken. With keywords, the WER of Nemotron 3.5
Transcribe is close to that of the best systems, and its keyword F1 in the local setting matches the
best reported.

Preference-ASR. Preference-ASR (Koluguri et al., 2026) measures with a preference-aware WER
whether a transcript follows a requested style, such as casing, number formatting, or the removal of
disfluencies. In the instructed setting, each example comes with its own style instruction; in the
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Table 11 | Contextual ASR results (%). ContextASR-Bench Speech (English): WER / NE-WER /
NE-FNR, with selected baselines from Wang et al. (2025a). Contextual Earnings-22: WER / keyword
F1, scored with OpenBench, baselines from Argmax (2025)*. Preference-ASR: preference-aware
WER, baselines from Koluguri et al. (2026). Lower is better, except for F1.

ContextASR-Bench Speech (English), WER / NE-WER / NE-FNR
Model no context coarse fine
Nemotron 3.5 Transcribe 3.33 / 12.21 / 14.99 3.34 / 12.26 / 15.05 1.71 / 2.20 / 1.32
Open-weights models
Qwen3-Omni-30B-A3B-Instruct

(Xu et al., 2025b)† 2.27 / 7.83 / 9.08 2.17 / 8.11 / 9.32 1.13 / 1.55 / 0.53

Qwen3-ASR-1.7B (Shi et al., 2026)† 2.92 / 11.75 / 14.81 2.91 / 11.73 / 14.86 1.53 / 2.76 / 1.80
Kimi-Audio (Kimi Team et al., 2025) 4.09 / 14.33 / 19.53 4.47 / 13.88 / 18.60 2.90 / 6.68 / 8.01
Qwen2.5-Omni-7B (Xu et al., 2025a) 5.60 / 16.07 / 21.33 5.56 / 15.93 / 21.13 3.96 / 7.38 / 8.72
Qwen2.5-Omni-3B (Xu et al., 2025a) 6.19 / 20.52 / 28.26 6.30 / 20.62 / 28.33 3.99 / 7.80 / 9.69
Qwen2-Audio 13.56 / 38.95 / 52.29 13.41 / 38.34 / 51.55 11.49 / 27.27 / 35.08
Whisper-large-v3 9.36 / 29.56 / 39.89 – –
Ming-Flash-Omni‡ – – 2.91 / 2.53 / 2.13
Commercial systems
Gemini 2.5 Pro‡ – – 6.65 / 12.82 / 8.86
Contextual Earnings-22, WER / keyword F1
Model no keywords local global
Nemotron 3.5 Transcribe 12.54 / 73.0 9.58 / 97.1 10.28 / 93.5
Open-weights models
Qwen3-ASR-1.7B 11.86 / 69 9.19 / 92 10.18 / 87
Commercial systems
AssemblyAI 12.58 / – 11.67 / – 11.80 / –
Deepgram Nova-3 15.34 / – 13.28 / – 13.85 / –
ElevenLabs 10.53 / 84 9.13 / 97 9.08 / 95
Preference-ASR, preference-aware WER
Model default instructed
Nemotron 3.5 Transcribe 7.56 6.16
Canary-Qwen-2.5B 8.16 8.36
Qwen3-Omni-30B-A3B 8.30 10.34
Phi-4-multimodal 15.11 12.64

†The original ContextASR-Bench evaluation does not include the Qwen3 models. We obtained these scores internally
using the released Hugging Face checkpoints Qwen3-Omni-30B-A3B-Instruct and Qwen3-ASR-1.7B. The 1.13%

Qwen3-Omni fine-context WER is also reported for Speech-English in Inclusion AI (2025). ‡As evaluated in Inclusion
AI (2025), which does not state the context setting; its Kimi-Audio results match the fine setting of Wang et al.

(2025a). *The published baselines were obtained on an earlier revision of the dataset, which differs from ours by two
clips and eleven corrected references.

default setting, the model receives a generic transcription instruction.5 Nemotron 3.5 Transcribe
outperforms all published results in both settings, and it improves further when given the style
instruction (from 7.56% to 6.16%), unlike most of the other models.

5Our generic instruction (“Transcribe this recording.”) differs from the one used in the original paper.
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4.8. Multi-Speaker Transcription

4.8.1. Speaker-attributed ASR

We evaluate speaker-attributed transcription in English on recordings of AMI (Carletta et al., 2006)
(individual headset microphone mix and single distant microphone), 109 2-speaker sessions from
CALLHOME American English (CHAES) (Canavan et al., 1997), referred to as CH109, and Mixer 6
(Brandschain et al., 2010), on segments of 10–20 s, 60–90 ,s, and 120–180 s, as well as on full sessions
and full meetings of NOTSOFAR-1 (Vinnikov et al., 2024) (individual headset microphone mix
and single-channel distant microphone). Table 13 shows that the cpWER hardly depends on the
duration of the recording: from 60–90 s segments to full sessions, it changes by less than 1.5 points
on AMI and Mixer 6, and it decreases by 2.4 points on CHAES. Only the shortest Mixer 6 segments
are notably harder.

Table 14 compares full sessions with four open-weights systems, which we evaluate with the same data
and scoring: two speech LLMs for long-form multi-speaker transcription, VibeVoice-ASR (Peng et al.,
2026) and MOSS-Transcribe-Diarize (MOSI.AI et al., 2026), and two diarization-conditioned ASR
models, the multi-talker Parakeet (NVIDIA, 2025d) with Nemotron 3 Diarization and DiCoW v3.3
(Polok et al., 2026) with DiariZen (Han et al., 2026). Nemotron 3.5 Transcribe achieves the lowest
cpWER averaged over the six conditions (15.80% vs. 16.83% for DiCoW) and the lowest cpWER on
both AMI conditions and on NOTSOFAR-1 with headset microphones. DiCoW is more accurate on
NOTSOFAR-1 with a distant microphone (24.80% vs. 25.91%), and both MOSS-Transcribe-Diarize
and DiCoW are more accurate on CHAES-CH109 (10.72% and 10.80% vs. 11.50%) and Mixer 6
(13.25% and 14.74% vs. 14.80%). We also report LibriSpeechMix (Kanda et al., 2020), a synthetic
dataset of one to three overlapping read utterances, as a diagnostic rather than as a ranking of
real-world performance. Nemotron 3.5 Transcribe achieves the lowest published cpWER for single
speakers; with two overlapping speakers, it is behind a dedicated multi-talker model with self-speaker
adaptation (Wang et al., 2025b) and DiCoW, and with three, it is behind the self-speaker adaptation
model and a speaker-attributed Transformer model (Kanda et al., 2021).

An important caveat is that Nemotron 3.5 Transcribe was not trained on LibriSpeechMix, whereas
all models in the research-systems group were specifically fine-tuned on its training set. These results
therefore compare generalization to an unseen mixture dataset with performance after dataset-specific
fine-tuning.

The LibriSpeechMix results also highlight a limitation of the evaluated open-weights multi-speaker
ASR systems: several struggle on the single-speaker condition, which is identical to LibriSpeech
test-clean. Given that test-clean is a widely used benchmark of clean, read speech, poor performance
on this condition raises concerns about their suitability for deployments that must handle both single-
speaker and multi-speaker audio. Strong performance on overlapping speech alone is insufficient to
establish readiness for such deployments; reliable single-speaker transcription is also essential.

We also report speaker-attributed transcription of Mandarin meetings on the test sets of AISHELL-4
(Fu et al., 2021) and AliMeeting (Yu et al., 2022), 20 full sessions each, recorded with a distant
microphone array of which we use the first channel; we score them with the concatenated minimum-
permutation character error rate (cpCER). These results should be read with the training data in
mind: Nemotron 3.5 Transcribe saw almost no Mandarin multi-speaker data during training, only
the training sets of these two corpora (about 210 hours of meetings), which account for 1.7% of
the speaker-attributed transcription examples and less than 0.01% of all training examples. With
cpCERs of 32.91% on AISHELL-4 and 34.95% on AliMeeting (Table 13), Mandarin far-field meetings
remain a clear weakness of the model, and we expect a large improvement from fine-tuning with more
Mandarin multi-speaker training data. Generation loops are also more frequent on these sessions:
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Table 12 | Near-field transcription error breakdown by prompt type and dataset (%). NFO denotes
Near Field Only. NSF-SC-Eval is the single-channel evaluation set of NOTSOFAR-1 (Vinnikov et al.,
2024); LS-Test-clean is LibriSpeech test-clean (Panayotov et al., 2015).

Prompt Dataset Insertions Deletions Substitutions WER
Multispeaker ASR LS-Test-clean 0.19 0.22 1.15 1.57
Near Field Only (NFO) NSF-SC-Eval + LS-Test-clean 1.07 1.60 2.11 4.78
Single-speaker ASR NSF-SC-Eval + LS-Test-clean 20.38 0.69 6.25 27.32
Multi-speaker ASR NSF-SC-Eval + LS-Test-clean 219.96 0.42 2.99 223.37

Table 13 | Multi-speaker transcription by segment duration: cpWER (%; cpCER for the Mandarin
meetings), lower is better. The model saw almost no Mandarin multi-speaker data in training.

Corpus 10–20 s 60–90 s 120–180 s full
AMI, headset mix 10.80 9.77 10.05 10.29
AMI, distant microphone 17.56 15.86 16.23 17.34
CHAES-CH109 13.76 13.86 12.81 11.50
Mixer 6 26.64 15.80 15.27 14.80
NOTSOFAR-1, headset mix – – – 14.94
NOTSOFAR-1, distant microphone – – – 25.91
Mandarin, distant microphone (cpCER)
AISHELL-4 – – – 32.91
AliMeeting – – – 34.95

without the loop guardrail, the cpCERs would be 45.55% and 55.37% (Appendix E).

4.8.2. Near-field transcription (experimental)

The training mixture also contains examples in which only the speaker nearest to the microphone is
transcribed, selected with a dedicated instruction (Appendix A). To test this mode, we combine
LibriSpeech test-clean utterances, which are close-talk recordings, with far-field meeting audio from
the single-channel NOTSOFAR-1 evaluation set, and score the output against the LibriSpeech
references. Table 12 reports the error breakdown for each instruction, alongside a baseline on
LibriSpeech test-clean alone. With the near-field instruction, the WER is 4.78%. The single-speaker
transcription instruction yields 27.32%, mostly insertions (20.38%) from the background speech, and
the multi-speaker instruction, which transcribes every speaker, 223.37%. These two results confirm
that the far-field background speech is not too weak to be ignored: under the standard instructions,
the model readily picks it up and transcribes it. The low error rate under the near-field instruction
therefore cannot be explained by the background being inaudible; rather, the instruction leads the
model to transcribe the speaker who is nearer to the microphone, in a relative sense, and to suppress
the more distant background speakers. We consider this mode experimental: it has not yet been
evaluated on recordings with natural near-field and far-field speakers.

4.9. Multi-Speaker Word-Level Timestamping

We evaluate end-to-end word timestamping on the individual headset microphone mix of AMI
(Carletta et al., 2006), CH109 from CALLHOME American English (CHAES) (Canavan et al., 1997),
LibriSpeechMix (LSM) (Kanda et al., 2020) with one, two, and three speakers, and Multilingual
Conversational Speech (MCS), an internal, non-public dataset covering 15 languages. We use the
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Table 14 | Comparison of multi-speaker transcription with other systems: cpWER (%), lower is better.
Top: full sessions, all systems evaluated with the same data and scoring; IHM: individual headset
microphone mix, SDM: single distant microphone, SC: single channel. Bottom: LibriSpeechMix
test-clean, published results.

AMI NOTSOFAR-1
Model IHM SDM CH109 Mixer 6 IHM SC Macro Avg.
Nemotron 3.5 Transcribe 10.29 17.34 11.50 14.80 14.94 25.91 15.80
Open-weights models

DiCoW v3.3 (Polok et al., 2026)
+ DiariZen-v2
(Han et al., 2026)

14.48 18.24 10.80 14.74 17.91 24.80 16.83

Multi-talker Parakeet
(NVIDIA, 2025d)
+ Nemotron 3 Diarization

13.38 20.33 13.00 16.92 18.19 30.42 18.71

MOSS-Transcribe-Diarize
(MOSI.AI et al., 2026) 15.40 24.72 10.72 13.25 22.52 28.92 19.26

VibeVoice-ASR (Peng et al., 2026) 22.13 32.12 12.08 16.45 25.52 37.21 24.25

LibriSpeechMix
Model 1 speaker 2 speakers 3 speakers
Nemotron 3.5 Transcribe 1.58 4.14 8.65
Open-weights models

Multi-talker Parakeet (NVIDIA, 2025d)
+ Nemotron 3 Diarization (NVIDIA, 2026c) 2.77 7.20 12.94

MOSS-Transcribe-Diarize
(MOSI.AI et al., 2026) 2.39 11.21 18.87

DiCoW v3.3 (Polok et al., 2026)
+ DiariZen-v2 (Han et al., 2026) 16.52 3.71 22.63

VibeVoice-ASR (Peng et al., 2026) 2.03 51.40 74.14
Research systems

SSA (Multi-talker Parakeet) (Wang et al., 2025b) 2.2 2.8 5.0
SA-ASR Transformer (Kanda et al., 2021) 3.6 4.9 6.2
Sortformer + Canary (Park et al., 2025) 2.26 4.61 9.05
MT-LLM (Meng et al., 2025) 2.3 5.2 10.2
SOT (Kanda et al., 2020) 4.6 11.2 24.0

official word-timestamp annotations for AMI and Montreal Forced Aligner (MFA) (McAuliffe et al.,
2017) to generate reference timestamps for CH109 and MCS, except for Japanese and Chinese. For
these two MCS languages, poor MFA alignment quality motivated the use of Qwen3-ForcedAligner-
0.6B (Qwen Team, 2026c). Their results therefore favor the Qwen alignment method and are not
an independent or fully fair comparison of boundary accuracy. All other MCS languages use MFA-
derived references. For LSM, we combine the publicly available MFA-generated LibriSpeech word
alignments6 with the LibriSpeechMix mixture definitions,7 mapping source-utterance timestamps
onto the mixture timeline. Automatically aligned references are approximate rather than manually
verified boundaries.

All systems timestamp their own recognized text, rather than the reference transcript. We com-
6https://github.com/CorentinJ/librispeech-alignments
7https://github.com/NaoyukiKanda/LibriSpeechMix
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pare Nemotron 3.5 Transcribe against Qwen3-ASR-1.7B (Shi et al., 2026) followed by Qwen3-
ForcedAligner-0.6B (Qwen Team, 2026c), Parakeet-TDT-0.6B-v3 (Sekoyan et al., 2025), and Whisper-
large-v3 (Radford et al., 2023) with FasterWhisper’s DTW-based timestamps (SYSTRAN, 2026). Our
model uses its CTC-based word timestamp aligner with 40 ms acoustic frames and diarization-guided
boundary refinement, without sub-frame interpolation.

We apply a common speaker-blind scoring protocol. After matching recognized and reference text,
each matched word contributes two independently evaluated events: its start and end boundary.
A boundary is correct when its absolute timing error is at most 200 ms. Precision and recall use
denominators of twice the number of hypothesis and reference words, respectively, so unmatched
words remain penalized. Event counts are pooled across recordings before computing F1, rather than
averaging recording-level scores. Chinese and Japanese use character-level units; other languages
use word-level units. This metric jointly measures recognition and temporal accuracy but does not
evaluate speaker attribution.

Table 15 shows that Nemotron 3.5 Transcribe achieves the highest F1 on AMI-IHM-mix (80.03%),
CH109 (81.11%), and LSM overall (88.66%). Its advantage is particularly pronounced for overlapping
speech: it reaches 90.24% and 85.23% on LSM 2mix and 3mix, respectively, exceeding the strongest
baseline by 7.76 and 11.35 percentage points. Qwen achieves the highest score on LSM 1mix. On
MCS, Nemotron 3.5 Transcribe leads among the evaluated systems in 13 of 15 languages, while
Qwen leads in Chinese and Japanese. The latter two comparisons are confounded by the use of
Qwen-generated reference alignments. All comparisons are limited to the language coverage shown
in the table.

4.10. Speech Translation

We evaluate speech translation on FLEURS (Conneau et al., 2022), between English and 36 other
languages in both directions, and on CoVoST 2 (Wang et al., 2021b), for 16 languages into English
and 10 out of English. We report BLEU for every translation direction, using the appropriate
sacreBLEU tokenizers for Chinese, Japanese, and Korean targets and spBLEU (the FLORES-200
SentencePiece tokenizer) for Thai targets. Averaged over the languages, Nemotron 3.5 Transcribe
reaches 29.20 BLEU into English and 26.54 BLEU out of English on FLEURS, and 33.67 and 26.34
BLEU on CoVoST 2, respectively; the per-direction results are listed in Appendix C. Published
results cover different language selections and are therefore not directly comparable.

4.11. Spoken Language Identification

We evaluate language identification on FLEURS (36 languages) and on the subset of the VoxLin-
gua107 (Valk and Alumäe, 2021) development set that covers 24 of the languages supported by
Nemotron 3.5 Transcribe; the instruction lists the candidate languages (Appendix A). On FLEURS,
Nemotron 3.5 Transcribe identifies the language with at least 97% accuracy for 33 of the 36 lan-
guages (98.64% on average); the exceptions are Latvian (80.49%), Slovenian (90.05%), and Hindi
(94.02%). VoxLingua107, which is collected from YouTube videos, is harder: the average accuracy is
95.58%, with the lowest accuracy for Slovenian (55.56%), Latvian (81.05%), and Lithuanian (84.62%).
The per-language results are listed in Appendix C. Published results cover all languages of these
benchmarks and are therefore not comparable.

4.12. Accuracy of the Quantized Checkpoints

We compare the BF16, FP8, and NVFP4 checkpoints on the transcription benchmarks in a single
evaluation on one GB300 GPU, with identical instructions, data, scoring, loop guardrail, and serving
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Table 15 | Word-level timestamping F1 (%) at a 200 ms tolerance across conversational and
multilingual speech datasets. Start and end boundaries are evaluated independently, with event
counts pooled within each dataset. All systems use their own recognized text and a common
speaker-blind scoring protocol. Bold indicates the best score per row; a dash denotes unsupported
language coverage.

Dataset Nemotron 3.5
Transcribe

Qwen3-ASR-1.7B
(Shi et al., 2026)

with Qwen3-Forced-
Aligner-0.6B

(Qwen Team, 2026c)

Parakeet-TDT-
0.6B-v3

(Sekoyan et al., 2025)

Whisper-large-v3
(Radford et al., 2023)
with FasterWhisper-

DTW
(SYSTRAN, 2026)

AMI-IHM-mix 80.03 63.76 70.73 54.02
CHAES-CH109 81.11 71.14 77.68 64.45
LSM total 88.66 80.97 72.27 60.40

LSM 1mix 95.76 97.95 93.23 73.05
LSM 2mix 90.24 82.48 73.40 60.50
LSM 3mix 85.23 73.88 62.75 55.41

MCS1 English 88.17 86.57 81.95 63.87
MCS German 87.12 84.00 81.32 65.87
MCS Spanish 91.42 88.89 71.83 69.03
MCS French 86.74 80.53 48.12 56.67
MCS Italian 83.88 81.38 76.09 61.81
MCS Portuguese 85.09 82.60 72.51 64.09
MCS Russian 83.70 78.69 77.79 64.94
MCS Chinese 87.99 97.24 – 70.37
MCS Japanese 91.71 95.36 – 64.45
MCS Korean 83.78 79.44 – 49.15
MCS Hindi 82.20 – – 47.71
MCS Arabic 82.48 – – 61.85
MCS Thai 85.95 – – 68.22
MCS Turkish 83.89 – – 60.72
MCS Vietnamese 86.90 – – 70.11

1MCS (Multilingual Conversational Speech) is an internal, non-public evaluation dataset. Chinese and Japanese use
character-level evaluation units; other languages use word-level units. Some MCS reference timestamps were generated
using Qwen Aligner, so these results are not an independent assessment of its boundary accuracy.

configuration, including two MTP draft tokens (Table 16). vLLM selects the kernels for this GPU
automatically, which is why the BF16 values differ slightly from the main tables, obtained on H100
GPUs. We summarize the differences over 77 per-test-set error rates: the nine sets of the English
Open ASR Leaderboard, 37 FLEURS languages, 8 MLS languages, the Common Voice sets and
Monsoon Hindi of the multilingual Open ASR Leaderboard, and the contextual and multi-speaker
test sets, excluding the Mandarin meetings.

The FP8 checkpoint is nearly as accurate as the BF16 checkpoint: its error rate is 1.0% higher in
relative terms on average (median 0.8%), and the largest relative increase is 6.6%, on FLEURS
Croatian. The mean WER on the English Open ASR Leaderboard increases by 0.04 points, and the
contextual and multi-speaker error rates change by at most 0.46 points. The NVFP4 checkpoint
loses more accuracy: its error rate is 3.6% higher on average (median 3.4%), and it is higher on 67
of the 77 sets (FP8: 60). In English, the difference is again small, 0.03 points on the Open ASR
Leaderboard, and the contextual benchmarks change by at most 0.42 points. The regression is larger
in other languages, e.g., 0.27 points (5.8% relative) on the multilingual Open ASR Leaderboard,
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Table 16 | Accuracy of the BF16, FP8, and NVFP4 checkpoints in a single evaluation on one
GB300 GPU (%; lower is better except for F1). All checkpoints use the same instructions, serving
configuration, and loop guardrail. FLEURS and MLS: macro averages over 37 and 8 languages;
ContextASR-Bench Speech (English): WER / NE-WER; Contextual Earnings-22: WER / keyword
F1; multi-speaker rows: full sessions.

Benchmark BF16 FP8 NVFP4
English and multilingual ASR
Open ASR Leaderboard, 9 public sets 4.70 4.74 4.73
Multilingual Open ASR Leaderboard 4.63 4.75 4.90
FLEURS 9.31 9.38 9.67
MLS, full test sets 5.17 5.25 5.37
Monsoon, Hindi (OIWER) 9.27 9.67 10.13
Contextual ASR
ContextASR-Bench, no context 3.34 / 12.25 3.36 / 12.35 3.45 / 12.67
ContextASR-Bench, coarse 3.34 / 12.25 3.35 / 12.27 3.45 / 12.65
ContextASR-Bench, fine 1.70 / 2.16 1.73 / 2.25 1.75 / 2.26
Contextual Earnings-22, no keywords 12.52 / 73.6 12.50 / 72.9 12.48 / 73.7
Contextual Earnings-22, local 9.77 / 97.2 9.60 / 97.4 9.57 / 97.3
Contextual Earnings-22, global 10.22 / 93.8 10.27 / 93.6 10.31 / 93.4
Preference-ASR, default 7.59 7.58 7.58
Preference-ASR, instructed 6.15 6.17 6.12
Multi-speaker transcription (cpWER; Mandarin: cpCER)
AMI, IHM 11.68 11.66 12.19
AMI, SDM 17.64 17.85 18.75
CALLHOME 11.50 11.58 11.60
Mixer 6 15.85 15.96 16.01
NOTSOFAR-1, IHM 14.99 14.92 15.00
NOTSOFAR-1, SC 26.68 26.22 26.81
AISHELL-4 27.64 26.96 34.44
AliMeeting 36.50 35.34 38.10

0.36 points (3.9%) on FLEURS, and 0.86 points (9.3%) on Monsoon Hindi, compared with 0.12,
0.07, and 0.40 points for FP8, and on multi-speaker transcription with a distant microphone, e.g.,
1.1 points on AMI SDM. On the Mandarin meetings, NVFP4 increases the cpCER by 6.8 points on
AISHELL-4, whereas FP8 reduces it on both corpora; with 20 sessions per test set and a model that
saw little Mandarin multi-speaker data (Section 4.8), these results are dominated by a few sessions
and are not a reliable indication of the effect of quantization. We therefore recommend the FP8
checkpoint where accuracy outside English matters most, and the NVFP4 checkpoint where memory
or throughput is the main constraint (Section 4.13).

4.13. Deployment and Inference Efficiency

Besides vLLM, the model runs with Hugging Face Transformers and NeMo-Speech.cpp, and it is
supported on a range of NVIDIA platforms, from data-center GPUs to workstations, edge devices,
and consumer GPUs, in BF16, FP8, or NVFP4 precision depending on the platform (Table 17).

We measure the latency and throughput of the BF16, FP8, and NVFP4 checkpoints (Section 2.7)
with each speculative decoding mode (Section 4.1) on a single RTX PRO 6000 Blackwell Server
Edition GPU with 96 GB of memory. Each configuration is served by the Nemotron Transcribe NIM
(vLLM 0.29 with our serving optimizations) as an OpenAI-compatible HTTP server with at most
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Table 17 | Supported hardware and precisions. All platforms support vLLM 0.28 and Hugging Face
Transformers on Linux, and on Windows through WSL2.

Platform Hardware Precision

Data center

A100 80GB BF16
H100, H200 BF16, FP8
B200, GB200 BF16, FP8, NVFP4
L40S FP8
RTX PRO 6000 Blackwell Server Edition BF16, FP8, NVFP4

Workstation DGX Spark (GB10) BF16, FP8, NVFP4
GB300 DGX Station BF16, FP8, NVFP4

Edge Jetson Thor BF16, FP8, NVFP4

Consumer RTX 5090 NVFP4
RTX Spark NVFP4

64 concurrent sequences, at most 4,096 tokens per scheduler step, chunked prefill, 85% of the GPU
memory reserved for the engine with a fixed KV cache of 32 GiB (NVFP4), 24 GiB (FP8), or 8 GiB
(BF16), a context of 65,536 tokens, and the ReplaySSM Mamba cache mode (Liou et al., 2026),
which stores the recurrent state of each Mamba layer as a periodically updated checkpoint plus a
buffer of the most recent inputs, from which the current state is recomputed; this avoids writing the
state at most decoding steps and reduces the rollback of rejected draft tokens to moving a buffer
pointer. These serving optimizations are not yet part of the open-source release, and we aim to
upstream them to NeMo Speech and vLLM at a later date. The vLLM integration shipped in NeMo
Speech on the release day is intended for model development and is expected to be roughly two times
slower. Prefix caching and audio feature caching are disabled, so that every request is processed in
full. The FP8 and NVFP4 configurations store the KV cache in FP8. The CTC timestamp adapter
stays loaded in every configuration, but no request asks for timestamps in any configuration. A
client sends real speech excerpts of 30 seconds and of 10 minutes for verbatim transcription, with
reasoning disabled, greedy decoding, and an output limit of 16,384 tokens, at a fixed number of
concurrent requests between 1 and 256; requests that exceed the 64 engine slots wait in the server
queue. We report the median latency of a request, measured from sending the audio to receiving
the last token of the streamed response, and the throughput as the inverse real-time factor (RTFx),
i.e., the number of seconds of audio transcribed per second of wall-clock time. Each data point
aggregates at least two waves of requests after a warm-up, and the kernels compiled just in time by
FlashInfer (Ye et al., 2025) are built before the measurement.

Figure 8 shows the results. On 30-second excerpts, speculative decoding reduces the latency of a
single request by a factor of 1.4–1.5 with MTP and 2.0–2.5 with DFlash2. The acceptance length,
i.e., the average number of tokens produced per verification step (at most the number of draft tokens
plus one), is 8.0 for MTP and 9.7–10.1 for DFlash2. At high concurrency, speculative decoding also
increases throughput, by a factor of 2.6–2.9 in BF16, 2.2–2.6 in FP8, and 2.0–2.4 in NVFP4, since a
step of the backbone then produces several tokens for each of the 64 sequences. Lower precision
speeds up every configuration: with MTP, FP8 transcribes up to 1,530 and NVFP4 up to 1,811
seconds of audio per second, compared to 1,021 in BF16. The fastest configuration, NVFP4 with
DFlash2, reaches 2,238 RTFx and returns the transcript of a 30-second excerpt in 0.13 seconds when
it serves one request at a time. On 10-minute recordings, the acceptance length of DFlash2 drops to
6.1 tokens on average, below that of MTP (7.9 tokens). In FP8 and NVFP4, DFlash2 still gives the
lowest latency for a single request, e.g., 2.9 seconds for a 10-minute recording with NVFP4 (in BF16,
MTP is slightly faster), but MTP gives the highest throughput in all precisions: 458 RTFx in BF16,
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Figure 8 | Throughput (RTFx, higher is better) versus median request latency (lower is better) of
Nemotron 3.5 Transcribe on a single RTX PRO 6000 Blackwell Server Edition GPU, for 30-second
and 10-minute speech excerpts. Colors denote the precision of the checkpoint, and line styles and
markers the speculative decoding mode. From left to right, the points of every line correspond to 1,
4, 16, 64, 128, and 256 concurrent requests, as labeled on the line with the highest throughput.

Table 18 | Pooled MAL for the released MTP and DFlash2 draft models on nine short-form English
ASR test sets (75,443 requests) and three long-form corpora (440 recordings). All outputs are
included, using vLLM counters before EOS or generation-limit trimming.

Draft model 𝐾 Short-form MAL Long-form MAL

MTP
2 2.93 2.82
7 6.72 5.98

15 10.02 7.84

DFlash2 7 6.39 4.05
15 8.54 4.80

1,300 in FP8, and 1,531 in NVFP4. None of the 10-minute requests ran into a generation loop: the
longest transcript of every configuration is within 1% of the length of its reference.

Draft acceptance across datasets. We evaluate the released MTP module with 𝐾 = 2, 7, and
15 draft tokens and the released DFlash2 draft model with 𝐾 = 7 and 15 on the nine short-form
English ASR test sets (Section 4.2) and the three long-form corpora in Table 7. This dataset
evaluation uses eight H100 GPUs; the speed benchmark above uses a single RTX PRO 6000 GPU,
with 𝐾 = 8 for MTP and 𝐾 = 15 for DFlash2. We report pooled mean acceptance length (MAL),
1 + 𝑁accepted/𝑁rounds, using vLLM’s total accepted draft tokens and draft rounds. Counters are
summed across requests and datasets; per-request MAL values are not averaged. MAL increases with
𝐾 for both draft models, but remains lower on long-form inputs. MTP has higher MAL at matched
𝐾, with a larger gap on long-form audio (Table 18). Appendices C.1 and C.3 give per-dataset pooled
and request-mean MAL, with generation-limit counts.
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4.14. Audio Understanding

Nemotron 3.5 Transcribe is a transcription model. We add audio understanding because it makes
transcription more useful, e.g., to reason about speakers and context or to handle non-speech audio,
and not to compete with general-purpose omni models. We nevertheless evaluate it on established
benchmarks, so that users can judge its scope: MMAR (Ma et al., 2025), using the 294 questions of
its speech subset; MMAU (Sakshi et al., 2025), using the 9,000 questions of its test split, which covers
speech, sound, and music, scored with the official evaluation script; MMAU-Pro (Kumar et al., 2026),
using its non-music multiple-choice questions and its open-ended questions; and the speech tasks of
the AIR-Bench foundation track (Yang et al., 2024), which cover paralinguistic and speaker-related
questions. These benchmarks, like those in Sections 4.15 and 4.16, pose their questions in English;
the audio understanding and reasoning capabilities of Nemotron 3.5 Transcribe may not work
reliably in other languages. All results in this subsection and in Sections 4.15 and 4.16 are obtained
with reasoning enabled (Section 4.1). We use task-specific system prompts (Appendix A), which
specify the expected answer and its format; compared with a generic instruction, they improve, e.g.,
arithmetic with short numbers on Spoken-MQA from 47.0% to 90.0% and MMAR from 59.2% to
66.7%. We also compare with Nemotron 3 Nano Omni (NVIDIA, 2026b), NVIDIA’s general-purpose
omni model built on an LLM of the same size, using its official results where available; for the
benchmarks not covered by its report, we evaluated it with the same benchmark data and scoring
and its recommended reasoning settings, but with the generic instructions of our earlier evaluation.

Table 19 compares Nemotron 3.5 Transcribe with recent open models with audio input, most notably
Qwen3-Omni-30B-A3B (Xu et al., 2025b), which uses an LLM of the same size class, as well as
Qwen2.5-Omni-7B (Xu et al., 2025a), Kimi-Audio (Kimi Team et al., 2025), Audio Flamingo 3
(Ghosh et al., 2025), and GPT-4o-Audio (OpenAI et al., 2024), and lists the best published result
on each benchmark. Nemotron 3.5 Transcribe is ahead of the smaller open models on MMAR,
MMAU-Pro, and the MMAU test set, the latter mainly owing to its accuracy on speech questions,
and slightly behind Qwen2.5-Omni-7B on AIR-Bench. Qwen3-Omni-30B-A3B remains clearly ahead
on MMAR, MMAU-Pro multiple-choice questions, and AIR-Bench, and the best published results
are ahead on all benchmarks. On AIR-Bench (Table 20), Nemotron 3.5 Transcribe recognizes the
spoken language, intent, and gender reliably, but, like most of the other models, struggles with age
estimation.

4.15. Voice Instruction Following

Voice instruction following benchmarks test whether the model responds to a request that is spoken
rather than written, instead of transcribing it. We evaluate on VoiceBench (Chen et al., 2026b),
which covers open-ended requests, knowledge questions, reasoning, instruction following, and refusal
of harmful requests; on Spoken-MQA (Wei et al., 2025), which poses arithmetic and math word
problems in speech; and on the instruction-following subset of MMAU-Pro.

Table 21 shows that Nemotron 3.5 Transcribe outperforms Qwen2.5-Omni-7B and Kimi-Audio
on VoiceBench overall, and Qwen2.5-Omni-7B on Spoken-MQA, where it answers 90–92% of the
questions correctly in every category and achieves the highest published accuracy on arithmetic
with long numbers. The remaining gap to the strongest omni models is largest on knowledge-heavy
spoken questions (SD-QA) and on the open-ended requests rated by an LLM judge. Compared
with the official results of Nemotron 3 Nano Omni, Nemotron 3.5 Transcribe is slightly behind on
MMAU and behind on VoiceBench (Tables 19 and 21). On the remaining benchmarks, we evaluated
Nemotron 3 Nano Omni ourselves with generic instructions, so the comparison is not like-for-like:
Nemotron 3.5 Transcribe is on par on AIR-Bench (Table 20), higher on MMAR, MMAU-Pro
multiple-choice questions, and Spoken-MQA arithmetic, and lower on Spoken-MQA reasoning and
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Table 19 | Audio understanding compared with published results: accuracy (%) or judge score (%),
higher is better. N3 Omni: Nemotron 3 Nano Omni, official results (NVIDIA, 2026b) (MMAU with
reasoning disabled), except for entries marked *, which we obtained with the generic instructions of
our earlier evaluation; Q3-Omni: Qwen3-Omni-30B-A3B Instruct; Q2.5-Omni: Qwen2.5-Omni-7B;
AF3: Audio Flamingo 3.

Open-weights Commercial

Benchmark Ours N3
Omni

Q3-
Omni

Q2.5-
Omni

Kimi-
Audio AF3 GPT-4o Best

published

MMAR, speech𝑎 66.7 62.2* 77.2 59.9 – – 70.4 82.0 (Gemini 2.5 Pro)
MMAU test𝑏 73.4 74.6 – 71.0 64.4 72.4 60.8 76.0 (Audio-Thinker)

speech 76.7 72.8 – 68.9 56.6 67.0 69.3 81.8 (Nova 2 Omni)
sound 74.9 76.9 – 76.8 70.7 75.8 63.2 80.6 (Step-Audio 2)
music 68.6 74.2 – 67.3 65.9 74.5 49.9 74.5 (Audio Flamingo 3)

MMAU-Pro, multiple choice𝑐 52.7 47.2* 57.5 47.9 44.2 49.3 48.9 71.5 (Gemini 3.1 Pro)
MMAU-Pro, open-ended𝑑 66.7 – – 52.3 34.5 44.2 43.2 68.3 (Gemini 3.1 Pro)
AIR-Bench speech, 6 tasks𝑒 72.8 72.8* 76.5 74.6 – – – 77.3 (AZeroS)

𝑎Speech column of the MMAR authors’ table (Ma et al., 2025); the Qwen3-Omni result is from a third-party evaluation (He et al.,
2026). 𝑏Test split of MMAU-v05.15.25; baselines from the official leaderboard. Qwen3-Omni-30B-A3B (Xu et al., 2025b) and
Qwen3.5-Omni-Plus (Qwen Team, 2026a) report 77.5 and 82.2 on MMAU without a per-domain breakdown or a test-split result.
𝑐Non-music questions; baselines are a micro-average over the non-music categories of the official results, weighted by the number of
questions. 𝑑Overall score of the official Qwen2.5-7B-Instruct judge, normalized to percent; Nemotron 3.5 Transcribe: correctness
56.6, relevance 71.1, completeness 60.6, clarity 81.0. 𝑒Mean accuracy over gender, emotion, age, language identification, entity,
and intent, as evaluated in Shao et al. (2026); per-task results in Table 20.

Table 20 | AIR-Bench foundation speech tasks: accuracy (%); higher is better. N3 Omni: Nemotron 3
Nano Omni, evaluated by us with the generic instructions of our earlier evaluation, since its report
does not include AIR-Bench. Other baselines as evaluated in Shao et al. (2026); GPT-4o refused the
gender and age questions. Gender and emotion average two datasets each.

Open-weights Commercial Research
Task Ours N3 Omni Q3-Omni Q2.5-Omni Gemini 2.5 Pro GPT-4o AZeroS
Gender 88.0 82.5 91.1 89.8 90.7 – 86.8
Emotion 60.1 60.3 62.2 54.9 60.7 49.1 71.5
Age 29.6 31.6 36.9 44.8 34.1 – 61.3
Language ID 99.6 96.5 97.7 89.7 99.1 76.0 84.8
Entity 69.9 75.1 80.4 79.7 68.5 61.6 73.6
Intent 89.6 90.9 90.7 88.6 92.2 85.8 85.6
Mean 72.8 72.8 76.5 74.6 74.2 – 77.3

MMAU-Pro instruction following. This is expected, since Nemotron 3.5 Transcribe retains these
capabilities in support of transcription, whereas Nemotron 3 Nano Omni is built as a general-purpose
assistant; it also makes Nemotron 3.5 Transcribe a good starting point for fine-tuning towards audio
understanding tasks that require accurate, speaker-attributed transcripts, such as the analysis of
meetings or customer calls (Appendix B). Nemotron 3.5 Transcribe refuses 94% of the harmful
requests in AdvBench (Zou et al., 2023).

4.16. Text-Only Reasoning

Although Nemotron 3.5 Transcribe is not intended to be used for text-only applications, for
completeness, we report results on text-only benchmarks (Table 22) to demonstrate that some
degree of instruction following and prompt understanding capability was preserved from the base
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Table 21 | Voice instruction following: VoiceBench, in which the spoken audio is the user’s request,
Spoken-MQA, and MMAU-Pro instruction following. AlpacaEval, CommonEval, and WildVoice
are rated on a 1–5 scale by GPT-4o-mini; AdvBench reports the refusal rate on harmful requests;
the VoiceBench overall score averages the nine subsets, with the 1–5 ratings multiplied by 20; the
remaining entries report accuracy (%). N3 Omni: Nemotron 3 Nano Omni, official results (NVIDIA,
2026b), except for entries marked *, which we obtained with the generic instructions of our earlier
evaluation; †the report does not state the SD-QA subset. VoiceBench baselines from the official
leaderboard, except Qwen models (vendor-reported in Xu et al. (2025b)); Spoken-MQA baselines
from Wu et al. (2025) (for MPS, the best of its variants in each row); MMAU-Pro baselines from the
official results.

Open-weights Commercial

Benchmark Ours N3
Omni

Q3-
Omni

Q2.5-
Omni

Kimi-
Audio GPT-4o Best

published

VoiceBench
AlpacaEval 4.5 4.8 4.7 – 4.5 4.8 4.9 (Ultravox)
CommonEval 4.4 4.6 4.5 – 4.0 4.5 4.7 (BR-Voice-Reasoner)
WildVoice 4.4 4.6 4.6 – 4.2 4.6 4.7 (BR-Voice-Reasoner)
SD-QA (USA) 57.1 71.4† 76.9 – 63.1 75.5 88.6 (Ultravox)
MMSU 79.3 82.3 68.1 – 62.2 80.3 88.9 (Launa V1)
OpenBookQA 91.2 93.0 89.7 – 83.5 89.2 96.0 (BR-Voice-Reasoner)
BBH 84.4 91.1 80.4 – 69.7 84.1 95.9 (Launa V1)
IFEval 81.5 88.7 77.8 – 61.1 76.0 88.7 (N3 Omni)
AdvBench 94.4 100.0 99.3 – 100.0 98.7 100.0
Overall 83.8 89.4 85.5 73.6 76.9 86.8 90.6 (Launa V1)

Spoken-MQA
Short-number arithmetic 90.0 88.0* – 83.0 – – 92.9 (Mini-Omni-Reasoner)
Long-number arithmetic 92.5 91.9* – 45.1 – – 88.4 (MPS)
Single-step reasoning 91.2 93.8* – 85.2 – – 96.0 (MPS)
Multi-step reasoning 90.4 92.9* – 71.5 – – 94.6 (MPS)
Weighted mean 90.8 92.8* – 73.6 – – 93.9 (MPS)

MMAU-Pro, instruction following 86.2 93.1* – 61.3 42.3 82.5 95.1 (Gemini 2.5 Flash)

Table 22 | Text-only benchmarks with reasoning enabled: accuracy (%; IFEval: mean of prompt- and
instruction-level strict and loose accuracy), higher is better. The results of Nemotron 3.5 Lightning
30B-A3B are those reported on its model card; –: not reported.

Benchmark Nemotron 3.5 Transcribe Nemotron 3.5 Lightning 30B-A3B
GPQA Diamond (Rein et al., 2024) 62.12 75.44
MMLU (Hendrycks et al., 2021) 83.99 –
MMLU-Pro (Wang et al., 2024) 74.14 81.94
IFEval (Zhou et al., 2023) 84.65 –

model. The training mixture contains only a small share of text-only data (Section 3.1) to prevent
catastrophic forgetting, but not enough to maintain the full text domain capabilities. For reference,
we list the results reported for Nemotron 3.5 Lightning 30B-A3B, which were obtained with a
different evaluation setup and are therefore only roughly comparable.
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5. Conclusions

We introduced Nemotron 3.5 Transcribe, a speech LLM for intelligent transcription that combines a
Parallel Expert Encoder with the Nemotron 3.5 Lightning 30B-A3B hybrid MoE LLM. A single
model performs verbatim, written-form, contextual, multi-speaker, and rich transcription, speech
translation, and language identification, selected with a natural language instruction. It achieves a
mean WER of 4.71% on the 9 public test sets of the English Open ASR Leaderboard, the best result
among open-weights models; it uses contextual information to reduce named-entity word errors by a
factor of five and missed entities by a factor of 10; and it keeps its speaker-attributed transcription
quality from one-minute segments to full sessions, where it outperforms published cascaded and
end-to-end systems. A lightweight CTC adapter adds speaker-attributed word-level timestamps,
even for long and heavily overlapping speech recordings. Its audio understanding, which we include
in support of transcription, is comparable to that of Nemotron 3 Nano Omni, a general-purpose
omni model of the same size, whereas its voice instruction following remains behind; this makes
Nemotron 3.5 Transcribe a good candidate for fine-tuning towards audio understanding tasks that
build on accurate transcription.

Two design decisions shaped Nemotron 3.5 Transcribe. First, we treat the training mixture as a
distribution of supervision rather than of audio: sampling sources by their answer-token mass, and
using every ASR example for one of many tasks, allowed us to add capabilities with sub-percent
sampling rates. Second, we inject speaker information from a frozen diarization model into the
encoder output, which enables speaker-attributed transcription without changing the LLM. Although
not demonstrated in this work, we expect the same mechanism to apply to other frozen “expert”
models.

The model is available on Hugging Face8 under the OpenMDW-1.1 license,9 and the fine-tuning
toolkit in NeMo Speech10 (Appendix B).

Limitations.

• Model scope. Nemotron 3.5 Transcribe is optimized for transcription. Although it retains
some of the text reasoning capabilities of its underlying LLM (Section 4.16), preserving the full
range of these capabilities is not a training objective, and the model should not be treated as a
general-purpose assistant. Its audio understanding and reasoning capabilities are evaluated only
in English and may not work reliably in other languages.

• Evaluation coverage. Our experiments do not exhaustively cover every combination of task,
language, domain, acoustic condition, and prompt. Application-specific evaluation remains
necessary, including for the 40 transcription languages reported in this work.

• MTP training ablation. We do not compare joint training with and without the MTP objective,
so its contribution to transcription accuracy remains unquantified.

• Long-form draft acceptance. At the same draft length, both MTP and DFlash2 have lower
MAL on the evaluated long-form corpora than on the short-form benchmarks, with a larger
reduction for DFlash2 (Table 18).

• Multilingual and multi-speaker speech. Accuracy varies across languages and conditions.
Code-switching across some language pairs, including Chinese–English, remains a limitation.
Mandarin far-field meeting speech, which is under-represented in the training data blend, also
remains challenging. Speaker-attributed transcription supports at most eight speakers.
8https://huggingface.co/nvidia/Nemotron-3.5-Transcribe-30B-A4B
9https://openmdw.ai/license/1-1/

10https://github.com/NVIDIA-NeMo/Speech
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• Prompt dependence. Output conventions such as number normalization, script selection, and
transcription style depend on the wording of the instruction. We recommend the task-specific
instructions listed in Appendix A.

• Auxiliary transformations. Capabilities such as summarization and instruction-based PII
redaction have not been established as uniformly reliable and should be validated for each
application; model-based redaction should not be used as the sole privacy control (Appendix D).

• Output robustness. The model can produce spurious transcripts for non-speech audio, return
empty outputs or refusals for valid transcription requests, and enter generation loops. We provide
a runtime guardrail for repetition loops in Appendix E.

• Conversational use. Deployments that expose the model through a conversational interface
require application-appropriate runtime safety guardrails, particularly for multilingual and multi-
turn inputs, and should not rely on the model alone for content safety or privacy enforcement.

• Streaming. The released model and evaluations target offline transcription and do not provide
native streaming transcription; streaming support remains future work.
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A. Prompting Recommendations

This appendix lists the exact instructions used to obtain the results in Section 4, as well as the
instruction for rich transcription, which we do not evaluate; we recommend them as starting points
for similar applications. Nemotron 3.5 Transcribe is trained with many phrasings of every task,
and in most cases a short, plain instruction works well. However, since the model is an LLM, the
wording of the instruction can affect the output in subtle ways, such as the treatment of filler words,
numbers, or the choice of script.

Prompt layout. Every request follows the chat template of Section 2.6: a system turn, which is
empty unless stated otherwise, and a user turn that contains the instruction followed by the audio.
Reasoning is disabled for transcription, translation, and language identification, and enabled for
audio understanding, voice instruction following, and text-only reasoning, with the decoding settings
described in Section 4.1; a system prompt is not required for reasoning.

General guidelines.

• Disable reasoning for transcription.
• Be explicit about the output form, i.e., verbatim or written form, punctuation, number

format, and script.
• Keep the instruction short for code-switched speech. Longer instructions specific to

code-switching produced near-empty outputs on CS-FLEURS, while a one-sentence instruction
did not.

• Do not reuse a strict instruction across tasks. Instructions that improved one benchmark
repeatedly hurt others; e.g., strict formatting rules that help English ASR hurt multilingual and
code-switched ASR.

A.1. Transcription

For English and multilingual ASR, including the Open ASR Leaderboard, long-form ASR, CoVoST 2,
and HALAS, we use a structured instruction that specifies the language, wording, formatting, and
output separately:
Audio transcription. Language: as spoken. Wording: verbatim, including fillers and

repetitions. Formatting: punctuation and capitalization. Output: transcript only.

Individual fields of this instruction can be adapted to the desired output. For SPGISpeech, whose
references omit filler words, the wording field reads “omit fillers and accidental repetitions; keep
the remaining spoken wording unchanged”. For FLEURS, including the FLEURS subsets of the
multilingual Open ASR Leaderboard, we ask for each language’s standard writing system and for
numbers in written form:
Audio transcription. Language: as spoken, in its standard writing system. Wording:

verbatim, including fillers and repetitions. Formatting: punctuation and
capitalization; numbers in their standard written form. Output: transcript only.

For Monsoon, we append “Use Latin script only.” for Indian English, and “Use Devanagari for Hindi
words, never romanized Hindi. Keep English words in their original spelling.” for Hindi.
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A.2. Numbers in Spoken Form

For Numb3rs, whose references spell out numbers:
Transcribe the audio word for word in the original language. Preserve repetitions,

hesitations, false starts, incomplete words, and the speaker’s grammar. Do not
translate, summarize, correct the wording, or complete an unfinished phrase. Return
only the transcript and stop when the speech ends. Use a plain word transcript without
punctuation. Write numbers as spoken words and keep individually spoken letters

separate.

A.3. Code-Like Entities

For VoiceCodeBench, a list of entity categories, rather than specific entities, substantially improves
their recognition:
Transcribe the audio as a clean written transcript. Context terms to bias toward: phone

number, email address, URL, file path, command, CLI flag, environment variable,
software version, date, time, postal address, reference ID, account ID, record ID,
product code, spelled sequence. Use conventional written forms and preserve
punctuation/separators inside code-like entities.

A.4. Code-Switched Transcription

For CS-FLEURS:
Produce a verbatim transcript of the audio.

For conversational code-switching, we name the script of each language; e.g., for MUCS 2021
Hindi–English:
Transcribe the audio word for word in the original language. Preserve repetitions,

hesitations, false starts, incomplete words, and the speaker’s grammar. Do not
translate, summarize, correct the wording, or complete an unfinished phrase. Return
only the transcript and stop when the speech ends. Write Hindi in Devanagari and
English words in the Latin alphabet. Use a plain transcript without sentence
punctuation.

For ASCEND and MUCS 2021 Bengali–English, the script sentence reads “Write Mandarin in
simplified Chinese characters and English in the Latin alphabet.” and “Write Bengali in Bengali
script and English words in the Latin alphabet.”, respectively.

A.5. Contextual Biasing

The contextual ASR benchmarks define their own instructions. For ContextASR-Bench Speech
(English), without context:
Transcribe the English audio into text, ensuring all punctuation marks are included.

With a domain label (coarse) or a domain label and an entity list (fine), the instruction is prefixed
with:
This audio belongs to the {domain} field.
This audio belongs to the {domain} field and may contain the following words or phrases: {

entity_1}, {entity_2}, ...
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Contextual Earnings-22 uses the same instruction as ContextASR-Bench Speech (English) without
context, prefixed in the local and global settings with, respectively:
This audio may contain the following words or phrases: {keyword_1}, {keyword_2}, ...
This audio may contain the following words or phrases (some may not be present in the

clip): {keyword_1}, {keyword_2}, ...

The model is trained to ignore listed terms that are not spoken, so it is safe to provide a vocabulary
for a whole session.

A.6. Transcription Style

For Preference-ASR, the default setting uses “Transcribe this recording.”, and the instructed setting
uses the style instruction that comes with each example, e.g., “Transcribe the input speech. The
following entities may appear: CEDEFOP, Union”.

A.7. Multi-Speaker Transcription

Transcribe this audio. Include all spoken words and verbal fillers. Write numbers as
spoken. Use no punctuation and no capitalization. Start every speaker turn with a
speaker tag such as <spk:0>, <spk:1>, <spk:2>, etc.; assign one stable tag per speaker
and keep speaker identities consistent. Output only the speaker-tagged transcript.

A.8. Near-Field Transcription (Experimental)

Transcribes only the speaker nearest to the microphone (Section 4.8):
Transcribe this audio. Include all spoken words and verbal fillers. Write numbers as

spoken. No punctuation or capitalization. Transcribe only the speaker nearest to the
microphone. Do not transcribe any other voices.

A.9. Rich Transcription

Transcribe this audio with punctuation and capitalization. Include all spoken words and
verbal fillers. Write numbers in their standard written form. Use <ev:*> and <sty:*>
special tokens to recognize all non-speech verbatims and speaking style.

The response marks non-verbal events and spans of speaking style with the tags listed in Table 30,
as in this target from the training data:
<sty:stt:flat> I just... <ev:laughter> I don’t know why they’d want her in something so

dull. She was anything but. <sty:end:flat>

A.10. Speech Translation

Please translate the given speech to {target language}.
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A.11. Language Identification

The instruction lists the candidate labels, e.g., for FLEURS:
Identify the language spoken in this audio. Respond with exactly one of the following

locale labels and nothing else: ar_eg, bg_bg, cmn_hans_cn, ..., vi_vn.

A.12. Audio Understanding

The multiple-choice benchmarks provide the question and the options in the user turn; e.g., for
MMAU and MMAR:
Listen to the audio and answer the multiple-choice question.

Question: {question}

Options:
A. {option A}
B. {option B}
...

Respond with only the text of the correct option.

The system prompt specifies the answer format. For the MMAU test set, MMAR, and the MMAU-Pro
multiple-choice questions:
Listen to the provided audio and select the single best answer to the multiple-choice

question.

Your final answer must be the complete text of exactly one option, copied verbatim from
the supplied choices. The option letters are identifiers only and must never appear as
labels in your final answer. If you select option C, output the text after C., not

the letter C. Preserve every word, number, spelling, and punctuation in the selected
option. Do not paraphrase, shorten, correct, translate, or add to it. Even if the
question asks for an explanation, a count, or a phoneme, select and copy one supplied
option rather than composing a new answer.

Output only the selected option text. Do not include an option label, an answer prefix,
quotation marks around the answer, Markdown, an explanation, rejected alternatives, or
a list of choices. If an option itself begins with the word A or contains quotation

marks, preserve them as part of its text.

Example: with options A. Heavy rain, B. Snowfall, C. Sunny day, D. Windy, selecting A
requires the final answer Heavy rain. The answers A and A. Heavy rain are invalid
output formats.

Before giving your final answer, check that it is an exact copy of one supplied option
with its option label removed. If uncertain, choose the most likely option and copy
its text. The evaluator compares words in the final answer against the option text;
missing words or words from other options can cause a correct choice to be marked
wrong.

For MMAU-Pro open-ended questions:
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Answer the user’s question directly using evidence from every provided audio clip in their
given order. Identify exactly what the question asks, including the relevant clip,

speaker, event, comparison, or sequence. Answer every requested part and preserve
exact names, numbers, quantities, and temporal relationships supported by the audio.
Do not transcribe the clips, repeat the question, invent details, substitute a general
discussion, or include unrelated background. If the user specifies a response format,
follow it exactly. Give a concise, specific answer first and include only the

explanation needed to answer the question. Before responding, check that the answer
addresses the actual question and all its explicit constraints.

For AIR-Bench, whose user turn asks for an option letter:
Use the provided audio as evidence to answer the user’s multiple-choice question. Select

the single best supplied option. Output exactly one uppercase option letter: A, B, C,
or D. The option letters identify the choices; output the selected identifier, not its
text. Example: if option C is correct, the complete final answer is C. The example

demonstrates syntax only. Do not include an answer prefix, punctuation, quotation
marks, Markdown, transcript, explanation, other letters, or option text. Before
responding, verify that the answer is one permitted uppercase letter and nothing else.
If uncertain, select the most likely listed option.

A.13. Voice Instruction Following

The user turn contains only the audio or a short generic instruction, and the system prompt tells
the model to carry out the spoken request instead of transcribing it. Every system prompt in this
section starts with:
You are a voice-controlled assistant. The speech in the provided audio is the user’s

request: understand it and carry it out. Produce the requested answer or artifact
rather than a transcript of the speech, unless transcription is explicitly requested.

VoiceBench and MMAU-Pro instruction following. For IFEval, AlpacaEval, CommonEval,
WildVoice, AdvBench, and MMAU-Pro instruction following, the preamble continues with:
Follow every explicit content and formatting constraint exactly, including counts, case,

required and forbidden words, delimiters, sections, and beginning or ending
requirements. Preserve names, numbers, and units. Before responding, check your final
answer against every stated requirement. Output only the requested response; add no
introduction, apology, quotation marks, or Markdown unless the request calls for them.
Do not describe how you followed the instructions.

For IFEval and MMAU-Pro instruction following, the system prompt ends here. For AlpacaEval,
CommonEval, and WildVoice, it continues with:
Answer directly and specifically. Put the answer first, cover every requested part, and

avoid repetition or generic background. If the request specifies a length or structure
, follow it; otherwise use only the detail needed to complete the request.

For AdvBench, it continues with:
If the request asks for harmful or illegal assistance, give a brief, clear refusal

without providing the harmful instructions. When useful, offer a safe alternative.
Answer benign requests directly.
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For SD-QA, the preamble is followed directly by:
Answer the spoken factual question directly and accurately. Put the requested fact first.

Preserve exact names, dates, numbers and units. If more than one fact is requested,
answer every part. Do not restate the question, provide a transcript, invent details,
or add unrelated background. Use a concise answer unless the spoken request requires
more detail. Before responding, check that your answer addresses the exact question
asked.

For MMSU and OpenBookQA:
For the spoken multiple-choice question, select exactly one option. Your final response

must be exactly one line: The answer is: X, replacing X with the selected uppercase
option letter A, B, C, or D. For example, selecting option C requires The answer is: C
. The example demonstrates syntax only. Do not copy the option text, output the letter
alone, or add punctuation, explanation, alternatives, or text after that line. Before
responding, verify the selected letter and the exact answer marker.

For BBH:
Solve the exact spoken task. For a yes/no question, output exactly The answer is: Yes or

The answer is: No, as appropriate. For a choice between adjective-order options (A)
and (B), output exactly The answer is: (A) or The answer is: (B). Use the answer type
requested in the audio. The examples demonstrate syntax only. Do not include a
transcript, explanation, competing answer, quotation marks, or extra text. Before
responding, check that the single final answer follows the requested yes/no or
parenthesized-option format.

Spoken-MQA. The user turn contains a short generic instruction, such as “Solve the math
problem.”, followed by the spoken problem. For all four subsets, the preamble is followed by:
Solve the exact arithmetic or reasoning problem spoken in the complete audio. Carefully

preserve every digit, decimal place, sign, quantity, unit, and requested operation.
Compute the requested result rather than repeating the expression. Do not round or
change precision unless requested. Your final response must be exactly one line: The
answer is: <number>, replacing <number> with the single numeric result written in
digits. For example, a result of negative twelve point five must be written The answer
is: -12.5. The example demonstrates syntax only. Use the answer marker exactly once.

Do not output units, thousands separators, alternatives, an equation, explanation, or
text after the numeric answer. Before responding, check the calculation and ensure
that the first number after the marker is the final requested result.

A.14. Text-Only Reasoning

GPQA, MMLU, and MMLU-Pro use the benchmarks’ own questions, and the system prompt specifies
the answer format. For GPQA:
Solve the multiple-choice question and select the single best listed option. Your final

response must be exactly one line in the format Answer: X, with X replaced by one
uppercase option letter from A, B, C, D. Example of the required syntax: Answer: C.
The example demonstrates formatting only. Use the selected option letter rather than
copying its text. Do not output a slash-separated list, a lowercase letter, Markdown,
quotation marks, explanation, rejected alternatives, or anything after the answer line
. Before responding, verify that the letter identifies one supplied option and that
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the marker and delimiters match the required syntax exactly. If uncertain, select the
most likely listed option and output that one answer line.

MMLU uses the same prompt with the format Answer: \boxed{X}, and MMLU-Pro with the ten
option letters A–J (and the example Answer: H). For IFEval:
Carry out the user request. Follow every explicit content and formatting constraint

exactly, including counts, case, required and forbidden words, delimiters, sections,
and beginning or ending requirements. Preserve names, numbers, and units. Before
responding, check your final answer against every stated requirement. Output only the
requested response; add no introduction, apology, quotation marks, or Markdown unless
the request calls for them. Do not describe how you followed the instructions.

B. Fine-Tuning Recommendations

Alongside the model, we release a fine-tuning toolkit and a set of tutorials in NeMo Speech.11 The
toolkit adapts Nemotron 3.5 Transcribe to a new domain or task on a single GPU and evaluates it
with vLLM. It consists of scripts for every stage of the process: data preparation, deriving a training
configuration from the checkpoint, training with safety checks, export with LoRA merging, and
evaluation. Sixteen tutorial notebooks apply the same recipe to public benchmarks for new tasks,
languages, and domains, from a new ASR language to anti-spoofing, and a case study shows how to
build a domain-specific training set from synthetic speech when no in-domain training data exists.
The toolkit also includes an agent skill, i.e., instructions for AI coding agents, that guides an agent
through the complete fine-tuning workflow and its checks. This appendix summarizes the outcomes
of these 17 fine-tuning experiments and the recommendations that emerged from them; the toolkit’s
guide describes each step in detail. The experiments were carried out with an early release candidate
of Nemotron 3.5 Transcribe from an earlier, shorter training run, not with the released model, and
all results below were measured on a single NVIDIA GB300 GPU; we expect similar gains with the
released model.

B.1. What Fine-Tuning Buys

Figure 9 compares the base model, prompted with the best of several hand-written prompts, with
the fine-tuned model on every task. In each tutorial, the training prompt, the checkpoint, and all
other free parameters are selected on the development set, and the test set is decoded once. The
base-model baseline is the one deliberate exception: every candidate prompt is scored on test, and
the best one is reported, so that the comparison favors the baseline rather than the fine-tuned model.

We observe that tasks which are new to the model tend to gain the most, in several cases by 50%
relative or more, whether they introduce a new label space (intents, emotions, sound events), a
new language, a numeric score, or a detector. Conversely, accented conversational English (EdAcc)
improves only from 16.2% to 15.9% WER; many of the remaining errors are due to annotation
conventions of the benchmark rather than recognition errors. Fine-tuning can also largely retain
general English ASR: in the medical case study (Appendix B.2), the WER on LibriSpeech test-clean
increased only moderately, from 1.49% to 1.75%. Training is not bit-exact reproducible, and on the
small test sets we observed differences of 1–6 points between repeated runs.

11https://github.com/NVIDIA-NeMo/Speech/tree/main/examples/speechlm2/finetuning and https://github.
com/NVIDIA-NeMo/Speech/tree/main/tutorials/speechlm2/finetuning.
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Figure 9 | Results of fine-tuning Nemotron 3.5 Transcribe on 17 tasks, each on a single GB300
GPU with 300–2,000 training steps. The base model uses the best of several hand-written prompts,
scored on the test set. Music genre classification uses a linear probe on the frozen model’s label
log-probabilities instead of weight fine-tuning, which made the model worse on this task. The
pronunciation score is the Pearson correlation ×100. Tasks which are new to the model gain the most,
while accented conversational ASR in a well-covered language gains the least. Benchmarks: FLEURS
(Conneau et al., 2022), ASCEND (Lovenia et al., 2022), EdAcc (Sanabria et al., 2023), CoVoST 2
(Wang et al., 2021b), HeySQuAD (Wu et al., 2023), SLURP (Bastianelli et al., 2020), CREMA-D
(Cao et al., 2014), Speech Commands (Warden, 2018), ESC-50 (Piczak, 2015), VocalSound (Gong
et al., 2022), GTZAN (Tzanetakis and Cook, 2002), NSynth (Engel et al., 2017), CommonLanguage
(Sinisetty et al., 2021), speechocean762 (Zhang et al., 2021), ASVspoof 2019 (Wang et al., 2020),
SEP-28k (Lea et al., 2021), and Eka Care medical ASR (Eka Care, 2024).

Cost. Reproducing one tutorial end-to-end, including the baseline decodes, 300–500 training steps,
exports, development set selection, and the test decode, takes between 0.5 and 2.3 GPU-hours.
Decoding accounts for about half of this time, and fixed costs (model loading, validation, and
checkpointing) for 20–60% of a training run. Since the compute is set by the number of steps rather
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Figure 10 | FLEURS Swahili WER after fine-tuning on random subsets of the training data, with
the same recipe and step count. 13 minutes of audio recover more than half of the gain obtained
with the full 13.5 hours.

than by the dataset size, a run costs about the same regardless of how much data is used.

How much data is needed. Small datasets go a long way (Fig. 10). With 13 minutes of Swahili
speech, the WER drops from 73.7% to 40.8%, more than half of the improvement obtained with the
full 13.5 hours. For tasks in which the model mainly has to learn an output format or a scale, such
as pronunciation scoring, about 50 examples are enough. For new label spaces, 10 examples per
class already give a substantial gain, and a few hundred per class come within a few points of the
full dataset.

Prompting versus fine-tuning. We recommend trying prompts first, since they are free. Prompt-
ing fixes format errors: naming the language in the prompt is worth about 20 WER points on
Swahili, and the instruction “English, in the Latin alphabet” reduced the WER on Indian-accented
medical speech from 30.8% to 23.8%, since the base model otherwise tended to transcribe it in
Devanagari or Tamil script. Prompting does not add knowledge, however: on label-choice tasks,
gains found on a small development set often failed to transfer to the test set, and an automated
prompt search, in which an LLM proposes prompts based on the model’s errors, did not close the
gap either. Fine-tuning (for music genre classification, a linear probe) outperformed the best prompt
on every task.

B.2. Case Study: Medical ASR from Synthetic Data

The Eka Care medical ASR benchmark (Eka Care, 2024) consists of 8.4 hours of Indian doctors
and medical students reading medical entities and sentences, and of doctor–patient conversations,
and provides a test set only. We built a training set with about 150 hours of synthetic speech from
medical text written by an open LLM and from public medicine catalogs, rendered to its spoken
form by an LLM and synthesized with several voices of MagpieTTS (NVIDIA, 2025c) and Kokoro
(hexgrad, 2025), and mixed it with real Indian-accented speech from Common Voice (Ardila et al.,
2020) and medical English speech from MultiMed (Le-Duc et al., 2025). Each synthetic example
states a written convention in its prompt (e.g., numbers as digits, units attached to drug strengths),
and its label is rendered in that convention, so the model learns to follow a requested convention
instead of guessing it. Some prompts include a term list with near-miss distractors, in which the
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correct term is missing a quarter of the time, so that the model learns to copy a spelling only when
the audio supports it. Two models trained on different data mixtures were averaged.

On speakers held out from all selection decisions, the fine-tuned model reduces the WER from
24.03% (base model, best prompt) to 12.06%, compared with 14.92% for Whisper-large-v3 (Radford
et al., 2023) and 13.79% for Parrotlet-a-en-5b (Eka Care, 2025), a medical specialist model, all run
through the same scoring pipeline. The entire process took about 14 GPU-hours, including text
generation and speech synthesis. The main limitation is the long tail of drug brand names: brands
covered by the synthetic data are recognized better than by the specialist model, while brands never
heard in training are not.

B.3. Recommendations

Derive the configuration from the checkpoint. The checkpoint’s config.json is the au-
thoritative description of the model. Starting from a generic example configuration easily yields
a model whose parameter names do not match the checkpoint, e.g., a plain Transformer encoder
instead of the Parallel Expert Encoder; since the loaders are non-strict, the training then silently
starts from randomly initialized modules. The toolkit’s make_ft_config.py carries over everything
from the checkpoint’s configuration (encoder, MTP, prompt format, audio token) and replaces
only the recipe: the parameters to train, LoRA, the optimizer, and batching. Before training,
check_checkpoint_coverage.py verifies that every checkpoint tensor is matched, and a 20-step
smoke test checks the restore log and the loss.

What to train. On small in-domain datasets (around 10 hours), adaptation quality does not
increase with the number of trainable parameters. We recommend freezing the model and re-opening
three parts: the ASR branch of the encoder, which carries the acoustic adaptation; the projection;
and LoRA adapters (Hu et al., 2022) on the LLM, which carry the lexical adaptation:
freeze_params: ["^llm\\..+$", "^perception\\..+$"]
prevent_freeze_params:

- "^perception\\.encoder\\.asr_encoder\\..+$"
- "^perception\\.encoder\\.asr_norm\\..+$"
- "^perception\\.proj\\..+$"

lora:
dim: 32
alpha: 64
dropout: 0.0
target_modules: [q_proj, k_proj, v_proj, o_proj, in_proj, out_proj, up_proj, down_proj]

This combination typically outperforms partial unfreezing of the LLM, which in turn outperforms full
fine-tuning. Keep the diarization branch and the MoE routing gates frozen (train_gate: false);
retraining the routing on a narrow domain re-specializes the experts behind it. Note that LoRA can
only target nn.Linear modules, so the weights which are stored as grouped tensors are not adapted.
When the domain sounds different (channel, noise, accent), giving the encoder a higher learning rate
than the LoRA adapters is usually the largest single gain; when only the output language or format
changes, as in translation, freezing the encoder is usually better. Encoder-only and LoRA-only runs
reveal whether a domain shift is acoustic or lexical.

Data and prompts. Every training example carries its prompt in the context field of the manifest,
and the evaluation script reads the same field, so the training and evaluation prompts are identical
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by construction. Choose the prompt before training: score several candidates on the base model,
and use the best one both as the baseline and as the training prompt. Before training, compare
the reference transcripts with the base model’s outputs: fine-tuning teaches the surface form of the
references as readily as their vocabulary, so upper-case, unpunctuated references teach the model to
drop punctuation, which shows up only on a general-domain test set. Blending an out-of-domain
corpus into a small in-domain one usually hurt in our experiments, partly because the auxiliary
corpus follows different annotation conventions; if an auxiliary corpus is needed, relabel it with the
model itself. Shuffle large manifests on disk, and check the training data for overlap with the test
references.

Batching and hyperparameters. Use token-based batching with packed sequences and no
bucketing. On a single large GPU, training LoRA, the encoder, and the projection with activation
checkpointing takes about 65 + 0.95 × 𝐵/1000 GB of memory for a budget of 𝐵 tokens per batch,
and the throughput peaks around 𝐵 = 120,000 tokens. On small datasets, however, size the batch
for the number of steps rather than for throughput: below roughly 20 hours of audio, choose 𝐵 to
yield 15 to 25 steps per epoch. A learning rate of 10−4 with a short warmup and 300–2,000 steps is
a good starting point. Full fine-tuning with AdamW needs about six times the memory of the BF16
weights and, on a few hours of audio, usually trains worse than the recipe above.

Checkpoint selection. Select checkpoints by decoding the development set rather than by the
validation loss, which tracks the decoded metric only loosely; a middle checkpoint often outperforms
the last one. Averaging several checkpoints of the same run is a reliable gain, as is voting over the
hypotheses of independently trained runs (e.g., with ROVER (Fiscus, 1997)). Always evaluate the
candidates on a general-domain set as well, such as LibriSpeech test-clean, to detect a fine-tuning
run that reaches a good domain WER by replacing the model’s output distribution.

Export and serving. export_checkpoint.py converts a training checkpoint into the Hugging
Face format and merges the LoRA adapters into the base weights, so that the result can be served
with vLLM without LoRA support. Always merge before serving, and average merged checkpoints
rather than adapters. At inference time, two settings matter most. First, disable the reasoning mode
of the chat template, so that the assistant turn starts with an empty <think></think> block as
in training; otherwise the model generates a reasoning trace that ignores the audio, and the WER
exceeds 100%. Second, use the all Mamba cache mode for MTP speculative decoding (Section 4.1),
and keep the mtp block of the configuration unchanged during fine-tuning so that the fine-tuned
model retains this ability.

C. Detailed Results

Table 23 lists the per-language results of Nemotron 3.5 Transcribe on FLEURS, CoVoST 2, and
VoxLingua107, which are summarized in Sections 4.5, 4.10 and 4.11. ASR is reported as WER,
or CER for languages marked with †; translation as BLEU, computed with the corresponding
sacreBLEU tokenizers for Chinese, Japanese, and Korean targets and as spBLEU for Thai targets
(*); and language identification as accuracy. “–” marks languages that are not part of a benchmark.

C.1. MTP Acceptance by Dataset

Table 24 compares pooled and request-mean MAL by dataset. The pooled values underlie Table 18;
both metrics use outputs from the same evaluation. We evaluate the released BF16 checkpoint in
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Table 23 | Per-language results of Nemotron 3.5 Transcribe. ASR: WER or CER† (%), lower is
better. LID: accuracy (%), higher is better. Translation: BLEU, higher is better; X→En translates
speech in the listed language into English text, En→X translates English speech into text in the
listed language.

ASR LID FLEURS ST CoVoST 2 ST
Language FLEURS CoVoST 2 FLEURS VoxL.107 X→En En→X X→En En→X
Arabic 6.23 12.17 99.77 97.00 30.01 21.77 42.61 21.34
Bulgarian 7.92 – 99.70 – 35.09 34.00 – –
Chinese 8.73† 9.67† 100.00 100.00 21.88 38.51 20.54 38.45
Croatian 8.43 – 99.56 100.00 32.80 25.98 – –
Czech 5.13 – 99.45 – 35.07 27.33 – –
Danish 9.06 – 99.89 98.99 38.70 39.32 – –
Dutch 3.81 5.37 100.00 100.00 29.74 25.47 44.34 –
English 3.31 6.42 99.69 98.75 – – – –
Estonian 9.09 15.03 98.54 88.24 31.14 21.62 20.55 24.71
Filipino 17.93 – 97.72 – 6.40 9.46 – –
Finnish 6.24 – 100.00 96.77 28.57 20.93 – –
French 3.24 4.77 100.00 99.00 38.19 42.51 41.14 –
German 2.71 2.89 100.00 100.00 39.96 33.93 39.44 34.29
Greek 27.09 – 97.69 100.00 24.44 23.78 – –
Hebrew 20.36 – 99.37 – 28.46 25.47 – –
Hindi 7.50 – 94.02 – 29.62 22.09 – –
Hungarian 7.70 – 99.12 100.00 28.33 20.69 – –
Indonesian 14.71 43.85 99.85 – 8.83 18.44 6.95 15.39
Italian 1.39 3.03 100.00 100.00 29.10 27.14 38.77 –
Japanese 4.51† 10.05† 100.00 100.00 23.00 29.73 28.93 29.92
Korean 2.79† – 100.00 – 24.23 27.68 – –
Latvian 8.19 18.99 80.49 81.05 31.06 25.60 25.69 23.60
Lithuanian 12.66 – 99.70 84.62 25.44 21.03 – –
Maltese 16.28 – 99.78 – 31.76 23.51 – –
Norwegian 63.26 – – – 29.74 17.24 – –
Polish 3.76 – 99.87 100.00 26.54 18.56 – –
Portuguese 3.05 2.85 100.00 100.00 44.33 42.65 54.46 –
Romanian 6.02 – 99.55 – 36.76 34.01 – –
Russian 3.72 2.34 99.74 100.00 32.73 25.83 49.31 –
Slovak 5.27 – 97.85 – 33.72 26.48 – –
Slovenian 11.13 32.97 90.05 55.56 26.83 23.54 22.46 29.49
Spanish 2.20 2.82 100.00 100.00 28.70 25.60 41.70 –
Swedish 7.29 14.67 99.74 98.00 39.79 38.61 40.51 38.97
Thai 7.19† – 100.00 – 20.19 39.20* – –
Turkish 6.88 19.37 100.00 95.83 23.66 8.70 21.31 7.20
Ukrainian 5.98 – 100.00 100.00 34.12 24.18 – –
Vietnamese 2.88† – 100.00 – 22.21 24.81 – –
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Table 24 | Per-dataset MTP MAL (pooled / request mean). 𝑁 counts short-form requests or original
long-form recordings. “Limit reached” gives counts for 𝐾 = 2, 7, 15; long-form counts refer to
recordings with at least one request reaching the generation limit.

MAL (pooled / request mean) Limit reached
Dataset 𝑁 𝐾 = 2 𝐾 = 7 𝐾 = 15 𝐾 = 2, 7, 15
Short-form
LibriSpeech test-clean 2,620 2.90 / 2.88 6.46 / 6.42 9.31 / 9.64 0 / 0 / 0
LibriSpeech test-other 2,939 2.86 / 2.85 6.11 / 6.17 8.41 / 8.99 0 / 0 / 0
VoxPopuli 628 2.94 / 2.95 6.93 / 7.01 10.56 / 11.01 0 / 0 / 0
GigaSpeech 18,757 2.92 / 2.93 6.69 / 6.75 9.87 / 10.32 0 / 0 / 0
SPGISpeech 39,341 2.95 / 2.95 6.96 / 7.04 10.82 / 11.36 0 / 0 / 0
Earnings-22 341 2.86 / 2.86 6.36 / 6.41 9.25 / 9.56 0 / 0 / 0
AMI 7,715 2.84 / 2.84 5.71 / 5.84 7.21 / 7.83 0 / 0 / 0
Monsoon English 2,102 2.89 / 2.89 6.37 / 6.50 8.96 / 9.53 0 / 0 / 0
URGENT 2024 1,000 2.83 / 2.84 5.90 / 6.25 8.01 / 9.40 0 / 1 / 1
Long-form
Earnings-21 44 2.90 / 2.89 6.69 / 6.61 9.56 / 9.50 2 / 1 / 1
Earnings-22 125 2.86 / 2.85 6.39 / 6.36 8.82 / 8.88 4 / 5 / 4
CORAAL 271 2.78 / 2.77 5.64 / 5.72 7.11 / 7.44 7 / 5 / 2

vLLM on eight H100 GPUs (TP=1, DP=8, EP=8), with up to 512 short-form or 32 long-form
requests running concurrently across all GPUs. CORAAL combines its eight subsets.

Pooled MAL weights each request by its number of draft rounds. Request-mean MAL weights each
inference request equally; requests with no draft rounds are assigned MAL=1. For MAL evaluation,
we split long-form recordings into chunks of at most 50 minutes with 5 seconds of overlap, yielding
604 inference requests from 440 recordings. We cap generation at 256 tokens per short-form request
and 27,168 tokens per long-form chunk.

vLLM counts accepted draft tokens before trimming at EOS or the generation limit; the +1 in MAL
counts one backbone token per round by convention. We retain all outputs, including repetitions
and those that reach the limit. MAL therefore measures acceptance, not useful transcript tokens per
round.

C.2. MTP Head-Only Finetuning

We fine-tune the MTP head using cross-entropy (CE) or the hybrid LK objective (Samarin et al.,
2026). LK combines forward KL divergence and total variation distance:

ℒLK(𝑝, 𝑞) = 𝜆 KL(𝑝‖𝑞) + (1 − 𝜆) TV(𝑝, 𝑞), (3)

where 𝑝 and 𝑞 are the backbone and draft next-token distributions, and we set 𝜆 = 0.5. The TV
term encourages higher token acceptance under speculative sampling (Leviathan et al., 2023).

Both variants start from the released MTP head and use the same generated token sequences and
1,000 optimization steps. We unroll the same shared MTP layer for three prediction depths in these
experiments, compared with two during joint training. The backbone remains frozen. CE uses
the generated token IDs as hard targets; LK uses the sequences as contexts and the backbone’s
next-token distributions as targets. These experimental heads are not included in the released
checkpoint.
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Table 25 | MTP head finetuning: MAL (pooled / request mean) on nine short-form datasets (75,443
requests) and three long-form corpora (440 recordings, 604 requests). CE uses backbone-generated
token IDs as hard targets; LK uses the same sequences as contexts and backbone distributions as
targets. The backbone is frozen.

Benchmark 𝐾 Released MTP CE LK
Short-form 7 6.721 / 6.759 6.756 / 6.796 6.766 / 6.803
Short-form 15 10.020 / 10.500 9.511 / 9.910 10.123 / 10.541
Long-form 7 5.980 / 6.048 5.978 / 6.077 6.092 / 6.148
Long-form 15 7.838 / 8.184 7.490 / 7.851 8.163 / 8.526

Table 26 | Per-dataset DFlash2 MAL (pooled / request mean). 𝑁 counts short-form requests or
original long-form recordings. “Limit reached” gives counts for 𝐾 = 7, 15; long-form counts refer to
recordings with at least one request reaching the generation limit.

MAL (pooled / request mean) Limit reached
Dataset 𝑁 𝐾 = 7 𝐾 = 15 𝐾 = 7, 15
Short-form
LibriSpeech test-clean 2,620 6.20 / 6.18 7.93 / 8.27 0 / 0
LibriSpeech test-other 2,939 5.78 / 5.88 6.97 / 7.48 0 / 0
VoxPopuli 628 6.69 / 6.78 9.45 / 10.07 0 / 0
GigaSpeech 18,757 6.30 / 6.38 8.23 / 8.77 0 / 0
SPGISpeech 39,341 6.69 / 6.79 9.49 / 10.14 0 / 0
Earnings-22 341 5.96 / 6.01 7.64 / 7.98 0 / 0
AMI 7,715 5.26 / 5.39 5.79 / 6.32 0 / 0
Monsoon English 2,102 5.95 / 6.06 7.34 / 7.88 0 / 0
URGENT 2024 1,000 5.31 / 5.76 6.18 / 7.44 1 / 1
Long-form
Earnings-21 44 4.09 / 4.37 5.07 / 5.28 1 / 1
Earnings-22 125 3.82 / 4.10 4.60 / 4.89 4 / 4
CORAAL 271 4.20 / 4.43 4.86 / 5.15 3 / 5

We use the evaluation protocol, dataset coverage, and MAL definitions in Appendix C.1. At 𝐾 = 15,
LK increases pooled MAL from 10.020 to 10.123 (+1.0%) on short-form and from 7.838 to 8.163
(+4.1%) on long-form, whereas CE fine-tuning reduces MAL on both benchmarks at 𝐾 = 15 and
changes it by less than 1% at 𝐾 = 7 (Table 25).

C.3. DFlash2 Acceptance by Dataset

Table 26 reports pooled and request-mean MAL for the released DFlash2 draft model at 𝐾 = 7 and
15. We use the same dataset coverage, prompts, chunking, generation limits, and MAL definitions
as in Appendix C.1. Evaluation uses BF16 weights on eight H100 GPUs (TP=1, DP=8, EP=8),
with up to 512 short-form or 32 long-form requests running concurrently across all GPUs.

C.4. DFlash2 Supervision Comparison

We compare two supervision methods on the same audio examples and prompts. Both runs start
from the same pretrained draft and train for 1,000 optimization steps with the backbone frozen,
using the same draft and selector cross-entropy losses, loss weights, and positional decay. The
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Table 27 | DFlash2 supervision comparison: MAL (pooled / request mean) on nine short-form
datasets (75,443 requests) and three long-form corpora (440 recordings, 604 requests). The two
experimental drafts use 1,000 optimization steps; the released draft uses 4,000.

Benchmark 𝐾 Released DFlash2 Argmax control Generated labels
Short-form 7 6.394 / 6.447 6.446 / 6.513 6.404 / 6.466
Short-form 15 8.544 / 9.129 8.992 / 9.572 9.088 / 9.672
Long-form 7 4.051 / 4.308 3.423 / 3.771 3.428 / 3.779
Long-form 15 4.795 / 5.072 3.456 / 3.919 3.457 / 3.946

generated-label run uses autoregressively generated backbone token sequences as both contexts and
hard targets. The argmax control uses teacher-forced reference prefixes as context and the backbone’s
most probable next tokens as hard targets, avoiding expensive autoregressive label generation.

Table 27 uses the evaluation protocol and dataset coverage in Appendix C.3 and includes the released
4,000-step draft for reference. The generated-label and argmax-control runs yield similar MAL on
both benchmarks at 𝐾 = 7 and 15. Both experimental drafts have lower long-form MAL than the
released model. These experimental drafts are not included in the release.

D. Probe: Transcription with PII Redaction

Transcripts of calls and meetings often contain personally identifiable information (PII), such as
phone numbers, e-mail addresses, or payment card numbers, that must not be stored in plain text.
Since Nemotron 3.5 Transcribe follows natural language instructions, it can transcribe and redact
such information in a single pass, and its training data includes a small amount of PII tagging data
(Section 3.1). This appendix reports a small probe of this capability. It is not a thorough evaluation:
the test set is small, synthetic, and English-only, and we did not tune the instructions for it.

Test set. The test set consists of 1,000 synthetic English utterances (2.45 hours) generated
with a multi-speaker VITS text-to-speech model trained on VCTK, with 108 voices. It covers 25
categories of high-risk identifiers, with 40 utterances each and 1,080 annotated entities in total:
e-mail addresses (spoken and spelled), domestic and international phone numbers, fax numbers,
US and UK street addresses, payment card numbers and security codes, bank account and routing
numbers, SWIFT/BIC codes, social security, national, and tax identifiers, customer and employee
IDs, health plan and medical record numbers, certificate and license numbers, passwords, PINs, API
keys, HTTP cookies, and utterances with mixed identifiers. The reference replaces every identifier
with its type in angle brackets, e.g., <phone-number>.

Workflows. We evaluate two ways of using the model:

• Direct redaction: a single request asks the model to transcribe the audio and replace high-risk
identifiers with typed placeholders.

• Transcription, then redaction: the model first produces a verbatim transcript; in a second turn
of the same conversation, which still contains the audio, it is asked to redact its own transcript.

The redaction instruction is the same in both workflows:
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Table 28 | PII redaction probe on 1,000 synthetic English utterances with 1,080 identifiers (%).
Lower is better for WER and leakage.

Metric Direct Transcribe, then redact
WER of the first-turn transcript – 10.16
WER of the redacted transcript 5.35 5.12
Placeholder precision 85.23 88.33
Placeholder recall 85.46 90.37
Placeholder F1 85.34 89.34
Utterances with exact placeholders 81.30 86.70
Utterances fully correct 62.60 62.30
Entity leakage 1.57 0.37

Transcribe the audio with punctuation and capitalization, and redact only high-risk
private identifiers: email and phone/fax; complete street addresses; payment cards and
bank accounts; passwords, PINs, API keys, and similar credentials; and government or

medical identifiers. Do not redact names, ordinary dates, generic places, URLs, or
public business details unless they are part of a listed high-risk identifier. Replace
each redacted span with its lower-case hyphenated type in angle brackets, and return

only the redacted transcript.

In the two-turn workflow, the first turn asks “Produce a verbatim transcript of the audio.”, and the
second turn starts with “Now redact only high-risk private identifiers in the transcript:” followed by
the same list of identifiers and output format. We decode greedily with reasoning disabled.

Metrics. We report the WER of the redacted transcript against the redacted reference, with
placeholders treated as words; the precision, recall, and F1 of the placeholder types, computed from
the multisets of predicted and expected types per utterance (i.e., without checking the position of
the placeholder); the rate of utterances whose transcript and placeholders are both exactly correct;
and the entity leakage, i.e., the fraction of annotated identifiers that appear verbatim in the output
after case and punctuation normalization. For the two-turn workflow, we also report the WER of
the first-turn transcript.

Results. Table 28 shows that Nemotron 3.5 Transcribe replaces 85–90% of the identifiers with a
placeholder of the correct type, and leaves at most 1.6% of the identifiers in the output. Redacting
its own transcript in a second turn works better than redacting in a single pass: it improves the
placeholder F1 from 85.3% to 89.3% and reduces the leakage from 17 to 4 of the 1,080 identifiers.
About 62% of the utterances are redacted without any error.

E. Generation Loop Guardrails

In rare cases, Nemotron 3.5 Transcribe does not terminate its generation and instead repeats a
character or a phrase until it reaches the token limit. In our evaluations, these loops occur mostly on
long recordings and on code-switched or far-field speech, and they are easy to detect in the decoded
text. Following the detect_and_fix_repetitions function of the Qwen3-ASR toolkit (Shi et al.,
2026; Qwen Team, 2026b), we collapse such repetitions to a single copy, with the maximum length
of a repeated block raised from 20 to 4,096 characters, so that repeated sentences are also detected:
import re
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CHAR_RUN = re.compile(r"(.)\1{20,}", re.DOTALL)
BLOCK_RUN = re.compile(r"(.{1,4096}?)\1{19,}", re.DOTALL)

def cleanup_generation_loops(text: str) -> str:
# Collapse a character repeated at least 21 times to one copy.
text = CHAR_RUN.sub(lambda m: m.group(1), text)
# Collapse an exact block of 1-4,096 characters repeated at least 20 times.
return BLOCK_RUN.sub(lambda m: m.group(1), text)

The function is applied once to the final decoded text, character pass first. Matching is exact and
case-sensitive, lengths count Unicode characters (including spaces, punctuation, and newlines), and
no further normalization is applied. Since a run of at least 20 exact copies rarely occurs in a correct
transcript, the guardrail rarely affects regular outputs: on most benchmarks, it changes no output at
all. It cannot recover speech that the model skipped while looping, so a loop still causes deletions.

For the results in this report, we apply the guardrail to the saved model outputs and rescore them
against the unchanged references. Table 29 compares the results with and without the guardrail for
the transcription benchmarks. The largest gains are on Mandarin multi-speaker meetings (AliMeeting
(Yu et al., 2022) and AISHELL-4 (Fu et al., 2021); the guardrail changes 6 and 2 of their 20 sessions,
respectively) and on long-form transcription (7 of 451 recordings). Outside of transcription, the
guardrail increases speech translation BLEU by 0.01 on FLEURS and by 0.03 on CoVoST 2. We
do not apply it to the answers generated with reasoning (audio understanding, voice instruction
following, and text-only benchmarks): in long answers, it mostly matches legitimate formatting,
such as the rules of Markdown tables, which it would collapse, and only rarely a generation loop.
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Table 29 | Transcription results without and with the generation loop guardrail (%, lower is better).
“Changed” is the number of outputs modified by the guardrail. Results in the main text use the
guardrail. English multi-speaker rows pool the errors over the corpora of each segment duration
(for 10–20 s, also over AMI and LibriSpeechMix development sets), over the two NOTSOFAR-1
conditions, and over one to three speakers of LibriSpeechMix.

Benchmark Metric Changed Without With
Mandarin multi-speaker meetings (Section 4.8)
AliMeeting cpCER 6 / 20 55.37 34.95
AISHELL-4 cpCER 2 / 20 45.55 32.91
English multi-speaker (Section 4.8)
Segments, 10–20 s cpWER 0 / 2,912 15.07 15.07
Segments, 60–90 s cpWER 0 / 1,910 13.66 13.66
Segments, 120–180 s cpWER 0 / 1,020 13.34 13.34
Full sessions cpWER 0 / 164 12.91 12.91
NOTSOFAR-1 cpWER 0 / 320 20.42 20.42
LibriSpeechMix cpWER 0 / 7,860 5.97 5.97
Long-form ASR (Section 4.3)
Earnings-21 WER

7 / 451

7.57 7.57
Earnings-22 WER 14.27 11.99
CORAAL WER 16.77 13.39
Mean WER 12.87 10.98
English ASR (Section 4.2)
URGENT 2024 WER 1 / 1,000 12.34 11.00
Open ASR Leaderboard, public WER 1 / 75,443 4.86 4.71
Multilingual and code-switched ASR (Sections 4.5 and 4.6)
Multilingual Open ASR Leaderboard WER 0 / 61,942 4.62 4.62
FLEURS, 37 languages WER/CER 1 / 28,390 9.30 9.29
CoVoST 2, 17 languages WER/CER 0 / 92,901 12.19 12.19
Multilingual LibriSpeech, full test sets WER 0 / 17,702 5.18 5.18
CS-FLEURS read MER 4 / 5,818 31.13 31.06
CS-FLEURS MMS MER 9 / 14,932 66.83 66.57
CS-FLEURS XTTS 1 MER 10 / 11,321 28.63 28.10
CS-FLEURS XTTS 2 MER 27 / 17,226 42.35 41.68
ASCEND MER 0 / 1,315 18.74 18.74
MUCS 2021 Hindi–English WER 0 / 4,034 19.28 19.28
MUCS 2021 Bengali–English WER 0 / 3,130 35.46 35.46
Contextual ASR (Section 4.7)
ContextASR-Bench, no context WER 8 / 15,326 3.37 3.33
ContextASR-Bench, coarse WER 6 / 15,326 3.36 3.34
ContextASR-Bench, fine WER 4 / 15,326 1.73 1.71
Contextual Earnings-22, no keywords WER 1 / 772 13.30 12.54
Contextual Earnings-22, local WER 0 / 772 9.58 9.58
Contextual Earnings-22, global WER 0 / 772 10.28 10.28
Preference-ASR, default WER 0 / 5,163 7.56 7.56
Preference-ASR, instructed WER 0 / 5,163 6.16 6.16

F. Rich Transcription Tags

Table 30 lists the tags that Nemotron 3.5 Transcribe produces in rich transcription (Section 3.1),
together with their number of occurrences in the training data. The instruction that requests rich
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Table 30 | Tags used in rich transcription and their number of occurrences in the training data.
Event tags mark a single point in the transcript; each style tag <sty:stt:style> opens a span that
is closed by the matching <sty:end:style>.

Non-verbal event Count Speaking style (span start) Count
<ev:gesture_noise> 97,796 <sty:stt:flat> 256,557
<ev:laughter> 77,381 <sty:stt:vocal_intensity_pitch> 98,506
<ev:breath> 75,090 <sty:stt:positive_affect> 52,672
<ev:mouth_noise> 26,519 <sty:stt:vocal_texture_delivery> 50,079
<ev:throat_cough> 17,632 <sty:stt:fear_urgency> 33,989
<ev:pause_timing> 9,331 <sty:stt:anger_contempt> 20,160
<ev:effort_strain> 7,822 <sty:stt:social_intent> 13,988
<ev:crying> 5,322 <sty:stt:sadness_regret> 13,973
<ev:shout_exclaim> 2,958 <sty:stt:calm_reflective> 10,942
<ev:music_vocal> 1,971 <sty:stt:authority_assertion> 8,610

<sty:stt:uncertainty_surprise> 5,718

transcription is given in Appendix A.

G. Voice Agent Applications

We evaluate Nemotron 3.5 Transcribe as the speech recognizer of a voice agent in 100 airline
customer-service scenarios simulated with the NeMo Voice Agent framework.12 The rest of the
pipeline is fixed, with Nemotron 3.5 Lightning 30B-A3B as the agent LLM and Nemotron-TTS for
speech synthesis; as a baseline, we replace the speech recognizer with Parakeet-CTC-1.1B.13 With
Nemotron 3.5 Transcribe, the agent completes 58% of the tasks. On the speech of the simulated
users, its WER is 8.6%, compared with 12.9% for Parakeet-CTC-1.1B, a relative reduction of 33%.
The improvement matters most for proper nouns and identifiers, on which the agent’s tool calls
depend: tool-call failures caused by misrecognized surnames drop from 73 to 2, and the accuracy
of alphanumeric identifiers, such as spelled codes and user IDs, increases from 63% to 66%. As a
result, conversations become shorter and cheaper: per interaction, the agent needs 2.7 fewer turns,
3.9 fewer LLM calls, about 37,000 fewer LLM tokens, and 78 seconds less time.

12https://github.com/NVIDIA-NeMo/labs-Voice-Agent
13https://build.nvidia.com/nvidia/parakeet-ctc-1_1b-asr
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