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How can I do something useful?
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Where is your strong base?

Pretraining Sizes Built by

modded-nanogpt 124M-, 350M-quality Keller Jordan et al.
SmolLM 135M, 360M, 1.7B, 3B Hugging Face
Marin 8B, 32B Stanford, Open Athena

All: public data, exact mixtures, logs.



Should you build your own?

Pros

• Fits your needs best

• Learn the details

• No waiting on others

Cons

• x10 effort

• x10 expertise

• keeping current

Probably no by default.
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We built one: a 4B on 5T tokens

KV@32k (GB) bits per byte ↓ DCLM
↓ climbmix web code CORE ↑

Ours (unreleased) 0.65 0.657 0.780 0.32 0.57
phi4-4B (unreleased) 12.9 0.790 0.880 0.96 0.55
Qwen3-4B base 4.8 0.641 0.779 0.31 0.57
Qwen3.5-4B base 1.1 0.651 0.789 0.33 0.57
Nemotron-3-Nano-4B 0.5 0.729 0.895 0.39 0.50
Ministral-3-3B 3.5 1.094 1.300 0.51 0.39
OLMo3-7B 5.9 0.633 0.764 0.36 0.54
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Fun result 1: Dion3

Dion3: Full-stack orthogonal updates

Noah Amsel∗1, Jack Zhang2, Kwangjun Ahn∗3, Ali Naeimi4, Austin Feng∗5, Berlin Chen2,
Tri Dao2, and John Langford6

1New York University, 2Princeton University, 3NVIDIA, 4Independent Researcher, 5Yale University,
6Microsoft Research

August 13, 2026

Abstract

The Muon optimizer incurs a significant overhead cost due to its cubic-time Newton-Schulz
orthogonalization step. When weights are sharded, communication overhead compounds this
computational cost, eroding the benefits of Muon in many settings. We present Dion3, a revision of
Muon that targets this overhead at every level of the stack. Our Gram Newton-Schulz algorithm
reduces the FLOP cost of orthogonalization, our CuteDSL kernels accelerate it by exploiting
symmetry, and our megabatching strategy reduces communication overhead. Moreover, we propose
a simple change to the update rule that cuts costs even further: selecting only a fraction of the
momentum matrix’s rows to orthogonalize at each step. This update rule improves on Dion (another
“compressed” version of Muon), in both speed and performance [2]. Overall, Dion3 matches or
improves on the loss achieved by Muon but reduces optimizer step time by up to 6×. Dion3 is
available via the dion package1 as a drop-in replacement for Muon.
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Figure 1: Optimizer step time of Muon (excluding forward/backward pass) relative to AdamW for a 7B-
parameter language model trained on four GH200s. Each colored bar adds one of our contributions on top of
the previous one. Together they reduce Muon’s cost from 26× AdamW to just 4×.

∗Work performed while at Microsoft Research.
1https://github.com/microsoft/dion
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N. Amsel, J. Zhang, K. Ahn, A. Naeimi, A. Feng, B. Chen, T. Dao, J. Langford. “Dion3: Full-stack orthogonal
updates.” arXiv 2608.11612



A Surprise! lower loss at 14B

Table 2: Dion3 (f = 1/4, η=0.02) versus NorMuon (η=0.01) across model sizes trained on 10B tokens of
ClimbMix: final validation loss (cross-entropy; lower is better) and downstream accuracy (macro-average over
12 standard benchmarks: ARC easy/challenge, BoolQ, COPA, HellaSwag, LAMBADA, MMLU, OpenBookQA,
PIQA, RTE, TruthfulQA, WinoGrande; higher is better). The winner of each comparison is bolded.

Model Size Validation Loss Downstream Accuracy (%)

NorMuon Dion3 (f=1/4) ∆ NorMuon Dion3 (f=1/4) ∆

3B 2.269 2.257 −0.012 53.9 54.9 +1.0
4B 2.243 2.232 −0.011 55.2 54.9 −0.3
7B 2.220 2.206 −0.014 56.0 56.1 +0.1

14B 2.189 2.162 −0.027 57.4 58.1 +0.7
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Figure 5: Validation loss over training at 14B for Dion3 (f=1/4, η=0.02) versus NorMuon (η=0.01), trained
on 10B tokens of ClimbMix. Dion3 tracks below NorMuon throughout.

than AdamW, the gap is significantly smaller.

In Appendix D.2, we report CPU time and communication volume in addition to GPU time, showing
that CPU overhead is small and that fractional updates reduce communication by a factor of 1/f . The
communication savings of our fractional update rule can be crucial in some settings, though the setting of
Figure 6 is compute-bound: neither communication nor host time is exposed.

In Appendix A, we conduct an additional suite of benchmarks on a wider range of architectures, including
open source models like Gemma and mixtures-of-experts. On architectures like these, whose weight matrices
have higher aspect ratios (α = 8 instead of 4), Gram Newton-Schulz and the symmetric kernels alone achieve
a speedup of 2× (see Figures 9 and 10).

9 Conclusion

For LLMs trained with Muon, estimates suggest that optimizer step time accounts for between 1% (e.g., Abadji
et al. [1]) and 17% of total training time (see Appendix E). While Muon has been scaled successfully, doing so
has demanded particular choices of architecture and parallelism strategy, along with significant engineering
effort. As interest in Muon continues to spread, this paradigm is too brittle; a flexible, general-purpose
remedy for Muon’s overhead is needed.

Dion3 allows practitioners to easily realize the benefits of Muon without paying the high cost of its orthogonal-
ization step—even for large-scale models in highly distributed settings. Our Gram Newton-Schulz algorithm
and CuteDSL kernels speed up Muon by 1.5× for dense models and 2× for MoEs, a rare case of free lunch
performance. Megabatching has an equally large effect in certain distributed settings. Dion3’s fractional
update rule (f = 1/4) provides an additional 3.7× speedup. Though this update rule changes the optimizer
trajectory, we find that it actually improves training quality in our setting. This improvement is unexpected,
as we designed Dion3 to cheaply approximate Muon rather than improve upon it. Further work is needed to
determine how widely this improvement generalizes, but we find support in a recent result similar to our
own: Joo et al. [18] showed that randomly masking blocks of the update improves the trajectory of SGD
with momentum. Overall, Dion3 as implemented in our dion and gram-newton-schulz packages provides

16



Fun result 2: Full-Bandwidth Transformer
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1B model performance
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Fun result 3: Almost Free State Prediction Separation

xi−1

ai−1

pi−1

x̂i

xi
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x̂i+1

xi+1

ai+1

pi+1

x̂i+2

state

prediction

K,V

epause

loss ↑

solid = writes/uses K/V dashed = query only, no K/V written pi attends a≤i weights shared, ×L layers

Figure 2: The free pause at one layer, over three positions. The state stream a is the ordinary causal
pass and writes the per-layer keys and values. The prediction stream p is initialized at every position
by the same shared embedding epause, forms only a query over the state’s keys and values (dashed;
causally pi reads a≤i), and writes none of its own; its output x̂ is scored by the next-token loss.
The streams share all weights and this repeats over L layers. Because p adds no key/value and no
sequence position, the pause is free at inference; the only added parameter is epause.

Figure 1 previews the payoff at the cheap end of that range. Against the matched control,
phasing the pause onto the run’s tail lowers next-token cross-entropy at every point in training
(Fig. 1, left); plotted against wall-clock node-hours the resulting frontier stays below the control’s
own compute-for-loss curve, so the gain survives at equal compute—an iso-compute improvement
(Fig. 1, right).

2 Method

Two weight-shared streams. Concretely, the state stream a embeds the input tokens and
performs causal (optionally sliding-window) self-attention, producing the persistent per-layer keys
and values. The prediction stream p carries no token embedding: at every position it is initialized
from one shared learned vector, predict_embedding, forms only a query over a’s keys and values at
each layer, and feeds the LM head. Because every backbone parameter is shared, the model differs
from a standard Transformer by exactly one tensor, so a standard checkpoint is already a valid
backbone—the property phasing exploits below.

A FlashAttention-friendly two-pass split. During training, the two passes are ordered: the
state stream runs first to produce the cached keys and values, then the prediction stream runs
as a plain cross-attention over them (predict query × state key/value). Both are shapes that
FlashAttention kernels [7] express directly, whereas the interleaved form’s mask—neither causal,
sliding-window, nor block-diagonal over packed sequences—is not. We run the Blackwell-targeted
FlashAttention-4 [32] on B200. We measure 73k tokens/s per GPU instead of 16k tokens/s with a
single pass flexible attention mask, about a 4× improvement.

A shared gated FFN. Since the majority of an LLM’s parameters reside in the FFNs they
require heavy computation. Given this, it may be desirable to join these computations for the state

3

J. Langford, N. Godey, G. Monea, Y. Artzi, H. Dong, Y. Fan, G. de Rosa, Z. Zhan. “Almost free state
prediction separation.” arXiv 2609.03807



Free pause tokens gain > cost

Almost Free State Prediction Separation

John Langford1∗, Nathan Godey2∗, Giovanni Monea2, Yoav Artzi2, Harry Dong1, Ying Fan1,
Gustavo de Rosa1, Zheng Zhan1

1Microsoft 2Cornell University ∗Shared first author

Abstract

State–prediction separation (SPS) [25] relieves a language model’s hidden state of two
competing burdens—summarizing the context and predicting the next token—by splitting the
forward pass into a state stream and a prediction stream. The separation works, but it is
expensive: the prediction stream is a second pass over the whole backbone, costing ∼1.9× the
pretraining FLOPs, and even more in terms of wall-clock time when using a flexible attention
mask. This paper makes state–prediction separation almost free. We take the separation to its
limit with a free pause token: a prediction stream that writes no keys or values at all and so rides
the sequence’s existing positions. It improves next-token prediction of a standard Transformer
by 2-3 centinats in practice on a 1B parameter model, and because it adds no position it costs
nothing at inference—no added context length, no KV cache, no decode steps, and essentially no
latency, with the growth in inference flops typically irrelevant as it is not the active bottleneck
on throughput. The cost is therefore entirely in training where we use four mechanisms to
drive it down: a two-pass split that keeps FlashAttention kernels viable, the w=0 prediction
window, a shared gated FFN that evaluates one FFN per position rather than one per stream,
and phasing the separation onto the tail of the run. Together these bring the overhead versus an
optimized pretraining pipeline to 1.33× wall-clock while recovering ∼94% of the gain compared
to SPS, and to as low as 1.09× along a graceful quality/compute tradeoff. Furthermore, the
FFN optimization reduces the raw flops required at inference time. The result is an isoflop,
isoparameter, and isotoken improvement over standard next token trained transformers.

Figure 1: Left: change in eval CE against the standard control, ∆(t) = CEvariant(t)− CEcontrol(t),
for three pause phase start points; after each switch the primary gain accrues within ∼15B tokens
with modest further gains. Right: compute frontier—final cooled CE vs. 8×B200 node-hours for
different pause start points; improvements over standard control vary from −0.005 to −0.013 nats.
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