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Abstract

Pretraining takes up the majority of compute and training cost in the development of
modern large language models (LLMs). The paper studies the effects of quantized
pre-training for mixture-of-experts (MoE) models. This paper looks foremost at
the cutting-edge of low-bit quantization and pretraining for MoE models. We
perform various experiments with different model precisions and features, and seek
to replicate the methodology present in NVFP4 paper. We propose an analysis
of quantization techniques, loss patterns, and showcase a quantized W4A16 MoE
model performing close to the baseline BF16 model.
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2 Introduction

Large language models (LLMs) have continued to grow larger and more complex, and this has
increased the compute required to achieve these goals. Recent advancements in low precision or fully
quantized training (FQT) have shown that promising results that push the boundary of extremely
efficient training.

Mixture-of-Experts (MoEs) have emerged as frontier architecture for LLMs, scaling to trillions of
parameters [l 2 [3]. These models at an abstracted level are sparse large neural networks where
subset of the networks are activated based on the tokens received.

The current literature focuses on FP4 quantization on transformer architectures with dense networks.
There are not much studies on how quantized training can effect sparse networks such as MoEs and
work is focused on post training quantization and tuning [4, |5} |6] Low-precision quantization can
unlock significant compute efficiency for MoEs, especially as MoEs are scaling to the trillions of
parameters.
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This work showcases a functional training method that serves as the first look into training fully
quantized MoE models. We showcase that router sensitivity is extremely important in MoE models,
and quantizing router weights leads to poor performance. MoE models also are attuned to parameter
outliers and removing activation gradients and noise also leads to worse performance. We find
that randomized Hadamard transform (RHT) potentially leads to more instability in MoE models.
Stochastic rounding (SR) and keeping the last projection layer in high precision lead to much
higher stabilized training. Finally we discuss the tradeoffs between weight, activation, and gradient
quantization, the importance of the router to MoE models and future work to robustly scale and push
the boundary for low-precision training.

3 Related Work

Recent work by NVIDIA showcased large scale pre-training using the NVFP4 format [7]. They
used fully quantized training (FQT) to train a hybrid Mamba-Transformer model with 12 billion
parameters on 10 trillion tokens with the NVFP4 format. Using Random Hadamard transforms (RHT)
to bound block-level outliers, two-dimensional quantization, stochastic rounding (SR), and selected
high-precision layers they found that the model achieved accuracies and performance equal to an
FP8 baseline. The work pushed the boundary of low-precision training, and focused on training
stability and convergence for large scale selective-state space architectures. This work focuses on
smaller MoE models, however we apply some of the methodology used to analyze the similarities
and differences of quantization. They uses NVFP4 which is a custom extended microscaling format
introduced in the Blackwell architecture [8]. We focus on FP4 and standard data types available in
general GPU architectures.

BitNet [9]] introduced the most extreme version of quantization aware training (QAT) by limiting the
weight gradients to 1 bit and keeping the activation parameters to 8 bits. They find that 1-bit training
has significant compute savings through reductions in memory bandwidth and energy consumption.
They stabilize training through straight-through estimator (STE), mixed precision training by keeping
gradients and activations in high-precision, and using large learning rates to update latent weights
when precision is so small with 1-bit weights. However, this methodology is not well supported in
hardware architectures due to the custom ternary math operations and thus is hard to scale to large
scale models on real hardware.

More works have focused on the boundary from FP8 training to FP4 [10,[11] . The FP4 All the Way
paper uses FP4 for the weights, gradients, and activations and introduce a novel theoretical threshold
for the effectiveness of quantized training. They find that when the gradient norm reaches /3 times
the quantization noise training becomes less effective. They use stochastic rounding (SR) in the
backward pass with round-to-nearest in the forward pass to improve stability. [[L1] use MXFP4 to
train GPT 345M, 1.3B and 6.7B models. They find that using MXFP4 GEMMs with simulations and
using SR and RHT to stabilize training produces models that are near-lossless.

Many of the works showcase similar themes of using standardized techniques to soften quantization
noise and precision loss. Thus we apply these techniques to a Sparse MoE model below.

4 Approach

4.1 Architecture

We train a small transformer decoder model [12] and replace the feed-foward networks (FFN) with
Sparse MoE blocks [[1]. We use flash attention [[13] for the scaled dot product speedup.

The MoE blocks are sparse FFN connected through a router mechanism. We first compute an expert
score h for each expert ¢ given input token z:

Hi(z) = (z - W,); + Softplus((z - Whoise)i) (1
For our quantized version we simply apply a quantization strategy to the weight matrices:
H;(x) = (« - quantize(Wy)); + Softplus((z - quantize(Wnoise)):) )
Then we get the top k router indices that is used to do the actual forward pass for each token.
G(z) = TopK(Softmax(H (x))) 3)



Because this routing is dynamic, each expert get dynamic input sizes (for example expert A can get
20 tokens, B get 10 tokens). To solve this problem we use expert capacity [1].

LM - Capacity Factor @
N

where K is the number of active experts, B - C'is the batch size times sequence length representing the

total independent tokens, and NV is the total number of experts. The capacity factor is a hyperparameter

that dictates the routing uniformity with a value of one representing uniform routing, and greater than

one provides extra buffer to handle token imbalance.

Expert Capacity =

Router Load Balancing Initially the distribution of most of the routers weights did not change
from mean zero gaussian. This indicated router collapse, and that the model did not learn to balance
the various routers. Thus we can use load balancing loss [14].
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Stride We do not replace every FFN block with an MoE block. We use stride to interleave a
standard FFN network with a Sparse MoE network.

Loss function The loss function comprises of cross entropy loss regularized with load balancing
loss with e parameter acting as the weight / amount of loss to apply.

4.2 Quantization
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Figure 1: NVFP4 Linear Layer with Hadamard Transform. SR is present inside the Quantize utility
and both the quantization and de-quantization happen before the outputs are transferred.



In modern LLM training, quantization involves converting parameters of model into low-precision
numbers, performing highly optimized GEMMs that are built through fused kernels, and then
de-quantizing the output of the GEMM and passing this along to either the forward or backward
passes.

Quantization is the method of converting high-precision number types to low-precision representa-
tions.

max(|X])

§ — MY
6.0 )
X quant = clamp (round (S - X)) 6)
Xdequant = SXquanl @)

We use 6.0 for the scaling factor as its the maximum value to represent the E2M1 FP4 representation.
The process of rounding and clamping introduce significant precision errors. Outliers present in the
gradients and activations are not preserved, which causes poor model performance.

Random Hadamard Transforms (RHT) To preserve outliers we use Random Hadamard Trans-
forms. Hadamard matrix is a special type of orthogonal matrices that satisfy the requirement

Hy = [1] ®)
I 1Hp_1 Hi_y
H,=—
k NG |:Hk1 -H;_ ©)
And the matrix satisfies the constraint that
HH =1 (10)

k is a hyperparameter where a larger value leads to more diffusion of outliers across a linear subspace.
This allows us to apply RHT to GEMM operations, and we do so the following way:

oL
grad_output = (H,G) "H, X
= (GTHy )(HX)
=G'X

RHT rotates the matrix by multiply by the random diagonal matrix and the Hadamard matrix. This
has the effect of smearing high-value outliers uniformly across other elements reducing distortion.

Stochastic Rounding (SR) This is the principle of adding noise to the activation gradients after
quantizing / rounding. We apply this technique as nearest-based rounding can lead to bias. We add
uniform noise € and floor to match to the closest bin.

e~U(0,1) (12)

SR(z) = |z] + ¢ (13)

We replace the nn . Linear layer with a custom implementation that performs RHT and SR on the
weights and tokens, performs the linear GEMM W " X, and returns the dequantized output. The

output projection head and normalization layers were not quantized and kept in original precision
(BF16) to preserve numerical stability.

5 Experiments

We run multiple experiment arms testing the various stabilities and model training for the methods
mentioned above. We run simulated quantization through quantization aware training (QAT) that
quantizes and de-quantizes the inputs on the fly.



5.1 Data

We used the OpenWeb Text dataset for pretraining [15]]. The dataset contains 9B tokens, and is a
derived from reddit post urls, and out-links. There are about 8M total documents in the dataset. We
do not do any processing or filtering. We tokenize the dataset using tiktoken, which is the tokenizer
used in GPT-2.

5.2 Evaluation method

We train a baseline 190M parameter model with the same model architecture hyperparameters as the
experimental models. We evaluate the models with HellaSwag [16] which tests the models common
sense sentence prediction. We also benchmarked the models with the final checkpoint using COPA
[L7]. This is similar to HellaSwag and checks for basic causal understanding in text and also serves
as a test set with unseen text.

We also evaluate training stability and validation loss. We also look into the potential issues with FP4
format and an ablation study to understand the methodology.

5.3 Experimental details

We trained multiple 190M parameter models, each running on 4xH200 GPUs using Distributed Data
Parallel training [18]. The baseline model was trained with the architecture mentioned above for 7000
steps, which was also replicated for all experiment arms. See table [3|for the full hyperparameters
used.

We implemented a custom NVFP4Linear layer that replicated the methodology from [7]. We did
try to implement custom triton kernels for the various quantization strategies such as w4a4 or w4al6é
but found that without fused operations, buffers, and other optimized features our model runs slower
and the results performed similarly to the simulated versions. Furthermore, FP4 operations are not
supported natively in the Ampere and Hopper architectures, and thus limited what insights we could
get without the more modern Blackwell architecture that supports FP4 operations.

The implementation was derived from nanoMoE [[19] and nanoGPT [20]. We contributed by adding
quantization utilities and simulations, and modifying some of the existing implementations such as
the routers and SparseMoe layer to fit our needs.

Below we describe the various experiments we conducted. Not we use the notation W#A# to represent
the bit representations for the weights (W) and the activations and gradients (A).

5.3.1 FP4 W4A16 for all Linear Layers

This experiment involved quantizing all linear layers weights to FP4. We inherit the nn.Linear
layer’s parameters, specifically the weights. The weights are then quantized and combined linearly
with X, the input tokens. This was done in the forward pass only.

The backward pass contained no other logic and simply passed through the grad_output from the
layer ahead which is simply the STE method.

5.3.2 FP4 W4A16 for all Linear Layers except Router

This experiment involved quantizing all linear layers weights to FP4 except the router. This arm was
added as MoE models quantization has been shown to not work as well due to the inherent sparsity
and heterogeneity of the architecture [21]].

5.3.3 INT4 W4A16 for all Linear Layers except Router

This experiment involved quantizing all linear layers weights to INT4 except the router. This arm
was added as a ablation / baseline to see if we get any benefits from floating point. The hypothesis is
that INT4 has lower dynamic range and lack of spread due to integer cutoff.
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Figure 2: HellaSwag Evaluation and Training Loss

5.3.4 FP4 W4A4 for all Linear Layers except Router

This experiment involved quantizing all linear layers weights to FP4 W4A4 except the router. This arm
contained the core methodology from the NVFP4 pre-training paper, which included implementing
RHT, SR to mitigate the activation quantization.

5.4 Results

Table 1: Model arms, parameters, and train and validation losses

Train.  Val.
Params.  Toks. Exp Arm. Loss  Loss
190M 9B BF16 3.09  3.09
190M 9B FP4 Quantized All Linear 3.34 3.30
190M 9B INT4 Quantized Except Router  3.35  3.35
190M 9B FP4 W4A4 RHT + SR 374 372
190M 9B FP4 W4A16 SR 314 3.5

Table [T showcases the various models and their parameters and the loss they achieved for train and
validation split.

Figure 2] shows the difference in HellaSwag performance and training curves respective to the 4
experiment arms.

5.4.1 NVFP4 Methodology
Figure[3]is the NVFP4 methodology but with RHT ablated and only keeping SR.

6 Analysis

We are able to successfully quantize weights to 4-bit FP4 values that can nearly match the performance
of the baseline model, with a small difference of 8% when comparing validation loss in table[I] There
are tradeoffs to the various decisions we made. Below we present the key takeaways.
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Table 2: COPA Benchmark

Model COPA (acc.)
Base Model 279
INT4 Quantized Except Router 218
FP4 W4A4 RHT + SR 236
FP4 W4A16 SR 272

Representation and quantization strategy are very important The hypothesis that INT4 values
have lower dynamic range which leads to inefficiency as the extreme buckets are not used seem to
have disturbed model quality aswell. Compared to FP4 quantization, INT4 performs around 11%
worse as it scored around 0.26 for HellaSwag eval vs the baseline score of 0.279. This highlights that
the representation and discretization of the parameters matters. Thus training in INT4 would require
increasing dynamic range while managing to keep noise to a minimum.

W4A16 to W4A4 did not perform with NVFP4 methodology It is clear that dropping precision
or quantizing the activations / gradients leads to immediate decrease in performance. To mitigate the
effect of this we tried many different arms to add more precision, through keeping attention layers
high-precision, however the hindrance always seemed to be the precision of the activation gradients
(See Figure[5|for the gap).

Low-bit representations require micro-scaling datatypes We believe the above issues are due to
the naive FP4 representation. Firstly, FP4 is inherently low precision and without newer micro-scaling
formats such as NVFP4 or MXFP4 this task requires that we store more information otherwise we
will have some sort of lossy compression. MXFP4 stores higher precision 8-bit scale factors and
use a power-of-two scale that is precisely chosen to reduce quantization noise and preserve dynamic
range.

Ablation We conducted a small ablation study with the NVFP4 methodology show in Figure 4} We
find that RHT did not improve outlier smearing and potentially had no impact in the W4A4 quantized
experiments. When only using RHT we find that the training stability became much worse. We
determine that SR was crucial to improve training stability in W4A4 quantization. Note, this could
potentially be due to implementation error, however we did not have the time to accurately measure
the reasons for this and leave it to future work.

7 Conclusion

This works presents quantized training in low-bit precisions for small MoE models. We showcase the
different tradeoffs that occur when quantizing weights, activations, and gradients. We discuss the
potential issues with RHT that showcased incompatibility with MoE models due to their heterogeneity
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Figure 4: Ablations for NVFP4 methodology in MoE training. Early stopping if results showed
non-convergence and instability to save compute.

and sparse nature that require better outlier smearing methods. We find that router sensitivity is
important to MoE models and quantizing routers leads to worse performance.

Low-precision training can actively help to decrease training costs, improve compute utilization, and
help to make LL.Ms more accessible for standard consumer grade hardware. We present the initial
look into this challenging problem, and find that quantizing weights does not lead to a loss in model
performance.

Limitations This work only presented the high level algorithmic simulations for the various FP4
methodologies, and did not test on real hardware that supports FP4 operations. Moreover, we tested
on small scale MoE models and future work can test what happens when we scale. Further analysis
of outlier smearing and router precision are needed to know with more certainty that quantized
pretaining can work.
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A Appendix

Table 3: Hyperparameter Values for MoE Models

Hyperparameter Selected Value
Learning Rate 6e-4
Batch Size (Simulated) 2.6M
Micro Batch Size 64
Optimizer AdamW
Weight Decay A le-1
Betas /31, B2 0.9, 0.95
Activation Function GELU
Capacity Factor 1.25
Number of Experts 8
Top K 2
Stride 2
Embedding Size 768
Block Size 1024
Number of Layers 12
RHT Size 16
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Figure 8: Quantized router weights
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