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Abstract

It has become increasingly important to optimize backprop-
agation to reduce memory usage and computational over-
head. Achieving this goal is highly challenging, as multi-
ple objectives must be considered jointly while maintaining
training quality. In this paper, we focus on matrix multipli-
cation, which accounts for the largest portion of training
costs, and analyze its backpropagation in detail to iden-
tify lightweight techniques that offer the best benefits. Based
on this analysis, we introduce a novel method, Hadamard-
based Optimized Training (HOT). In this approach, we
apply Hadamard-based optimizations, such as Hadamard
quantization and Hadamard low-rank approximation, se-
lectively and with awareness of the suitability of each op-
timization for different backward paths. Additionally, we in-
troduce two enhancements: activation buffer compression
and layer-wise quantizer selection. Our extensive analysis
shows that HOT achieves up to 75% memory savings and a
2.6 x acceleration on real GPUs, with negligible accuracy
loss compared to FP32 precision. Our code is available at
https://github.com/sungonuni/HOT.

1. Introduction

Recent advances in combining large-scale foundation mod-
els with transfer learning have enabled superior perfor-
mance on new tasks with limited data. However, with the
rise of resource-intensive tasks such as high-resolution im-
age generation [26, 29, 43], video synthesis [3, 31, 35],
and long-context language processing [5, 11, 15, 21], fine-
tuning now requires even more resources, making it nearly
unaffordable for most companies or academic institutions.
However, designing an efficient training pipeline is
highly challenging, as it involves numerous considerations
and multiple tensors with diverse characteristics. Training
optimization faces three key challenges: (1) memory usage
for model parameters and optimizer states, (2) memory us-
age for intermediate activations needed for backpropagation
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Figure 1. Memory requirements for training ViT-B [12] on
ImageNet-1k dataset [9] with varying batch sizes. While FP and
other efficienct BP methods fail to train with batch sizes of 256
and above on a single GPU having 24 GB memory, HOT enables
training with batch sizes up to 1024.

Objectives
Weight & Intermediate  Backpropagation Trained Model
Optimizer Memory  Activation Speed Quality
LoRA [18] v X v
LBP-WHT [42] X X v
LUQ[7] X X v
HOT X v v v
HOT + LoRA v v v v

Table 1. Comparison with previous works. HOT is the only method
which achieves activation memory reduction and actual speedup
altogether without compromising model quality.

(BP), and (3) accelerating BP. While the first challenge is
well-addressed by recent advances like Parameter-efficient
Fine-tuning (PEFT), such as LoRA [ 18], the other two chal-
lenges remain unsatisfactorily resolved. Approaches like
LUQ [7] and LBP-WHT [42] focus on BP acceleration but
fail to tackle all these objectives jointly.

In this work, we propose a novel method called
Hadamard-based Optimized Training (HOT), which fo-
cuses on optimizing matrix multiplication—a major con-
tributor to training overhead. First, We thoroughly analyze
the backward characteristics of activations and weights.
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Figure 2. Component-wise memory consumption breakdown for
different methods when training ViT-B [12] on ImageNet-1k
dataset [9] with a batch size of 256.

Based on this insight, we determine the optimal strat-
egy for selectively applying Hadamard-based optimization
techniques tailored to each unique characteristic. Com-
bined with our two new ideas—Activation Buffer Compres-
sion (ABC) for activation memory reduction and Layer-
wise quantizer Selection (LQS) for fine-quality quantiza-
tion—the benefits of HOT are maximized. Additionally, we
explore and optimize the integration of HOT with LoRA,
creating a comprehensive solution for optimized training.
Our experiments validate HOT’s efficiency and training
quality on both vision and language models using large-
scale datasets. As shown in Fig. 1, HOT achieves the best
efficiency with large batch input. Our results indicate that
even on an actual GPU, HOT achieves a 2.6 x speedup with
custom CUDA kernels and a 75% memory reduction, all
without compromising training accuracy than FP.

2. Related Work
2.1. Quantization for Efficient Training

Numerous studies have explored the potential of quantiza-
tion for efficient training. A common approach involves ap-
plying quantization to the forward propagation. Chmiel et
al. [7] proposed a logarithmic quantizer with a custom FP4
format for gradient optimization, though it had limitations
in hardware acceleration. Xi et al. [39] combined forward
quantization with structural pruning for gradients, demon-
strating success in language tasks. Other approaches, such
as FPS training [24, 25] and integer-only training [16, 37],
aim to modify representations across the entire training pro-
cess. In contrast, our method maintains full precision in
the forward propagation to ensure accurate loss evalua-
tion and preserve training quality, while only quantizing
the gradient computation for optimization.

2.2. Rank Reduction for Efficient Training

Several approaches focus on reducing training costs through
low-rank decomposition. LoRA [18] reduces the fine-tuning
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Figure 3. Illustration of (a) internal HLA and (b) external HLA. In-
ternal HLA reduces dimension IV to r, while external HLA com-
press M to r. The operator ® represents matrix multiplication.

cost of large language models (LLMs) by specifically tar-
geting the memory usage of their massive weights. LBP-
WHT [42] was the first to introduce Hadamard low-rank ap-
proximation in backpropagation, achieving practical accel-
eration. However, it suffers from significant accuracy degra-
dation on large-scale models. HOT also employs HLA, but
we apply it selectively, taking into account the characteris-
tics of backpropagation paths to minimize its drawbacks.

3. Preliminaries

HOT builds upon two advanced optimization tech-
niques—Hadamard Quantization (HQ) and Hadamard
Low-rank Approximation (HLA)—and applies them selec-
tively, taking into account the characteristics of the back-
propagation for weight and activation gradient, respectively.
In this section, we introduce how HQ and HLA are lever-
aged for BP paths. Before we begin, we first define the nota-
tion for matrix multiplication. The operator -, as used in this
paper, denotes matrix-matrix multiplication between two
matrices. Given two 2-dimensional matrices P € RM*N
and S € RV*K | their product R = P - S € RMXK jg
obtained by taking inner products along the /N dimension.

3.1. Hadamard Transformation

The Hadamard Transformation (HT) [32] is the core build-
ing block for mitigating quality loss during quantization and
low-rank approximation. HT can be viewed as a type of
Fourier transformation, converting an n-dimensional vec-
tor v € R2" into the spectral domain & € R2" through the
following linear transformation:

f):Hd-’U,

ey

where H; is the Walsh-hadamard matrix, defined by follow-
ing recurrence equation:
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where ® denotes the Kronecker product.

A key advantage of the HT is its computational effi-
ciency: the Fast Walsh-Hadamard Transform [28] requires
only O(2¢ - log 2%) operations, relying solely on additions
and subtractions. Additionally, we apply a block-diagonal
transformation, also known as the order-n 2D HT [39],
which divides dimensions into specific tiles (typically 16)
and performs transformations for each tile independently.

3.2. Hadamard Quantization

Recently, the combination of the HT with quantization,
known as Hadamard Quantization (HQ), has gained atten-
tion for its lower degradation in low-precision settings. HQ
applies HT along the dimension where inner products are
computed, leveraging the orthogonality of the Hadamard
matrix to ensure consistent outputs in subsequent updates:

R=P-S=P-(H'-H)-S=(P-H")-(H-9), 3)

H € RM*N s a dimension-matched block-diagonal
Walsh-Hadamard matrix. For the arbitray quantization
Q(+), HQ applies it to P and S after they are mapped to the
frequency domain. In this case, the approximated output R
is calculated as follows:
R=Q(P-H")-Q(HS). )
HT converts irregular data with outliers into frequency dis-
tributions, making the data more resilient to quantization
[27, 39]. Although HQ introduces minor computational
overhead, the added cost is justified by its benefits.

3.3. Hadamard Low-rank Approximation

The Hadamard Low-rank Approximation (HLA) is a tech-
nique that reduces computational and memory costs, as il-
lustrated in Fig. 3. HLA leverages HT to convert data to the
frequency domain, selecting the low-frequency components
after transformation [42].

HLA can be categorized into internal and external HLA,
depending on the dimension to which the low-rank approxi-
mation is applied. Internal HLA applies the HT to the inner
dimension, approximating the operation by selecting only
r < N dimensions. When we denote this reduced Walsh-
Hadamard matrix as H, the approximated output R is cal-
culated as follows:

R=(P-H").(H.S). (5)

In contrast, external HLA applies low-rank approxima-
tion to the M dimension of P or the K dimension of S.
For example, when applying HLA to the M dimension, the
approximated output is calculated as follows:

R=H" . (H-P)-S. (6)
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gx path gw path Accuracy
FP FP 76.46
FP HT + 4-bit Q 72.43
FP Internal-HLA 76.29
4-bit Q FP 73.4
HT + 4-bit Q FP 76.16
External-HLA FP 72.01
Internal-HLA FP 51.10

Table 2. Table showing the application of HT and HLA with
varying precision when pretraining ResNet50 with CIFAR100. A
stochastic quantization [7] is used as the quantizer.

Both methods offer computational and memory advan-
tages by reducing dimensionality. Although HT introduces
minor overhead, it is a manageable cost given the benefits.

In the existing LBP-WHT [42] paper, external HLA is
used for lightweight computation along the g, path, while
internal HLA is applied when calculating g,,. However, this
approach results in notable accuracy loss. Our observation
indicates that HLA is unsuitable for the activation gradient
path, suggesting a need to explore alternative methods.

4. Optimization Sensitivity Analysis

For optimal acceleration and memory savings with mini-
mal accuracy loss, we conduct an in-depth analysis of the
optimization sensitivity in the BP of matrix multiplication.
Although the two operands in backpropagation, g, and g,,,
serve similar functions, their tensor properties differ signif-
icantly. Consequently, each path may exhibit different sen-
sitivities to optimization.

4.1. Notataion for BP

In our explanation, we use unified notation for each di-
mension. Input channels are denoted as (I), output channels
as (0), and the sequence dimension as (L). Although acti-
vations include a batch dimension B, we omit it here for
brevity. Based on this notation, in the forward pass, for in-
put activation z € RX* and weight w € RY*/, the output
y € RL*O s calculated as follows:

y=x-wl

)

In the backward pass, given the gradient of the output
activation g, € REL*O ) we can calculate the gradients of
the input activation g, € RX*! and the weight g,, € RO*!
using the chain rule:

T

Gw =9y %, Gz =Gy W. (8)

The computation of each gradient incurs the same cost
as the forward pass operations, so both paths should be



optimized judiciously using appropriate methods. Notably,
when optimizing Vision Transformers (ViT) [12] or fully
convolution layers, the same optimization techniques can
be applied by substituting L = W x H, where W and H
represent the spatial width and height, respectively.

4.2. Activation Backpropagation Optimization

The g, path is computed as a matrix multiplication of the
output gradient (g, ) and the weight (w), as shown in Eq. (8).
Since g, is stored locally and w is persistent, optimization
for g, should prioritize acceleration over memory reduc-
tion. Although g, computations are performed across all
layers for each instance, there is an opportunity for robust-
ness in the batch dimension, as the instance-wise gradient is
averaged over this dimension.

To optimize the g, path, we analyzed three approaches:
HQ, internal HLA, and external HLA, finding that HQ is
the most effective. The existing SOTA, LBP-WHT, reduces
computational costs by applying external HLA to the L di-
mension of g,. We also evaluated internal HLA by reduc-
ing the rank of the common O channel. However, as shown
in Table 2, both HLA methods resulted in large accuracy
degradation in the g, path.

This damage seems to arise from frequency loss pat-
terns generated during HLA. When these patterns accumu-
late across the network, they create trends difficult to cor-
rect, even with batch dimension averaging. Moreover, these
errors worsen rapidly in deeper layers, as shown in Fig. 4.

Meanwhile, quantization can be modeled as adding ran-
dom noise [2], which is mitigated by averaging across the
batch dimension. Moreover, applying HT plays a crucial
role in error reduction. Notably, combining HT with 4-bit
quantization performs surprisingly well and opens up op-
portunities for acceleration, as 4-bit GEMM can be over 3 x
faster than FP16 GEMM via Tensorcore acceleration [38].

4.3. Parameter Backpropagation Optimization

In BP, g,, is computed as the product of intermediate ac-
tivations and the transpose of g, Eq. (8). Since g,, stores
and reuses activations from the forward pass, reducing its
memory consumption is a key optimization goal.

After analyzing the characteristics of g,,, we confirmed
that internal HLA is highly suitable, as shown in Tab. 2.
Fundamentally, g,, updates are performed by taking the av-
eraged value across the L dimension, which acts as a low-
pass filter in the frequency domain [42]. When perform-
ing internal HLA, the accuracy loss from selecting only
low-frequency ranks for the L dimension is mitigated, as
it aligns with this filtering effect.

In contrast, low-bit quantization caused significant accu-
racy degradation, even with HT applied. This is likely due
to weight gradients directly influencing the weight update
trajectory through repeated accumulation, making quantiza-
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Figure 4. Layer-wise MSE error analysis for ViT-B (top) and
ResNet-50 (bottom). The graphs demonstrate higher errors in
HT+INT4 for the weight gradient (g.,) path, while showing ac-
cumulated errors in HLA for the activation gradient (g,) path.

tion errors immediately impactful on quality. Observing g.,
in Fig. 4, we can see that HQ induces larger errors than HLA
across g,, paths in all models. While quantization could be
considered for g,, to manage memory consumption, it must
be applied conservatively.

Through additional observations, we identified a poten-
tial approach to further mitigate the quantization sensitiv-
ity of g,,. In Transformer-based architectures, as shown in
Fig. 6, we observed gradient outliers in certain layers. When
gradients generated from specific tokens have unusually
large values compared to others, applying per-tensor quanti-
zation results in significant errors. Instead, by applying per-
token quantization [40] based on token-specific statistics,
we can greatly reduce quantization errors. This approach
is practically meaningful: because per-token quantization
maintains a consistent scale across the L dimension, we can
still utilize INT8 GEMM, with the scaled output achieved
by multiplying the token-wise scale with the GEMM out-
put. This new approach allows us to implement additional
optimizations in the g,, path, alongside HLA.
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Figure 5. The pipelines for (a) standard BP, (b) LBP-WHT [42], and (c) HOT. HOT reduces memory consumption by compressing acti-
vations for BP using HLA and INT8 quantization, storing them in CTX (shown in red in (c)). It accelerates computations through integer
matrix multiplication for gradient calculations (represented by INT8 and INT4 rectangular sections in (c)).

5. HOT: Hadamard-based Optimized Training

Based on our previous observations, we propose a holistic
optimization pipeline, HOT: Hadamard-based Optimized
Training. HOT employs optimal strategies tailored to the
characteristics of both the g,, and g, paths. Furthermore, for
the g,, path, we introduce Activation Buffer Compression
(ABC), which achieves memory savings, and Layer-wise
Quantizer Selection (LQS), which balances stable quanti-
zation and training speed.

5.1. Optimization on activation gradient path

HOT applies only INT4 quantization to g, without low-rank
approximation. First, HT is applied to g, along the O di-
mension to generate the projected tensor, after which quan-
tization is applied to the projected g,,. For w, HT is similarly
applied along the O dimension to produce the projected w,
which is then quantized to INT4. Since both g, and w are
quantized to integers, the integer g, can be efficiently com-
puted through INT4 GEMM and dequantized to FP32.

We accelerate computation through INT4 matrix mul-
tiplication using NVIDIA TensorCores. Our optimization
combines a custom CUDA implementation and operator fu-
sion for HT and quantization to maximize acceleration.

For quantization, unbiased quantization is essential; bi-
ased quantization can significantly degrade training quality
[6]. It is known that stochastic rounding provides an un-
biased estimate [4], so HOT employs min-max stochastic
quantization. However, to minimize the overhead of gener-
ating random numbers, we use a pseudo-stochastic quan-
tizer [37], leveraging the lower 11 bits of FP32 as pseudo-
random values to determine whether to round FP numbers.

5.2. Optimization on weight gradient path

For g,,, HOT combines HLA and INTS8 quantization. As
mentioned in section 4.3, this reflects the characteristic that
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the g,, computation path is robust to HLA but sensitive to
quantization.

The computation process is as follows. First, g, is trans-
posed and HLA is applied along the L dimension. Next,
INT8 quantization is applied to the compressed g,. For z,
this operation is also applied along the L dimension to gen-
erate compressed z, which is then quantized to 8-bit inte-
gers. Since both g, and x are quantized to 8 bits, integer g,
is calculated through INT8 matrix multiplication. Finally,
integer g,, is dequantized to FP32.

5.2.1. Activation Buffer Compression

Additionally, reducing activation memory is a critical fac-
tor in the g,, path. To address this, we introduce Activation
Buffer Compression (ABC) to minimize memory costs.

To further improve memory efficiency in the g,, path,
HLA and quantization for = can be applied immediately af-
ter the forward pass, rather than during the backward pass.
After the forward pass, when storing x in main memory
for the backward pass of each layer, we can significantly
reduce activation memory usage by storing xz with HLA
and 8-bit quantization already applied. This technique al-
lows activation size to be compressed by up to 50% during
the HLA process, with an additional compression of 25%
achieved during quantization when converting from FP32
to INTS. This theoretically enables memory savings of up
to 12.5% compared to the original. We apply it as a funda-
mental memory optimization strategy.

5.2.2. Layer-wise Quantizer Selection

To further reduce quantization errors in g,,, per-token quan-
tization can be applied to g,. However, this approach in-
volves the trade-off of additional inference costs due to the
need for token-wise scale calculation. Since the character-
istics of g, vary by layer, HOT can selectively apply either
per-token or per-tensor quantization.



By analyzing the patterns of g, across layers, we iden-
tified two distinct cases: (a) layers that consistently show
gradient outliers for specific tokens, and (b) layers where
gradient outliers are difficult to recognize. For example, as
shown in Figure 6, the first case consistently appears in the
attention projection and fc2 layers of ViT-S [12], while the
second case occurs consistently in its fcl layer. In Case
(a), tensor-wise quantization results in significant accuracy
loss, so token-wise quantization should be applied despite
its associated overhead. In Case (b), tensor-wise quantiza-
tion is preferable, as the computational overhead of token-
wise quantization outweighs its accuracy benefits.

To implement this, HOT uses a hand-crafted, empiri-
cal selection process by performing a backward pass on a
small calibration set prior to training. Specifically, for each
layer’s g,, we calculate the Mean Squared Error (MSE) be-
tween FP and per-token quantization, and between FP and
per-tensor quantization. If the error difference is less than
50%, per-tensor quantization is applied; if the difference
is 50% or greater, per-token quantization is used. We re-
fer to this layer-wise quantizer selection method as LQS.
Although the trade-offs require further detailed evaluation,
this straightforward strategy provides satisfactory benefits
in both computational throughput and training quality.

5.3. Joint optimization with LoRA

LoRA [18] and HOT have distinct optimization objectives,
making them complementary in application. We have con-
firmed that by applying LoRA in the forward pass and HOT
in the backward pass, we can effectively compress model
weights and optimizer states through LoRA, while com-
pressing intermediate activations through HOT.

The key characteristic of using HOT and LoRA together
is the differentiated approach to its frozen weight and de-
composed weight. In frozen weight, where parameters re-
main unchanged, HOT skips the calculation of g,, and only
computes g, for the backward pass to the next layer.

In contrast, within LoRA’s decomposed weight, updates
are applied to the decomposed weights after the backward
pass. We found that performing traditional BP without ap-
plying HOT in this part is crucial for preserving accuracy.
Since LoRA already reduces the cost of g,,, the additional
cost reduction from HOT in these regions is minimal, mak-
ing this trade-off beneficial. By optimally combining the
strengths of LoRA and HOT, we have developed a holistic
and efficient training method that maximizes training per-
formance while minimizing memory usage.

6. Experiment

We conducted comprehensive experiments to validate the
superiority of the proposed technique. We set FP, LUQ [7],
LBP-WHT [42], and LoRA [18] as comparison groups,
with LoRA results reported only for models with atten-
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Figure 6. The illustration for output gradient tensor of (a) atten-
tion proj layer of the 6, 8th block and fc2 layer of the 7th block in
ViT-S [12]; (b) fcl layers of the 6th, 7th and 8th blocks in ViT-S.
While (a) benefits from per-token quantization, (b) shows compa-
rable performance with per-tensor quantization.

tion layers. Unless otherwise specified, ABC and LQS were
applied by default. Detailed experimental settings includ-
ing low-pass vector selection criteria of HLA and hyper-
parameters are described in Supplementary Materials.

6.1. Efficient fine-tuning on vision tasks

First, we compared fine-tuning quality across representative
vision tasks: Classification, object detection, and semantic
segmentation, with results shown in table 3. For classifi-
cation, we conducted experiments on EfficientNetV2 [33],
EfficientFormer [22], and ViT [12], fine-tuning models pre-
trained on ImageNet-1k [9] using CIFAR10 and CIFAR100
datasets [20]. For object detection and semantic segmen-
tation, we conducted experiments using Segformer [41]
and YOLO-V5 [19] models respectively, fine-tuning models
pretrained on COCO dataset [23] using PASCAL VOC [14]
and Cityscape [8] datasets.

As shown in table 3, HOT demonstrates performance
significantly better than previous SOTA in fine-tuning. No-
tably, LUQ, which is a former state-of-the-art method, fails
to train on certain architectures, but our method achieves
stable fine-tuning regardless of the architecture. It also
shows superior quality in almost all cases compared to LBP-
WHT. Additionally, we confirmed that combining with
LoRA proceeds successfully with minimal degradation.

6.2. Fine-tuning result of Large Language Model

We extended the scope beyond vision models to LLM fine-
tuning to validate its effectiveness. Table 4 shows the re-
sults of fine-tuning BERT-base [10] and Llama3-8B [13],
two representative language models, on MRPC [36] and Al-
paca [34] datasets respectively.

The experimental results with Llama3-8B particularly
demonstrate superiority of HOT. State-of-the-art BP opti-



Dataset Model FP LoRA [18] LUQ [7] LBP-WHT [42] HOT HOT + LoRA

EfficientNetV2-s [33] 97.61 - NaN 94.09 96.79 -

EfficientNetV2-m [33] 98.01 - NaN 95.85 96.17 -

i - 22 . . . . . .
CIFAR10 [20] Efﬁc?entFormer L1[22] 97.31 94.14 96.42 94.6 96.49 94.01
EfficientFormer-L7 [22] 98.65 97.10 97.86 97.22 98.03 96.90
ViT-S [12] 98.68 98.70 97.37 97.24 98.21 98.60
ViT-B [12] 96.36 96.07 95.70 91.37 95.01 96.03

EfficientNetV2-s [33] 87.36 - NaN 87.10 86.29 -

EfficientNetV2-m [33] 84.89 - NaN 55.08 83.91 -

i 112

CIFAR100 [20] EfﬁCfentFormer L1[22] 85.73 84.84 78.70 83.27 84.07 83.42
EfficientFormer-1.7 [22] 88.04 85.09 76.33 85.10 87.39 85.01
ViT-S [12] 86.81 85.67 86.37 85.96 85.81 85.49
ViT-B [12] 93.45 92.61 91.76 92.47 92.99 92.51

(a) Fine-tuning on classification task

Dataset Model ‘ FP LoRA [18] LUQ [7] LBP-WHT [42] HOT HOT + LoRA
VOC 2012 [14] . 80.93 79.40 78.70 78.40 78.86 79.10
R Segformer-mit-b2 [41] —
Cityscape [8] 72.16 70.39 70.31 71.16 71.72 70.37
VOC 2007 [14] YOLO V5-S [19] ‘ 85.80 - NaN 85.00 85.10 -

(b) Fine-tuning on semantic segmentation and object detection

Table 3. Quality degradation comparison of BP optimization techniques across classification and semantic segmentation tasks. HOT
demonstrates superior performance over other methods across almost all models and maintains comparable accuracy when integrated
with LoRA [18].

Dataset Model ‘ FP LoRA[IS] LUQ[7] LBP-WHT[42] HOT l;?; A+ Dataset Model | FP LUQ[7] LBP-WHT [42] HOT
MRPC[36] BERTbase[10] | 8652 8161 8456 80.88 831 816 ViTB [12] [mageNet-100[9] | 77.87  75.97 54.25 77.31
Alpaca [34] Llama3-8B [13] | 3.28 3.8 NaN NaN 329 378 ImageNet-1k [9] | 70.01 67.1 NaN 694

Table 4. Performance comparison of MRPC accuracy(%) and Al- Table 5. Accuracy results for pre-training tasks of ViT-B model on
paca perplexity(%) in LLM fine-tuning. Higher MRPC accuracy ImageNet-1k and ImageNet-100 datasets. Unlike other method-
and lower Alpaca perplexity indicate better performance. ologies, HOT shows less than 1% degradation with FP.

mization techniques like LUQ and LBP-WHT showed se- Figure 7 shows memory usage analysis for ResNet-
vere degradation as model depth increased, sometimes re- 50 [17], ViT-B [12], and EfficientFormer-L7 [22] mod-
sulting in failure. In contrast, HOT achieved stable train- els with a batch size of 256 in ImageNet [9]. Notably,
ing even with the deep architecture of Llama3-8B. In while LBP-WHT and LUQ [7] consume the same mem-
fine-tuning the relatively smaller BERT-base, HOT demon- ory as FP32, HOT achieves up to 86% memory reduction
strated performance comparable to existing SOTA methods. in ResNet-50 and up to 75% in ViT models. Memory op-

timization of HOT makes it possible to train with a single
NVIDIA RTX 3090 having 24GB main memory, which has
A key factor of HOT is actual acceleration while reducing practical point in accessibility of deep learning training.
memory footprint. In this section, we compare the perfor-
mance advantages of HOT against existing methods.

6.3. Performance Analysis

6.3.2. Computation Cost

While HOT incurs slight overhead compared to basic BP

6.3.1. Memory Consumption in transformation and quantization, it significantly reduces

HOT dramatically reduces memory usage through activa- overall computation cost through low-precision operations.
tion compression using ABC. In its basic implementation, The overhead analysis is described in Supplementary Ma-
HOT shows memory efficiency similar to LBP-WHT [42]. terials. Figure 7 shows the comparison of bit operations
However, with the introduction of ABC, it successfully (bops) [1, 30] across ResNet-50 [17], ViT-B [12], and
achieves an additional 75% memory reduction, further em- EfficientFormer-L7 [22]. Specifically, HOT achieves ap-
phasizing its effectiveness in managing memory. proximately 64% reduction in computational cost compared
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Figure 7. Estimated memory usage with 256 batch of ImageNet
dataset [9] and computational costs when applying HOT and exist-
ing methods across various models. HOT effectively reduces acti-
vation memory footprint, making training feasible on a single RTX
3090 GPU by significantly lowering resource requirements.

to FP in ResNet-50, which is more efficient than both LBP-
WHT [42] and LUQ [7]. Similarly, it recorded 65% reduc-
tion in both EfficientFormer-L7 and ViT-B.

We also measured the actual latency of BP through
CUDA kernels on an RTX 3090 GPU, which is shown in
Table 6. Experimental results show that HOT achieves up to
3.3x speedup in the fc2 layer of ViT-B, 2.6 in average of
all layers of the model. The implementation detail of CUDA
kernels is detailed in Supplementary Materials.

6.4. Pre-training Result

We evaluated the performance in the more challenging task
of full training. Full training is known to be more vulnera-
ble to gradient quantization or low-rank approximation as it
starts from randomly initialized weights.

Table 5 shows the results of full training ViT-B [12]
model on ImageNet-1k and ImageNet-100 datasets [9]. In
ImageNet training, while other efficiency methods either
show substantial degradation (LUQ) or train failure (LBP),
HOT achieves performance nearly equivalent to FP. The ex-
perimental results show that HOT achieved superior per-
formance compared to existing methods even under these
demanding conditions, demonstrating stable convergence
throughout the training. More detailed experimental results
and analysis can be found in Supplementary Materials.
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L, 0,1 Name FP LBP-WHT HOT
ResNet-50
(3136, 64, 256)  layerl.convl 115 106 62 (1.9x)
(3136, 64,576)  layerl.conv2 134 117 59 (2.3x)
(784, 128,512)  layer2.convl 117 99 67 (1.8x)
(784,128, 1152) layer2.conv2 124 81 60 (2.1x)
(196, 256, 2304) layer3.conv2 114 85 64 (1.8x)
(49,512,4608) layerd.conv2 137 102 72 (1.9%)
ViT-B
(197, 2304, 768) gkv 182 110 70 (2.6x)
(197, 768, 768) proj 122 108 71 (1.7x)
(197, 3072, 768) fcl 226 120 73 (3.1x)
(197, 768, 3072) fc2 233 112 72 (3.3%)
EfficientFormer-L7
(3136, 384, 96) stages.0.fcl 125 123 63 (2.0x)
(784, 768, 192) stages.1.fcl 129 108 68 (1.9%)
(196, 1536, 384) stages.2.fcl 126 102 66 (1.9%)
(49, 1536,768)  stages.3.gkv 128 105 62 (2.1x)
(49,768, 1024)  stages.3.proj 111 105 69 (1.6x)
(49, 3072, 768) stages.3.fcl 146 110 66 (2.2x)

Table 6. Latency(us) profiling results measured on RTX 3090
GPU with varying layer dimensions. HOT achieves significant
speedups across different layers and architectures, outperforming
LBP-WHT [42] by large margin.

7. Limitation and Broader impact

As model size and depth increase, HOT tends to show more
performance degradation. It is a clear limitation of HOT, de-
spite incurring fewer errors compared to existing methods.
Nevertheless, HOT can still be considered an optimal solu-
tion for training in resource-constrained environments with
limited memory and computational capacity.

8. Conclusion

In this paper, we introduce HOT, a novel training method-
ology that reduces memory usage, speeds up computation,
and maintains quality. We accelerate the activation gradi-
ent path using low-precision HQ while enhancing training
stability in the weight gradient path through high-precision
HLA quantization. We also improve memory efficiency
by compressing activations with ABC and stabilize train-
ing with layer-wise quantizers (LQS). As a result, HOT
achieves state-of-the-art performance across various vision
and language tasks, delivering both high memory efficiency
and significant acceleration.
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