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Abstract

Fine-tuning is the process of extending the training of
pre-trained models on specific target tasks, thereby signif-
icantly enhancing their performance across various appli-
cations. However, fine-tuning often demands large mem-
ory consumption, posing a challenge for low-memory de-
vices that some previous memory-efficient fine-tuning meth-
ods attempted to mitigate by pruning activations for gra-
dient computation, albeit at the cost of significant compu-
tational overhead from the pruning processes during train-
ing. To address these challenges, we introduce PreBackRa-
zor, a novel activation pruning scheme offering both com-
putational and memory efficiency through a sparsified back-
propagation strategy, which judiciously avoids unnecessary
activation pruning and storage and gradient computation.
Before activation pruning, our approach samples a proba-
bility of selecting a portion of parameters to freeze, utilizing
a bandit method for updates to prioritize impactful gradi-
ents on convergence. During the feed-forward pass, each
model layer adjusts adaptively based on parameter activa-
tion status, obviating the need for sparsification and stor-
age of redundant activations for subsequent backpropaga-
tion. Benchmarking on fine-tuning foundation models, our
approach maintains baseline accuracy across diverse tasks,
vielding over 20% speedup and around 10% memory reduc-
tion. Moreover, integrating with an advanced CUDA kernel
achieves up to 60% speedup without extra memory costs or
accuracy loss, significantly enhancing the efficiency of fine-
tuning foundation models on memory-constrained devices.

1. Introduction

Nowadays, Transformer-based models [50] have achieved
remarkable results in various domains of deep learning [19,
20]. The trend towards scaling up these models for en-
hanced performance necessitates substantial data and com-
putational resources, often beyond the reach of many
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researchers [44]. Consequently, fine-tuning pre-trained
Transformer models, which are a prominent example of
foundation models [5], has become a prevalent strategy.
This approach allows for adapting and continuing the train-
ing of these models at reduced costs while retaining high
performance. Despite the advantages, fine-tuning founda-
tion models on low-end devices, such as personal com-
puters with consumer-level GPUs and other edge devices,
presents considerable challenges. These challenges stem
primarily from the limited memory and computational ca-
pacity of such devices, restricting the feasible model and
batch sizes during fine-tuning. This limitation often re-
sults in prolonged training periods or compromised perfor-
mance. Our paper aims to address this issue by exploring
efficient methodologies for fine-tuning Transformer models
on consumer-level devices, striving to balance performance
with training efficiency.

One pervasive challenge in fine-tuning models is ef-
fectively managing the training pipeline within the con-
fines of limited device memory [41]. Beyond loading
trainable parameters, memory usage in model training in-
cludes storing intermediate tensors like gradients and ac-
tivations. These elements are crucial in backpropagation
and become particularly memory-intensive with large in-
put batch sizes or model scales. Although efficient train-
ing techniques, such as low-precision and pruning, have
been proposed to save memory on model parameters and
are widely adopted [23, 31], recent research has shifted fo-
cus towards reducing memory consumption of activations,
identified as a primary memory bottleneck [7]. Notably,
since activations are stored solely for backward computa-
tion, recent studies on activation reduction [8, 24, 37] have
proposed an asymmetric backpropagation pipeline. This ap-
proach maintains a dense forward pass and compresses acti-
vations only for gradient computation during backpropaga-
tion. Among these, BACKRAZOR by Jiang et al. [24] em-
ploys top-k pruning in the forward pass to sparsify activa-

5883



tions, thereby reducing memory requirements for their stor-
age. This method then re-densifies them during the back-
ward pass for gradient computation, achieving significant
memory savings. However, since activation pruning meth-
ods do not retain the original activations, they typically re-
quire additional computations to determine optimal pruning
locations, in order to maintain accuracy. This introduces
a trade-off between memory reduction and computational
overhead, necessitating a careful balance. Furthermore, it
presents a challenge in enhancing the efficiency of current
computation-intensive activation pruning methods.

In our work, addressing this unresolved challenge, we
present PREBACKRAZOR, a memory and computation-
efficient activation pruning scheme. It aligns with the asym-
metric sparsified backpropagation approach, where sparsi-
fied activations are preserved solely for the backpropaga-
tion process. PREBACKRAZOR operates by dynamically
freezing non-essential activation coordinates, thus minimiz-
ing the necessity for their sparsification and storage. This
method effectively reduces computational load, thereby
boosting the overall computation efficiency. Before initi-
ating each iteration’s forward pass, we strategically assign
a dropout probability to every activation coordinate. This
probability is informed by the gradient values associated
with these coordinates, derived from prior iterations. This
process enables us to selectively freeze certain coordinates
during the ensuing backward pass. The chosen probabilities
aim to preserve those gradients that are crucial for model
convergence. To continuously refine this probability distri-
bution, we utilize a bandit method, an approach inspired by
JOINTSPAR [30]. Consequently, during the forward pass,
we bypass the pruning and storage of activations that are
deemed non-essential for backpropagation. This method ef-
fectively diminishes the computational burden typically as-
sociated with activation pruning, while simultaneously up-
holding memory efficiency and training accuracy.

Our experiments, conducted on a single RTX 4090 GPU,
have shown significant improvements in training efficiency
and memory management during the fine-tuning of Vision
Transformer (ViT) and BERT models. For ViT, an exten-
sive comparative analysis using the CIFAR datasets [26]
revealed that our method, PREBACKRAZOR, outperforms
traditional activation pruning techniques like BACKRAZOR
in terms of computational efficiency. Notably, PREBACK-
RAZOR achieves an up to 1.7x increase in training speed
for linear layers, without incurring additional memory over-
head. Furthermore, our carefully tailored adaptation of the
FLASHATTENTION kernel has significantly accelerated the
fine-tuning process, ensuring efficient memory usage. This
customized integration results in an impressive 1.7 x boost
in training speed, maintaining a balanced computational
budget without sacrificing accuracy. In the context of BERT
fine-tuning, our approach also results in a modest improve-

ment in time efficiency and final accuracy.

In summary, our main contributions are three-fold:

* We propose a novel activation pruning pipeline to further
reduce the computational overhead of previous methods.
In addition, we establish the convergence analysis for the
proposed algorithm.

* We design improved activation storage schemes that
jointly reduce the compute and memory. We employ ban-
dit methods to update gradients across activation coordi-
nates of the model layers adaptively. This selective up-
date mechanism efficiently manages activation pruning
and gradient computation, thereby reducing memory and
computational costs based on BACKRAZOR’s asymmet-
ric activation-self-sparsified backpropagation.

* We conduct experiments on fine-tuning Transformer-
based ViT and BERT, adapt the current code library,
and combine the state-of-the-art FLASHATTENTION 2
CUDA [16] kernels to boost the training, making the
pipeline more welcome by nowadays consumer-level de-
vices. Our experiments show that our method reduces
over 30% of training time without loss of accuracy.

2. Related Work

In this section, we briefly review existing memory and
computation-efficient fine-tuning methods.

Memory-efficient fine-tuning methods. In memory-
limited environments, strategies like partitioning and com-
pression leverage trade-offs in computation, communica-
tion, and storage to reduce memory usage. Gradient
accumulation lowers memory usage at the cost of in-
creased communication, while gradient checkpointing [12]
achieves memory savings through recomputation. CPU of-
floading [42], GPU partitioning [41], and FLASHATTEN-
TION [16, 17] balance memory optimization against com-
munication overhead. Several memory-efficient optimiz-
ers [32, 43, 49] have been proposed to approximate back-
propagation to minimize stored information. Recent ap-
proaches include computing only forward passes with es-
timated gradients [34] and integrating gradient computation
with parameter updates [33]. Additionally, low or mixed-
precision training [27, 35] and other sparse backpropa-
gation methods [13] have been integrated, trading some
numerical accuracy for enhanced memory or communica-
tion efficiency. There are also related works focusing on
communication cost reduction in distributed systems that
use these memory-efficient methods for gradient compres-
sion [1, 4, 45], which is different from our settings. Addi-
tionally, while quantization [9, 18] and pruning [47] meth-
ods are commonly employed to compress gradients and
model weights, our research concentrates on the pruning of
activations. In the realm of activation footprint reduction,
Cai et al. [7] suggest freezing layer weights while updat-
ing biases and adding lightweight residual modules. Other
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methods involve compression of activations [2, 11, 54].
To maintain accuracy, recent research proposes asymmetric
sparsified backpropagation which stores compressed activa-
tions, using original dense inputs for forward computation
and retrieving activations for backward gradient computa-
tions. They employ techniques like low-precision compres-
sion [8, 37], or utilizing top-k masks for pruning activa-
tions [24].

Computation-efficient fine-tuning methods. Existing
computation-efficient fine-tuning methods include PEFT,
knowledge distillation [22], few-shot learning [52], as well
as quantization and pruning implementations. Our research
primarily focuses on techniques that dynamically adjust
training and seamlessly integrate with our sparse backprop-
agation pipeline. In the realm of computation-efficient fine-
tuning methods, we find adaptive learning rates [25, 49] rel-
evant for their role in facilitating faster convergence [10,
46, 56]. Also, dynamic sparse algorithms [29, 36] are no-
table for introducing sparsity during training. For the as-
pect of sparse backpropagation, the implementation of top-
k masking over gradients by Sun et al. [48] to induce
sparsity in backpropagation is in line with our approach to
asymmetric pruning. Structured sparsity patterns [21, 55]
and layer freezing techniques [6, 40], along with selective
weight freezing strategies [28], offer valuable insights into
reducing computational load. We also draw specific ele-
ments from the JOINTSPAR algorithm [30], which selec-
tively drops gradient vectors, a principle we adapt to target
the computational challenges in activation pruning.

3. Rethink the Backpropagation Redundancy

In this section, we first present explanations of the mem-
ory cost of activations, and the asymmetric self-sparsified
activations as introduced in BACKRAZOR algorithm [24].
Then we show the memory and computation redundancy in
the current backpropagation scheme.

3.1. Preliminary

Consider the nonconvex optimization problem of fine-
tuning foundation models: mingece £(6), where L is the
training loss calculated with the model’s weight 8, and ©
is the parameter space. Without loss of generality, the for-
ward pass of a given neural network with n layers can be
expressed as follows:

f(Xo; 0) = fn(fnfl( .. fO(XO; 00) e anl; 0n)> (1)
L= L(f(x0:0),y) 2)

where xg represents the input features at the 0-th layer, and
y corresponds to the input label. The functions f; and pa-
rameters @; are associated with the model’s i-th layer. The
expression f(xo; @) indicates the model’s final prediction.

In this section, the symbol L stands for the loss between the
prediction and the label, computed using the specified loss
function £. We define the activation x; as the output of the
(’L — 1)-th layer, i.e., X; = fi—l(xi—l; 07;_1).

Denoting hz(-x) (xi,0;) and hge) (xi, 0;) as the derivatives
of x;41 with respect to x; and 6; respectively. Normally,
the backward process can be defined as:

oL  OL 0x;y1  OL
6Xi o aXi+1 BXi a aXi+1
oL 0L Ox,, 0L
00;  Ox;y1 00;  Oxip1

W9 (x:,6,), ()

W (x;,6;). (4

For instance, considering a linear layer with parameters
6,, which consist of a weight matrix W, and a bias vector
b;, its forward pass function for computing the output x; 1
is expressed as x;41 = xiWiT + b;. All of the variables x;,
W, and b; are retained for gradient computation before
the layer produces the output x;;;. Subsequently, during
the backward pass of this layer in the loss backpropagation
process, the gradients are calculated as:

0L oL 0x;41  OL

aTci - 8Xi+1 Bxi o 8xi+1wi’ (5)
oL, IL .1

aw, ~ () %o (©6)
oL oL

ob;  O0xi11 ™

Here, the activation x; is involved in computing the gra-
dient for updating the weight W;. Consequently, the acti-
vation value must be stored in memory during the forward
pass. This storage occupies a significant portion of mem-
ory, often exceeding the memory required for saving the
weights. Additionally, the size of the activations increases
linearly with the batch size.

Jiang et al. [24] propose BACKRAZOR, a method that
only prunes the activation saved for backpropagation and
keeps it dense in the forward pass. The activation x; is
pruned and stored in the context as a sparse version X;. The
backward process with pruned activations turns into:

OL _ oL (%) /=~

aXi - aXi+1 hz (XZ)B’L)’ (8)
oL  OL (e ~ a0

6, = 8XZ‘+1 hi (Xuez)' 9

As for their activation pruning, a straightforward top-k
pruning method is applied, which identifies and removes the
k smallest magnitude values within the activation. Denoting
v as the total number of values of the activation, to introduce
a targeted sparsity level, a fixed parameter X is set (e.g.,
A = 0.9), and the pruning budget is determined by setting
k = Av. Consequently, all activation values below the k-th
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Figure 1. Sparsity vs computation time cost between BackRa-
zor (element-wise, self-sparsified) and proposed PreBackRazor
(column-wise, joint-sparsified).

smallest value are zeroed out. After this pruning operation,
the pruned activation is stored as a binary bitmap, known
as the mask. This mask indicates the positions of the non-
zero elements. Additionally, a dense matrix is maintained
to retain the values of the non-zero elements.

3.2. Rethink the sparsity in BACKRAZOR

Redundancy in full-gradient computation. Common
backpropagation activation sparsification schemes involve
restoring compressed activations, saved within the model
context, back to their dense format during backpropagation.
In the case of BACKRAZOR, this process entails densifying
the sparse matrix to its original shape for gradient computa-
tion. Consequently, the full gradient is computed using the
full-size activation, and the sparsity of the pruned activation
is not utilized to expedite computation.

Computation overhead in pruning. A prevalent prun-
ing approach involves generating an element-wise self-
sparsified top-k mask to eliminate smaller values. This
method, when employed for activation pruning, incurs ad-
ditional computational costs. These costs include sorting
to find the k-th smallest activation value and performing
element-wise comparisons across all activation elements to
construct a sparse tensor. Collectively, these operations
contribute to significant computational overhead, poten-
tially extending training time beyond that of traditional fine-
tuning. Such a trade-off for memory reduction may not be
justifiable. Exploring alternative sparsity patterns and prun-
ing schemes, such as column-wise and joint-sparse could
lead to the discovery of faster algorithms, potentially re-
placing the current self-sparsified top-k activation pruning
method and thus reducing computation costs.

Inspired by the observed inefficiencies in existing meth-
ods, we sought to investigate whether alternative sparsity
patterns could offer reduced computation. Specifically, we
compared the performance of column-wise sparsity with
element-wise sparsity within the same linear layer, across
various sparsity ratios, as depicted in Figure 1. Our find-

Forward
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| G

Backward []J
; OL _ 0L Oxun ;
: x4 O0x4i1  0%q ]
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Figure 2. Pipeline of the proposed PreBackRazor.

ings indicate notable up to 1.7x speedups, aligning with
our initial hypothesis. Additionally, the column-wise ac-
tivation sparsity pattern facilitates the use of existing joint
sparse algorithms, which leverage gradient information to
generate sparse masks previous to the BACKRAZOR prun-
ing pipeline. This approach incurs lower computational
costs. Given that the original sparsity is unstructured and
of a low ratio, the integration of a structured sparsity pat-
tern also holds promise for further acceleration, leverag-
ing modern sparse computation software and hardware ad-
vancements [14, 21, 39].

4. Methodology

In this section, we first propose the PREBACKRAZOR
method. After that, we introduce the bandit method from
JOINTSPAR algorithm [30] that we use to adjust the prob-
ability of dropping computations. Lastly, we examine the
convergence of our proposed method.

4.1. Overall pipeline of PREBACKRAZOR

Our jointly sparsified activation pruning approach, PRE-
BACKRAZOR, employs asymmetric backpropagation,
maintaining dense computations in the forward pass while
pruning activations for the backward pass, as depicted
in Fig. 2. Inspired by the JOINTSPAR algorithm [30],
our method goes a step further by incorporating gradient
sparsity into the activation pruning, aiming to significantly
boost computational efficiency. In PREBACKRAZOR,
we manage a probability distribution over activation
coordinates to selectively prune redundant indices. This
process effectively reduces the computation of related
gradients and halts the updating of corresponding weights,
thereby enhancing training efficiency and minimizing
computational requirements. The decision-making process
hinges on the analysis of gradient norms, leveraging the
joint sparsity of gradients and activations. This approach
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prioritizes the retention of the most impactful gradient
coordinates for weight updates. The implementation details
of this method are outlined in Algorithm 1.

Algorithm 1 PREBACKRAZOR

1: Initialize all po = s/D
2: fort=1to T do
3 Sample x¢,y from D
4 for i =1ton do > Forward
5: Instantiate Z; 4, with P(Zy,q = 1) = pt,a
6 Determine Sy = {d : Z;.qa = 1}
7 x; = fi(xi—1,0;)
8 mask = a binary bitmap of size D
9: for parameter 64 of 6; do
10: if d € S, then
11: masky =True
12: end if
13: end for
14: X;—1=Sparsify(x;_1, mask)
15: SaveForBackward(x;_1, mask, ;)
16: end for
17: Compute loss L = L(Xn+1,Y)
18: fori=n—1to1do > Backward
19: Densify(x;—1, mask)
20: P = 2L h{ (%:,6,)
21: for parameter 6} with d € S; do
22: ado[Ld] = afil h,Ee)(th[d])
23: end for
24: pe+1 = Update(p:,St,{g: () }des,)
25: end for
26: end for

For a given input activation x; in the i-th layer of the
model, we decompose the activations column-wise, repre-
sented as x; = [X;1, - ,Xid, " ,X;,p], where d and D
respectively denote the d-th coordinate out of all D column
indices. Considering a linear layer, its weight parameter 0
is similarly decomposed into [0y}, -, 0(q),- -+ ,0[p;]. To
differentiate from the layer-wise parameter set 6; (as dis-
cussed in Section 3.1), we use square brackets to denote
each coordinate, represented as O[d]. The gradient of the
loss with respect to 0|4 is denoted by g; 4, and we define
gt,[q) as a vector with all elements zero except the d-th ele-
ment: g (q = [0,--+ ,G¢,.a, -, 0], with g; being the sum
of all such vectors, g; = >\, G1.a)-

At each iteration ¢, a probability distribution p, =

[Pe.1s-+* sDrds- -+ »Dr,p] is maintained over the joint co-
ordinates of the parameters [0}1),---, 60, ,0[p] and
activations [x1,-+- ,Xq4, - ,Xp|. For each coordinate, a

Bernoulli random variable Z; 4 is sampled with P(Z; 4 =
1) =piqand P(Z; q = 0) = 1 — p; 4, deciding whether to
include (Z; 4 = 1) or exclude (Z; 4 = 0) the gradient of 8,
during backpropagation.

Initially, each p; is set uniformly to 7, aligning with the

desired sparsity budget s, where s signifies the number of
columns involved in the backward process. At the onset
of each iteration ¢, the Bernoulli random variable Z; 4 is
sampled to form the active set .S; of coordinates that retain
gradients in activations. Post gradient computation in back-
propagation, this gradient information informs the update
of the probability distribution, employing a bandit method
which we will introduce in the subsequent section.

Integrating the FLASHATTENTION kernel. The fine-
tuning of Transformer-based models on consumer-grade de-
vices presents a unique opportunity to leverage modern,
efficient kernels for improved training efficiency. In our
approach, we have adapted and integrated the FLASHAT-
TENTION kernel, substituting the original, more segmented
sparsified attention implementation in BACKRAZOR. To
address the increased memory usage resultant from this in-
tegration, we have incorporated PREBACKRAZOR within
the FLASHATTENTION function. This inclusion not only
facilitates pruning but also employs recomputation strate-
gies to mitigate precision loss. We designate this enhanced
methodology as PREBACKRAZOR++. This innovative ap-
proach ensures memory usage remains on par with BACK-
RAZOR, while markedly accelerating the training process.
We further combine JOINTSPAR over model parameters
with our method as the PREBACKRAZOR++JOINTSPAR
for best memory and computation efficiency. Details on im-
plementation are omitted here for brevity.

4.2. Bandit method for gradient sparsification

To update the probability distribution p; over D coordinates
at each iteration ¢, we utilize a bandit method akin to that in
JOINTSPAR [30], originally introduced by Auer et al. [3],
as detailed in Algorithm 2.

Algorithm 2 Bandit [30] for Updating Distribution p,
1: Algorithm: UPDATE(p:,St,{g¢,[d) }acs,)
2: Input: p;: probability distribution, S;: set of active parame-
ters, {gy,q) }des,: gradients

3: ford =1to D do
4: if d € S; then )
5 l*t = — lge, ()l e
’ (Pt,d)2 men
6: else
7. lt,d - 0
8: end if ~
9: We,d = Pt,d €Xp (—aple,a/De,a)
10: end for

11: piy1 = argmingep DKL(QHwt)
12: return p; 1

We introduce a set P as P = {p € R : ZdD:1pd =
$yPd > Pmin, V1 < d < D}, where pyiy is a constant lower
bound. This set helps in guiding the update of the proba-
bility distribution. The sum of the probabilities across all
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parameters equals the desired sparsity budget s, with each
probability bounded below by a constant p,,;,. Note that
s and pnin are parameters defined by the user, adhering to
the conditions 0 < s < D and 0 < ppin < 1. Recall
that g, (4 is defined as g, (g = [0, ,G¢,a, -+ ,0], and
g = ZdD:1 gt,[q)- The term «, denotes the step size, while
Dxy,(g||w) represents the KL divergence between distribu-
tions ¢ and w.

4.3. Theoretical results

In this section, we analyze the convergence of our proposed
method PREBACKRAZOR++JOINTSPAR in the context of
linear networks. We use g; to represent the gradient of the
loss function £ with respect to the parameter 6, at iteration
t, calculated using all samples in the training dataset. In
contrast, g; denotes the stochastic gradient computed using
a single training sample. To support our analysis, we adopt
the classical assumptions as detailed by Jiang et al. [24]:
Assumption 1. (1) The objective function L is Sy-smooth
with respect to 0[4); (2) The gradient g; 4] is upper bounded
by G, ie., G > ||gsqll- V¢, d; (3) The objective func-
tion £ is bounded below by L*; (4) For each iteration ¢,
the stochastic gradient g; adheres to the following: E[g;] =
gt, E[(g: — g1)3] < 03,Vd € {1,2,...,D}, with D de-
noting the number of coordinates and the constant o2 rep-
resenting the variance corresponding to coordinate d.

Lemma 1 [24]. In the context of linear neural networks,
the gradient of parameters at iteration ¢ can be decomposed
as g = Xy AtT , where x; denotes the precise activation, and
A, is referred to as the transformation matrix. After pruning
the activations, only the pruned activations X} are reserved
and used for backpropagation, and the gradient approxima-
tion becomes §| = XA, .

Theorem 1 (Convergence). Denote « as the step size. Un-
der Assumptions 1-4, the following bound holds:

T n
1 L(0o) — L*
Bl > gl < =20
t=1 i=1
T n

Soott A llge.jall”
tor LB T a0

where T is the total number of iterations, S,, = maxg .Sy,
6y is the initial model weights.

As the training progresses, the first term on the right-
hand side of the equation progressively diminishes to
zero, whereas the second term remains confined within the
bounds set by the bandit method. This theorem establishes
that our proposed method converges towards a bounded
neighborhood around a stationary point. While our theo-
retical analysis here is confined to linear networks, the ex-
tension to non-linear networks remains an area for future in-
vestigation. In the meantime, we have empirically validated

that our proposed method effectively accelerates the fine-
tuning of Transformer-based models. For those interested
in a more thorough exploration of the underlying mathe-
matics, the detailed derivation of these results is provided in
the appendix. Additionally, the proofs and analyses in [24]
and [30] offer further insight into these concepts.

5. Experiments

We perform experiments on PyTorch [38] with RTX 4090
GPU with 24GB of VRAM. We apply our method on top
of BACKRAZOR’s code library to report the performance
gains, following its training settings on ViT and BERT. We
report the actual memory allocation on GPU measured with
PyTorch CUDA tools. For better readability, we employ
the abbreviation JS to denote JOINTSPAR, and PREBR as a
shorthand for PREBACKRAZOR.

5.1. PREBACKRAZOR with Vision Transformer

Settings. For ViT training, we initiate the process by load-
ing the checkpoint of the ViT-B/16 model that has been
pre-trained on ImageNet-22K as our starting point. Sub-
sequently, we fine-tune the model using the CIFAR-10 and
CIFAR-100 datasets [26]. The fine-tuning process encom-
passes 20,000 steps and employs cosine learning rate decay,
with an initial 500 steps dedicated to learning rate warmup.
We utilize the standard SGD optimizer and conduct valida-
tion every 1,000 steps. The maximum learning rate is set at
0.01, and the batch size during training is 128.

al | ---- BackRazor0.9 0.92 e
{ == PreBR0.9++JS0.7 - 1A
w3k PreBR0.9++JS0.5 20901 77
8 E 5 ’f
— 2 ‘{-’ 5 0.88 ,’ - ==+ BackRazor0.9
v < { == PreBRO.9++/50.7
1 N 0.861 | PreBR0.9++/S0.5
..... e ea
0 10000 20000 0 10000 20000
Wall-Clock Time Step
(a) Training. (b) Validation.

Figure 3. Fine-tuning PREBACKRAZOR++@90% vs. BACKRA-
ZOR@90% on CIFAR-100. (a) Training loss with wall-clock time.
(b) Validation accuracy with steps.

Convergence comparison. The results of fine-tuning PRE-
BACKRAZOR++ with parameter-wise JOINTSPAR in com-
parison to BACKRAZOR at a pruning rate of 90% on
CIFAR-100 are illustrated in Fig. 3. In Fig. 3a, the con-
vergence speed of PREBACKRAZOR @90%-++JOINTSPAR
is comparable to that of BACKRAZOR@90%, with a slight
advantage in the early stages of training. Notably, we
observe a marginal improvement in accuracy, specifically
[0.33%, 0.05%], when adjusting the initial probabilities
of JOINTSPAR to [70%, 50%], respectively. This im-
provement is in contrast to the performance of BACKRA-
ZOR@90%, as illustrated in Fig. 3b.
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Table 1. Comparison of fine-tuning methods for ViT.

Memory .
Method Allocated  Reduction Epoch Time Speedup CIFAR-100 CIFAR-10 CUB-200
FULL-FT 19980MB 1.0x 2min59s - 93.0 99.0 85.5
BACKRAZOR 7540MB 2.6% 6min19s 1.0x 92.1 98.6 86.6
(ours) PREBR++JS@70% 7440MB 2.7x 4min37s 1.4x% 92.4 98.8 85.0
(ours) PREBR++JS@50%  6880MB 2.9 4min02s 1.6x 92.1 98.6 85.6

Table 2. Performance of different attention implementations fine-tuning ViT on CIFAR-100.

Device Method Attention Type Memory Epoch Time Speedup Accuracy(%)
FULL-FT vanilla 19980MB 2min59s - 93.0
BACKRAZOR BACKRAZOR 7540MB 6min19s 1.0x 92.1
RTX 4090 (ours) PREBR++JS BACKRAZOR 6570MB  4min37s 1.4x 91.4
(ours) PREBR++JS FLASHATTENTION 7960MB 3mind0s 1.7x 92.2
(ours) PREBR++JS  sparse FLASHATTN 6880MB 4min02s 1.6x 92.1
FULL-FT vanilla out of memory
RTX2080Ti g, kRAaZOR BACKRAZOR 7780MB  19min47s 1.0x -
(ours) PREBR+JS BACKRAZOR 6870MB 15min13s 1.3x -
Speedup and memory reduction. In Tab. 1, we Table 3. Acceleration on a linear layer.
present a comprehensive comparison among PREBACK- FWD time (ms) Speed FWD +BWD (ms) o g

RAZOR@90%++JOINTSPAR@[70%, 50%], BACKRA-
ZOR@90%, and FT-Full (fine-tuning the full network)
from the perspective of memory usage, speedup relative
to BACKRAZOR@90%, and final accuracy on CIFAR-100,
CIFAR-10 and CUB-200 for each method. Here we present
the average memory allocated by CUDA during training.
Compared with FT-full, BACKRAZOR@90% achieves a
noteworthy 2.6x reduction in memory usage. However,
it demands twice as much training time due to the ad-
ditional computations required for processing activations.
In contrast, PREBR++JS achieves superior computational
efficiency by avoiding unnecessary computations through
joint sparsification of gradients and activations. This leads
to significantly 1.6x faster training without incurring ad-
ditional memory costs or compromising accuracy. Addi-
tionally, Tab. 3 showcases the performance gains of for-
ward and backward computation achieved by transitioning
from a self-sparsified top-k pruning pattern to a column-
wise joint-sparse pattern as in Fig. 1. These measure-
ments are conducted on a linear layer characterized by in-
put tensors with the shape [128, 197, 768] and of type
float32. Tab. 4 illustrates the performance improvements
achieved by substituting the element-wise mask in BACK-
RAZOR with a column-wise mask. This approach, referred
to as PREBACKRAZOR-, employs a self-sparsified scheme
that eschews the use of the bandit method for predicting
pruning masks based on gradient information. Despite this,
PREBACKRAZOR- still delivers commendable results, in-
cluding a modest reduction in memory usage and over a
10% increase in speed, while preserving nearly identical ac-
curacy, particularly at a moderate pruning ratio of 80%.

Sparsity Sp p Sp p
BACKRAZOR PREBR

BACKRAZOR PREBR

0.1 423 3.14 1.34x 9.02 7.72 1.17x
0.2 435 4.24 1.03x 9.20 9.03 1.02x
0.3 4.45 4.35 1.02x 9.34 9.18 1.02x
0.4 797 4.45 1.79% 16.52 9.32 1.77x
0.5 8.94 797 1.12x 18.45 16.51 1.12x

Table 4. Comparison of self-sparsified sparsity patterns.

Pruning Memory .
Ratio Method Peak Usage Epoch Time Accuracy(%)
- FULL-FT 19980MB 2min59s 93.0
90% BACKRAZOR 7540MB 6minl9s 92.1
°  (ours) PREBR-  7220MB 5min25s 91.7
0% BACKRAZOR 8210MB 6min28s 92.9
? (ours) PREBR-  8100MB 5min49s 92.9

Integration of the FLASHATTENTION Kkernel. We
present Tab. 2 that details the performance when switch-
ing between the original FLASHATTENTION kernel (with-
out memory savings), sparsified FLASHATTENTION (our
modified implementation), and no FLASHATTENTION (us-
ing BackRazor’s attention implementation). We use
(PRE)BACKRAZOR@90% with parameter-wise sparsified
JOINTSPAR@50% for these settings, note that the incor-
poration of JOINTSPAR is specifically aimed at offsetting
the dense FLASHATTENTION kernel’s memory usage. Ad-
ditionally, we evaluate the performance of these meth-
ods on RTX 2080 Ti GPU with 11GB of VRAM, with
(PRE)BACKRAZOR@90% and JOINTSPAR@30%. Note
that both FULL-FT and FLASHATTENTION-2 are not avail-
able for testing on RTX 2080 Ti as they exceed the VRAM
capacity and require Ampere architecture [15], respectively.
Our initiative to integrate the FLASHATTENTION kernel
into the training process aims to adapt a state-of-the-art
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solution for enhancing training on consumer-level devices.
This integration yields a significant speedup of 1.7x dur-
ing training, effectively mitigating the impact of additional
computation introduced when compared to vanilla imple-
mentation as in FULL-FT. However, the replacement of
BACKRAZOR’s sparsified attention implementation does
come with more memory costs up to 1GB. In response to
this challenge, we have customized FLASHATTENTION by
incorporating the PREBACKRAZOR method to prune the
gradients and activations. This customization serves to fur-
ther reduce activations and counterbalance the increased
memory usage, ultimately falling below the memory foot-
print of BACKRAZOR.

5.2. PREBACKRAZOR with BERT

Settings. For BERT training, we conduct fine-tuning on
the bert-base-uncased model based on BACKRAZOR adap-
tations that are implemented within Huggingface’s Trans-
formers Repository [53]. We note that the model cur-
rently does not support FLASHATTENTION-2 to the best of
our knowledge, from the involvement of an input attention
mask in its attention algorithm which is not compatible with
FLASHATTENTION kernel. We closely monitor and record
the model’s performance throughout 5 training epochs with
batch size [8, 32] on a single GPU, which is a common case
for fine-tuning on low-end devices. The selected fine-tuning
task is Recognizing Textual Entailment (RTE), part of the
GLUE benchmark [51]. The sparsity ratio for PREBACK-
RAZOR and BACKRAZOR is set to [80%, 90%].

Table 5. Performance of different fine-tuning schemes for RTE
from GLUE Benchmark with BERT base.

Batch Pruning Memory - .

Size Ratio Method Peak Usage Finish Time Accuracy(%)

FULL-FT 16625MB 2min50s 70.40

0 90% BACKRAZOR 11865MB 6min26s 66.43

¢ (ours) PREBR 11871MB 6min24s 65.70

80% BACKRAZOR 12888MB 6mindls 65.70

? (ours) PREBR  13006MB  6min19s 66.07

FULL-FT 5575MB 4min28s 70.04

00% BACKRAZOR 4734MB 16min59s 66.43

8 ¢ (ours) PREBR 4747TMB 16min05s 69.68

80% BACKRAZOR 4812MB 17min39s 69.31

° (ours) PREBR 4840MB 16min36s 72.92

1
—— BackRazor@0.9
—— PreBackRazor@0.9
0.50
0 BackRazor@0.8
0 PreBackRazor@0.8
o ) K
4 —— FullFineTuning
0.25
0.00

0 500 1000 1500
Training Steps

Figure 4. Training loss during fine-tuning BERT-base for RTE.

Performance. We provide a comparison Tab. 5 in which
we compare fine-tuning methods, including fine-tuning the
full model, element-wise BACKRAZOR, and column-wise
PREBACKRAZOR. Both pruning methods successfully re-
duce memory usage compared to the Full-FT approach. For
instance, at the pruning ratio of 90% and batch size of
32, BACKRAZOR and PREBR show similar memory us-
age significantly lower than Full-FT, yielding a saved mem-
ory of 28.6% (4.8GB). The wall clock time for both prun-
ing methods is higher compared to Full-FT. However, our
proposed PREBACKRAZOR tends to have a slightly shorter
time than BACKRAZOR in all cases, up to 9.7%x speedup.
For bs = 8 which is a common case for fine-tuning large
language models (LLM) on consumer-level devices, the in-
troduction of element-wise self-sparsified activation prun-
ing methods leads to an increased time cost of up to 5Xx,
which is not justified by the benefits obtained (12% mem-
ory reduction). PREBACKRAZOR demonstrates a slight im-
provement in convergence speed and reduction in loss com-
pared to PREBACKRAZOR as shown in Fig. 4, highlight-
ing its enhanced efficiency in fine-tuning, and outperforms
not only BACKRAZOR but also Full-FT at an 80% prun-
ing ratio, achieving the highest accuracy of 72.92%. Over-
all, while both pruning methods effectively reduce mem-
ory usage over Full-FT, PREBACKRAZOR tends to main-
tain or achieve slightly higher accuracy and speedup than
BACKRAZOR, demonstrates a better balance between mem-
ory efficiency, completion time, and accuracy, particularly
at lower batch sizes and higher pruning ratios.

6. Conclusion

In this work, we reveal the inefficiency of the exist-
ing element-wise self-sparsified activation pruning method.
Based on this finding, we develop a computation and
memory-efficient activation pruning framework called
PREBACKRAZOR for jointly pruning activations and gra-
dients. We have demonstrated that integrating PREBACK-
RAZOR with efficient attention kernels can significantly en-
hance the accuracy of existing methods. In addition, we
also theoretically prove that our method has the same con-
vergence rate as BACKRAZOR. However, while PREBACK-
RAZOR has exhibited performance improvements in ViT
and BERT fine-tuning, its applicability to larger foundation
models warrants further investigation. Additionally, theo-
retical proofs and analyses for its effectiveness in such mod-
els require continued research efforts.
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