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Abstract

Fully finetuning foundation language mod-
els (LMs) with billions of parameters is of-
ten impractical due to high computational
costs, memory requirements, and the risk of
overfitting. Although methods such as low-
rank adapters help address these challenges by
adding small, trainable modules to the frozen
LM, they also increase memory usage and
do not reduce inference latency. We uncover
an intriguing phenomenon: sparsifying spe-
cific rows and columns of the model enables
efficient task adaptation without requiring
weight tuning. We propose a scheme for effec-
tive finetuning via sparsification by training
stochastic gates, which requires minimal train-
able parameters, reduces inference time, and
removes 20-40% of model parameters with-
out significant performance loss. Empirical
results show it outperforms recent finetuning
baselines in efficiency and performance. Ad-
ditionally, we provide theoretical guarantees
for the convergence of this stochastic gating
process and show that our method admits
a simpler, better-conditioned optimization
landscape than LoRA. Our results highlight
sparsity as a compelling mechanism for task-
specific adaptation in LMs.

1 INTRODUCTION

Foundation language models (LMs) have transformed
natural language processing by enabling a wide variety
of powerful and versatile applications. Pre-trained on
extensive amounts of text data, these models demon-
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Figure 1: CPU inference time reduction (%) and num-
ber of removed parameters on the MRPC validation
set while finetuning our method on the Llama3.2-1B
backbone. See Section [6.6] for details.

strate strong performance in tasks such as text genera-
tion, translation, and sentiment analysis. Nonetheless,
fine-tuning is often essential to customize these mod-
els for specific applications. Finetuning enables the
model to adapt to the nuances of a particular task by
updating its parameters using a smaller, task-specific
dataset. However, fine-tuning poses challenges, partic-
ularly when task-specific data are limited, which can
constrain the model’s ability to adapt to the target task
and may lead to overfitting or suboptimal performance.
Despite these challenges, finetuning remains crucial in
leveraging the full potential of large language models
for specialized applications.

Recently, several methods have been proposed to effi-
ciently finetune foundation language models, address-
ing challenges arising from limited data and the high
computational cost of updating the full set of model
parameters. One such approach is LoRA (Low-Rank
Adaptation) (Hu et al., 2021)), which introduces a more
efficient method for finetuning models by freezing the
original parameters and replacing them with trainable,
low-rank matrices in each transformer layer. This tech-
nique significantly reduces the number of parameters
that must be updated during finetuning, making the
process faster and less resource-intensive. Most recent
efforts to make finetuning more efficient (Zhang et al.|
2023aj [Chavan et al. |2023; Xu et al., [2023; |Li et al.|
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2022; |Lin et al., |2024aj |Batazy et al., |2024; Hu et al.]
2021} [Refael et al., [2025bla) focus on adding new pa-
rameters while keeping the base model frozen, thereby
retaining the original pre-trained knowledge (Rozner
et al., [2024).

When training models using low-rank adapters
(Kopiczko et all, 2023} [Zhang et al., [2023a; [Lin et al.,
2024a; Batazy et al., [2024; |[Hu et al., 2021)), the number
of optimized parameters is reduced, leading to faster
convergence during finetuning. However, the inference
runtime and memory requirements remain the same,
as they depend on the dimensions of the base model
parameters, which are frozen during adaptation. Sev-
eral methods have been proposed for LM compression,
such as quantization and pruning, to reduce the infer-
ence time for adapted models. Quantization reduces
the memory usage of language models by converting
their parameters into lower-bit data types (Bondarenko
et al., [2024; [Lin et al., |2024Db)). Although quantization
reduces the memory consumption of language models,
its speedups depend on specialized framework support,
which limits flexibility and adaptability.

Pruning (Ma et al., 2023) aims to improve inference
efficiency in language models by removing unimpor-
tant parameters. Structured pruning (Xia et al.| 2022}
Refael et al.| [20244a) eliminates coherent blocks of pa-
rameters or entire model dimensions, leading to broad
improvements in inference efficiency by reducing com-
putational overhead. However, these methods often
require substantial additional training time and in-
crease the number of trainable parameters to enable
effective self-distillation of knowledge from the layers of
a large language teacher model to the smaller student
model (Hintonl 2015; Xia et al., [2022).

In this work, we propose a simple yet effective approach
to adapt language models via structured sparsification,
achieving inference-time efficiency by pruning the over-
parameterized model and updating only the lightweight
bias parameters. Instead of learning new parameters
or updating main model weights, we learn a set of com-
pact binary masking vectors (gates) that selectively
activate a sparse subset of the model’s existing weights.
This approach leverages the inherent redundancy in
overparameterized models, demonstrating that effec-
tive task adaptation can be achieved by identifying
and utilizing the relevant subnetwork within the frozen
base model. The outcome is a highly efficient adapta-
tion mechanism that restructures the original model
via sparsification, enabling impressive task-specific per-
formance and inference-time speedups, as shown in
Figure [Il Moreover, the proposed method is broadly
applicable to both downstream tasks and pretraining
scenarios.

Our gating mechanism is trained end-to-end, embed-
ding task-specific information directly during the op-
timization process. This eliminates the need for post-
training pruning or prolonged finetuning, yielding mod-
els that are both compact and effective, particularly
well-suited for deployment in resource-constrained en-
vironments.

We evaluate our methodon Transformer-based models
and demonstrate that up to 40% of the base model’s pa-
rameters can be deactivated with minimal performance
loss compared to full finetuning and several baselines.
In the following sections, we describe the method in
detail, present empirical results, and provide a theo-
retical analysis of convergence, including a comparison
of the optimization landscapes of our gating approach
and LoRA, showing that our method has a simpler,
better-conditioned geometry.

2 RELATED WORK

2.1 Low-Rank Adaptation

Low-rank adaptation techniques aim to efficiently fine-
tune foundation language models (LMs) under resource
constraints by updating a small subset of parameters.
This is typically achieved by introducing trainable com-
ponents such as adapter layers (Pleiffer et al., |2020;
Houlsby et al., |2019), prompt or prefix embeddings
(Lester et al., |2021} [Li and Liang, [2021)), or by impos-
ing low-rank structures on the gradients during train-
ing (Refael et al.,2024b)). A widely adopted method,
LoRA (Hu et al., [2021)), only trains low-rank matrices
to reduce memory requirements. However, LoRA still
introduces additional parameters and maintains the
original model dimensionality, offering no compression
benefits during inference. Moreover, it requires choos-
ing a fixed rank hyperparameter, a choice based on
heuristics that often results in suboptimal performance.
Other approaches, such as SparseAdapter (He et al.,
2022)), dynamically adjust adapter sparsity during train-
ing, while AdaLoRA (Zhang et al.l |2023b)) gradually
prunes singular values to reduce the number of updated
parameters. Despite their efficiency during training,
these methods do not yield inference-time benefits, as
the underlying base model remains uncompressed and
fully active.

2.2 Finetuning with Pruning

Pruning refers to the process of reducing a model’s size
by removing weights or structures deemed unnecessary
for its performance. There are two main frameworks
for pruning models during finetuning: structured and
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unstructured. Unstructured pruning (Sanh et al., [2020;
Fang et al.l 2024)) removes the least important param-
eters in a model without following any specific order.
In contrast, structured pruning (Xia et al., [2022; |Zhao
et al., 2024a)) eliminates entire blocks, rows, or columns
from the weight matrices. Additionally, a post-training
pruning method proposed by (Frantar and Alistarh)
2023) aims to prune finetuned models with minimal
additional cost, but it requires initialization from fully
finetuned models. In contrast, our approach jointly per-
forms task adaptation and structured pruning during
training, allowing the model to specialize while remov-
ing up to 40% of the base parameters—without the
need for full finetuning or post-hoc pruning. This re-
sults in a model that is both task-specific and resource-
efficient, reducing inference cost with no additional
training overhead.

2.3 Finetuning with Adaptive Pruning

A recent work that closely aligns with our goal was
proposed by [Zhao et al.| (2024a), where the base model
parameters are pruned concurrently with adapter train-
ing. Their approach introduces additional low-rank ma-
trices, similar in spirit to LoRA (He et al.,[2022), which
must also be trained. However, this design has substan-
tial drawbacks: the reported training time is nearly
five times that of standard full-model finetuning, and
compression is achieved through a costly sorting-and-
binary-search procedure over weight blocks. Moreover,
because the rank of the low-rank adaptation weights is
adaptive, the optimization memory footprint remains
heavy, reaching about 70% of that required for full-
model finetuning. By contrast, our method introduces
only lightweight gate vectors, which require orders of
magnitude fewer parameters to optimize, incur negli-
gible training-time overhead, and achieve compression
without resorting to expensive search procedures. This
makes our approach both more memory-efficient and
more computationally practical than prior methods.
In addition, the gates are trained end-to-end and inte-
grate seamlessly into the training pipeline, making the
approach simple to implement and deploy.

2.4 Conditional Normalization Methods

Feature-wise Linear Modulation (FiLM) (Perez et al.l
2018) and related Conditional Normalization (CN) ap-
proaches apply learned affine transformations to in-
termediate activations in order to enable conditional
computation. These methods are typically trained
end-to-end and operate by scaling and shifting feature
channels during the forward pass. While FiLM provides
expressive feature-wise modulation, it does not modify
the underlying weight matrices of a pretrained model.
Consequently, even when certain activation channels

are suppressed, the corresponding parameters remain
present, and no structural sparsification or inference-
time compression is achieved. In contrast, our method
learns persistent row- and column-level sparsity directly
in the weight matrices, enabling actual dimensional-
ity reduction and deployment-time compression into a
smaller dense model. Thus, whereas FiLM focuses on
conditional feature modulation, the proposed method
targets structured parameter elimination for efficient
adaptation and acceleration.

3 PROBLEM FORMULATION

Assume we are given a pre-trained large language model
Po(y|x) parametrized by ® based on the Transformer
architecture (Vaswani, 2017). The goal of finetuning is
to adapt this pre-trained model for downstream nat-
ural language understanding tasks, such as question
answering or sentiment analysis. The downstream task
is represented by a training dataset of context-target
pairs: Z = {(X;,yi) }ie[n], Where x; is a sequence and
y; is a target label. For example, in the question-
answering task (QQP) in the GLUE benchmark (Wang
et al., [2019), x; is a question, and y; is its correspond-
ing answer. To finetune the whole model parameters
(full finetuning), the model is initialized to pre-trained
weights @¢ and updated to @y + A® by repeatedly
following the gradient updates to maximize the condi-
tional language modeling objective:

ly|

m(gx Z Zlog(P@(yt|X,Y<t))- (1)

(xy)ez t=1

In low-rank adaptation methods the task-specific pa-
rameter update A® = AG(T") is further encoded by a
much smaller-sized set of parameters I' with |T'| < |®g].
The task of finding A® thus becomes optimizing over
T and not O,

[yl

Z Z log(Pe,+aem) (Ut[x,y<t)).  (2)

(xy)ez t=1

max
r

While beneficial for preserving the base model across
tasks, this approach retains non-useful information in
the base model and still necessitates a forward pass
over the large number of parameters during inference.

Finetuning by sparsification. In this work, we
propose incorporating gates vectors w,., w. such that
w; multiplies the rows of the weight matrix and w,
multiplies its columns in an element-wise way, thereby
sparsifying rows and columns. Importantly, the en-
tries of these gate vectors are binary (0/1), directly
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Figure 2:

Overview of FineGates: Our method introduces structured sparsity in LM finetuning by training

lightweight row and column gating vectors (w.,w;). These gates selectively retain the most informative weight
dimensions, enabling efficient adaptation without modifying the base model’s parameters. Unlike LoRA and other
PEFT methods, which introduce additional trainable matrices, FineGates directly optimizes sparsification and
updates biases, thereby reducing memory overhead and inference time while maintaining task performance.

enforcing structured sparsity. The parameters that
construct these vectors for all adapted layers in the
base model are denoted by 2. This approach modi-
fies the base model parameters by replacing A® with
our gate vectors. Our method introduces the concept
of structured sparsity in the base model (Wen et al.,
2016)), by excluding entire columns or rows from the
weight matrices. Therefore, assuming that the number
of compressed weight matrices in the base model is L,
the goal of the finetuning task becomes:

il

Iyl
£ =min | — Z Zl()g(]'7“,%@(90@4‘:0(yt|XaY<t))+
(x,y)eZ t=1
1 & S o
+ A7 > [max(||wyllo, s7) + max(|lwillo, s2)] [, (3)
i=1

where the parameter A represents the magnitude of
structured sparsity regularization. The term || - ||o
refers to the £y norm, while s and s’ denote the target
sparsity ratios we aim to achieve. These ratios are
defined as the number of zero parameters divided by
the total number of parameters in the weight matrix
i. Additionally, ® signifies the element-wise product
between the gates at specific indices and the corre-
sponding column or row vectors at those same indices.

To clarify, structured sparsity is achieved by training
two gate vectors, w,., w., where each element scales an
entire row or column of a given weight matrix. These
gate vectors are optimized without any additional low-
rank weight matrices. Once trained, the base-model
weights of the adapted layers are compressed by mul-
tiplying the gate vectors by the corresponding rows
and columns of the weight matrix. This sparsification
mechanism effectively reduces both the memory and

time complexities of the attention layers.

Our empirical results indicate that it is possible to
reduce the model size while increasing its efficiency, and
still provide accurate predictions, even when training
only a small set of gates.

4 THE METHOD

Consider the Transformer architecture (Vaswani, 2017))
composed of L blocks, and each block consists of
a multi-head self-attention (MHA) layer and a feed-
forward (FFN) layer. An MHA layer with N}, heads
takes an input X € R®***4 where b is the batch size, t
is the sequence length (number of tokens), and d is the
embedding dimension. This input is either the output
of the former encoder layer or the embedding layer.
The MHA layer outputs:

Ny,
MHA(X) = Y Att[W), (W) Wi W X)),

i=1

where W, W, W, and W, refer to the query/key/-
value/output projection matrices, and Att(-) is an at-
tention function. Following the attention head, the out-
puts are passed through the feed-forward layer, which
consists of intermediate and output-projection layers,

parameterized by anlp and W2,

FFN(X) = gelu(XW;,;,,)W?,, .
Denote by Wy € R¥*?4 4 pre-trained weight matrix
out of {Wy, Wi, W,, W, W, W2, }. To enforce
structured sparsity of the matrix W, we propose to
multiply it by the learnable stochastic gates vectors
w, € {0,1}7F w,. € {0,1}1*4 which are trained to
converge into the binary representation. For simplicity,
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we denote by w a general gate vector applied to rows
or columns. To approximate binary values for vec-
tor w, we learn a representation p € [—1,1]*¢ which
is then converted to the approximate Bernoulli vari-
ables w, by utilizing a Gaussian-based relaxation of the
Bernoulli variables (Yamada et al., [2020; |Jana et al.,
2023). The relaxation relies on the reparameterization
trick (Miller et all [2017} [Figurnov et al., |2018) and
has been demonstrated to be effective in several appli-
cations (Lindenbaum et al.l 2021} [Yang et al., 2023)).
During the training, the conversion is done by adding a
random noise vector € € R'*? to the shifted by scalar
0.5 vector p and clipping the values by the range of
0.1],

w(p) = max(0, min(1,0.5 + @ + €)), (4)

where each value in the vector € is drawn from N(0, 02)
and o = 0.5 is fixed throughout training. To encourage
the model to produce a sparse w vector, it is trained
with the regularization loss term constrained by the
given sparsity ratio s and is minimized during the
training:

Lsparse(w) = max([|w|[o, 5). (5)
Assuming that w is a Bernoulli variable, we calculate

its expected ¢y norm as follows (the full derivation
appears in Appendix [Al):

1
Eflw|lo = QZP(%‘ >0) =
j

1
= EZP(W +05+¢ >0) =
J

1 1,1 (pj+05
5 (3 ber(209)).

When applying the sparsity term in Eq. |5} the model
aims to sparsify the matrix Wy and retain only the
essential parameters needed for the new task.

In addition, we rescale w by an additional score vector
k in the sparsity loss term. This rescaling is designed to
preserve vector outliers in the weight columns and rows,
a crucial aspect for maintaining good performance in
pruning and quantization tasks (Zhao et al., 2024a}; [Lin
et al |2024b; |Dettmers et al.,|2022]):

Liparse(w) = max(|[k © wllo, 5), (6)

sparse

where the ¢y term is approximated by:

1 1 1 [ +05
Elkowlo==S "k (=+=erf J))

and
kj — efkurtj(O)/Z efkurtj(O), (7)
J

where kurt;(-) in Eq[7)is a Pearson’s kurtosis (DeCarlo,
1997) computed for each column j in activations matrix
O = [[w, ®W ® w.]XT]. More details can be found in
the Appendix[] We require the model to close the gates
(sparsify) for rows and columns with lower kurtosis and
to attenuate gate closure for rows and columns with
higher kurtosis.

Finally, assuming a latent representation is obtained
by H = WyX” + b, our method’s forward pass yields:

H = [w, ® Wy 0w]X" +w, Ob, (8)

where w,., w. are trainable parameters, and b is a bias
parameter. Our method is depicted in Figure[2] At the
start of training, we initialize the vectors w with all
elements set to one. During training, we optimize the
parameters w that are used to multiply the matrices
Wy, Wi, W, W, and W,,;;,. Additionally, we con-
duct experiments with an extended version that also
trains the I' parameters. These parameters are used
to assemble the matrices W 4 and W g for each layer,
as proposed by (Hu et al., 2021)).

Our method introduces a simple yet powerful mecha-
nism for training binary gates that explicitly select the
most informative rows and columns of the weight ma-
trices. This targeted sparsification not only preserves
but, in many cases, improves the accuracy of finetuning
tasks compared to existing approaches. At the same
time, it delivers substantial parameter reduction in
the base model, with only negligible performance loss.
In the following section, we present a comprehensive
empirical evaluation demonstrating the effectiveness
and robustness of our approach.

5 THEORETICAL ANALYSIS

5.1 FineGates vs LoRA Landscape

In Section [6], we provide empirical evidence of match-
ing or superior performance of our method compared
against LoRA, while requiring fewer trainable parame-
ters. We provide the theoretical justification for such
performance by comparing the optimization landscapes
of LoRA and FineGates.

To that end, we consider a single layer and a smooth
loss function (e.g., cross entropy or MSE) that satisfies
the Polyak—F.ojasiewicz (PL), a mild assumption often
used in optimization, which guarantees that gradient
descent on W converges linearly to a global optimum.
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Definition 5.1 (Polyak-Ft.ojasiewicz (PL) Condition).
A function F (W) satisfies PL condition with parameter
B>0if: $|[VF(W)|> > B(F(W) — F*), where F* =
minw F(W).

Proposition 5.2 (FineGates vs LoRA optimization
landscape ). Let Wy € R™*™ to be a weights matriz in

a single linear layer trained with a smooth loss function
L(W) that satisfies the PL condition. Let

o Wyates(wr,we) = Diag(w,)WoDiag(w.), where
w, € R™ w, € R™ are trainable row/column gates.

o Wiora(A,B) =W, +AB' with A e R™** B e
Rnxk.

Then the following holds:

1. 3Bgates > 0, s.t. Y(wr, we), LW ggtes(wyr, we)) sat-
isfies PL condition with Bgates.

2. ABLora, st. LWrora(A,B)) holds PL condition
with BrorA-

Compared to LoRA, the FineGates parameterization
yields a substantially simpler optimization landscape.
Each gate parameter directly scales a single row or
column of the base weight matrix, which results in
gradients that decompose into independent row- and
column-wise statistics. This structure aligns well with
the underlying loss geometry and, under mild assump-
tions such as smoothness and the PL condition, guar-
antees linear convergence of gradient-based training.
In contrast, the LoRA parameterization introduces
a bilinear factorization AB', where many different
choices of (A, B) correspond to the same effective up-
date. This redundancy induces a k?-dimensional family
of flat directions in the loss surface, manifested as zero
eigenvalues of the Hessian, and thereby weakens con-
vergence guarantees. As a result, optimization with
LoRA can be less stable and often requires additional
normalization or careful tuning, while gating provides
a more direct and well-conditioned optimization path.
We provide the detailed proof in the Appendix[B] In ad-
dition to the empirical results reported in Section [6] we
perform a separate experiment on the MRPC dataset
to further validate our proposition. Figure [3] shows
the mean accuracy along with its standard deviation,
computed after each training epoch while running both
methods under identical hyperparameters across ten
random initialization seeds.

5.2 FineGates Convergence

In this section, we present a proof of convergence for our
method. This theoretical justification is necessary be-
cause including random noise in the gating mechanism
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Figure 3: Validation accuracy trajectories of FineGates
and LoRA on the MRPC dataset.

could introduce challenges to the training process and
affect convergence. To that end, we start by defining
smoothness for functions parameterized by tensors.

Definition 5.3 (L-continuity). A function h(W) is
a L-continues, if for any W; and Wa, ||h(W;) —
h(W2)|lr < L| W1 — Wa||F.

Lemma 5.4 (Convergence of FineGates). Consider the
FineGates loss function L(W,w,,w.) in (), a network
®(-). Suppose that the composition L= fo® is a L-
continuity, non-convez function, where f is the loss (e.g
cross entropy), then limy_, o ||[VL(W¢, wr i, we )| = 0.
In particular, every accumulation point is a first-order
stationary point of L.

The detailed proof of Proposition can be found in
Appendix [H] The proof establishes the convergence of
the loss function L(W, w,, w.) under gradient descent.
First, it shows that the function’s gradient is Lipschitz
continuous, meaning that a constant multiple of the
parameter differences bounds the differences in the
gradients. Then, it verifies that the regularization term
is continuously differentiable and bounded, ensuring
a smooth optimization process. Using the descent
lemma, the proof demonstrates that the loss function
decreases monotonically with each gradient step. Since
the difference in loss is bounded below, the sum of
gradient norms is shown to be finite, implying that
the gradients approach zero. Consequently, gradient
descent converges to a critical point where no further
improvement is possible.

6 EXPERIMENTS

6.1 Experimental Setup and Datasets

We assess the performance of our method on down-
stream tasks using the RoBERTa-base, RoBERTa-
large models (Liu, 2019), and Llama3.2-1B, and we
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use the widely recognized GLUE benchmark (Wang
et al., |2019).

We simulate real-world scenarios where only limited
labeled data is available for finetuning tasks due to
the challenging nature of collecting accurate ground
truth labels. In addition to the complete GLUE bench-
mark, we conduct separate experiments on a limited
GLUE dataset, limited to a maximum of 10,000 samples.
Accordingly, we use the small-scale datasets (COLA,
STSB, MRPC, RTE) in their entirety and select the
first 10,000 labeled samples from the larger datasets
(MNLI, QQP, QNLI, SST2). These experiments aim to
determine whether the proposed method can compress
base models with limited training data.

Moreover, we evaluate our method for base-model prun-
ing without a specific target task. For these experi-
ments, we apply our method during pre-training the
Llama-1B model on the C4 dataset (Raffel et al., 2020).
Additionally, our framework is trained with the Llama-
2-7B backbone frozen, and once trained, it is evaluated
on a zero-shot task. We report the median validation
accuracy value for each experiment over five random ini-
tialization seeds. The number of trainable parameters
(TP) excludes the classifier head, following the same
setup as in previous works, e.g., (Hu et al., [2021). In
sparsified pre-training (Section [6.8] and general model
pruning experiments (Section we report perplexity
computed on the validation set from C4 dataset. Addi-
tional technical details are provided in the Appendix.

6.2 Baselines

We compare our method to full finetuning, in which the
model is initialized to the pre-trained weights and bi-
ases, and all parameters undergo gradient updates, and
several recently proposed efficient finetuning methods:
LoRA (Hu et all 2021) with rank= 4, BitFit (Zaken
et al., [2021), VeRA (Kopiczko et al.| 2023)), LoRA-XS
(Batazy et al., |2024), RoCoFT i row (Kowsher et al.)
2024), APT (Zhao et al.,|2024a), and VeLoRA (Miles
et all [2024). We provide additional descriptions for
the baseline methods in the Appendix [R]

6.3 Accuracy Results

We present the accuracy results in Table [[ We re-
port the overall (matched and mismatched) accuracy
for MNLI, Matthew’s correlation for CoLA, Pearson
correlation for STS-B, and accuracy for other tasks.
From Table [T} we see that our model is comparable
to LoRA and full finetuning on average when applied
to the RoBERTa-Base base model. In addition, our
model outperforms full finetuning on average when
applied to the RoBERTa-Large base model. More-
over, FineGates outperforms other efficient finetuning

methods with both backbones. Table |3| presents a
comparison between our method and LoRA using the
modern Llama3.2-1B backbone. Despite utilizing fewer
trainable parameters, our approach achieves higher
accuracy than LoRA on most tasks.

Furthermore, our approach not only reduces the train-
able parameter count but also compresses the base
model, yielding a 10 — 20% reduction in its parameter
count while incurring an insignificant loss in accuracy
(as shown in the last two rows of Table . This high-
lights the efficiency and effectiveness of our method in
balancing compression and performance.

6.4 Sparsification Results

We present the sparsification results of FineGates in
Figure 4l We report accuracy measurements for each
sparsity level. It could be seen that our method can
remove up to 20% of parameters without significant
loss in Matthews correlation for the CoLA dataset,
up to 40% of parameters trained on the SST2 dataset
with only a loss of 4% in accuracy, and up to 40% for
the STSB dataset with a loss of only 3% in Pearson
Correlation metric.

6.5 Comparison to the APT method

To compare our method with the recently proposed
APT model, we conducted experiments on the MRPC,
STSB, SST2, and RTE datasets. We obtained results
for the APT model by running it with LoRA rank val-
ues ranging from 2 to 4, using hyperparameters similar
to those in our method. We fixed the target sparsity
at 40% for both methods. The results are presented
in Table[2] FineGates achieves performance compara-
ble to the APT model, without the computationally
intensive pruning used by APT. We would also like to
emphasize the simplicity of our implementation, which
does not require the efficient search tools and additional
dependencies needed by the APT method.

6.6 Inference Speedup

We evaluate the inference time of the compressed model
at the end of each training epoch. For every epoch, vali-
dation wall-clock time is measured 10 times per run. To
account for variability, training is repeated with 3 differ-
ent random seeds, yielding a total of 30 inference time
measurements per epoch. All validation measurements
are conducted in CPU-only environments to isolate
the benefits of structured pruning. Importantly, our
reductions are obtained prior to any GPU-specific op-
timizations or quantization methods, underscoring the
intrinsic efficiency gains of our approach independent
of hardware accelerators or low-level optimizations. In
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Table 1: Evaluation results on the GLUE benchmark demonstrate that our method outperforms other efficient
finetuning approaches as well as full finetuning, while also enabling base model pruning and inference speedup.

Method TP [ CoLA STS-B MRPC RTE SST2 MNLI QNLI QQP [ Avg.
RoBERTa-Base
Full Finetune 125M [ 63.6  90.9 90.2 80.5 948 87.6 928 919 [ 865
Galore (Zhao et al.|[2024b) 125M | 60.3  90.7 92.2 79.4 940 87.0 922 911 | 859
LoRA(r = 4) (Hu et al.[[2021) 0.7M | 64.0  90.9 89.7 834 944 876 927  91.0 | 86.6
BitFit (Zaken et al.||[2021) 0.11M | 61.8  90.8 92.0 77.8  93.7 852  91.3 845 | 846
VeRA (Kopiczko et al.[[2023) 0.04M | 65.6  90.7 89.5 787 946 - 91.8 - 85.2
RoCoFT) Row (Kowsher et al.|[2024) 0.08M | 60.2  90.7 87.7 76.6 941 852  90.7 885 | 84.2
VeLoRA (Miles et al.|[2024) 0.16M | 64.6  90.8 91.3 78.0 944 86.3 921  89.9 | 859
FineGates 0.17M | 65.7 91.0  90.2 83.4 94.7 858 923 892 | 86.6
RoBERTa-Large
Full Finetune 355M [ 68.0  92.3 90.9 86.6 96.4 902 947 922 [ 889
LoRA(r = 4) (Hu et al.| [2021) 1.8M | 71.0 923 90.7 89.5 964 904 948  91.7 | 89.3
LoRA-XS (Batazy et al.|[2024) 0.06K | 68.5  92.2 91.2 89.5 963 - 943 - 88.7
VeRA (Kopiczko et al.||2023) 0.06M | 68.0 91.7 90.9 85.9 96.1 - 94.4 - 87.8
RoCoF T} row (Kowsher et al.|[2024) 0.22M | 65.7  91.8 90.0 853 96.6 90.7 942  90.2 | 88.1
FineGates 04M | 71.4 92.3 91.2 90.2 960 89.1 941 894 | 89.2

Table 2: This table compares FineGates with the APT method employing a RoBERTa-Base backbone. In our
model, we set the rank to 1, as we are training a single column and a single row of gate vectors.

Method Min r Maxr TP Sparsity | MRPC SST2 STSB RTE CoLA
APT 2 4 0.17TM 40% 86.0 90.6 89.4 67.5 45.9
FineGates 1 1 0.17M 40% 84.8 91.2 88.1 67.5 40.6
ters of the original base model. The perplexity results
Table 3: Performance of our method vs. LoRA on & Perb M

GLUE tasks using Llama3.2-1B backbone.

Model TP ‘ CoLA STS-B MRPC RTE SST-2
LoRA(r=4) 2.2M 66.1 90.1 87.7 83.7 95.9
FineGates 0.9M 63.6 91.2 88.5 84.5 93.5

this practical setting, FineGates reduces the inference
time of the adopted Llama3.2-1B model on the MRPC
task by up to 25%, with only a 4% loss in accuracy.
More details are in Appendix [F]

6.7 General Model Sparsification

Inspired by the recently proposed method for training
unstructured and semi-structured pruning masks for
the base model, denoted as MaskLLM (Fang et al.,
2024)), we conduct an additional experiment to evalu-
ate FineGates in this scenario. We train our method
using the Llama-2-7B backbone with a limited number
of training tokens (TT) and evaluate its performance
on the C4 validation set. Notably, our method re-
quires only 2M trainable parameters (TP), whereas
MaskLLM requires an additional trainable mask ma-
trix for each base model weight matrix. Moreover,
MaskLLM proposes a semi-structured sparsity pattern,
which is beneficial for GPU execution, whereas our
method achieves structured sparsity, which is more
suitable for CPU inference. In this experiment, we
train FineGates without bias and freeze the parame-

are shown in Table[Bl The evaluation of all methods
is done with a maximal sequence length of 256, which
is different from the length of 4096, reported by [Fang
et al| (2024).

6.8 Sparse Model Pre-training

We also evaluate our method in the pretraining sce-
nario, in which the base model is trained from scratch
with the gates. We follow the same setup as suggested
by [Zhao et al|(2024b) and train the Llama-1B base
model with 1,340M parameters on the C4 dataset. We
conduct a full finetuning of the base model (FFT) and
its sparsified version (FineGates + FFT) for a limited
number of training tokens (TT) and present the per-
plexity (PPL), number of inference parameters (IP),
and number of added training parameters (ATP) in
Table[6] By adding only 0.09% parameters to the base
model during pretraining, our method enables faster
convergence of sparsified weights and structured prun-
ing of 44% (584M parameters) of the model’s weights.

7 CONCLUSION

In this work, we propose FineGates, a sparsification-
based finetuning method for foundation language mod-
els (LMs). By learning binary stochastic gating vectors
on weight matrices, FineGates introduces structured
sparsity that can remove up to 40% of parameters in
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Table 4: Finetuning accuracy on limited GLUE benchmark datasets. We present the accuracy results achieved by
FineGates with various sparsity constraints: s > 0%, s > 10%, and s > 20%. The number of removed parameters

is shown in olive, and the relative change in accuracy is depicted in gray compared to full finetuning.

Small Limited Large
Method TP | ‘ CoLA STS-B MRPC RTE SST2 MNLI QNLI QQP
RoBERTa-Base
Full Finetune 125M | 63.6 90.9 90.2 80.5 92.8 81.4 87.7 85.2
FineGates, s > 0% 0.17M | 65.7 91.0 90.2 83.4 94.0 81.3 89.1 84.9
FineGates, s > 10% (-12M)  0.17M | 65.2 (- 1.6%) 90.7(-0.2%)  89.2 (-1%) 81.3 (+0.8%) | 94.0 (+1.2%) 80.6 (-0.8%) 88.8 (+1.1%) 84.3 (-0.9%)
FineGates, s > 20% (-25M)  0.17M | 61.4 (-2.2%)  90.5 (-0.4%) 87.7 (-2.5%) 78.0 (-2.5%) 93.8 (11%) 79.4 (-2%0) 87.6 (-0.1%)  83.7 (-1.5%)
RoBERTa-Large
Full Finetune 355M | 68.0 92.3 90.9 86.6 93.5 85.9 924 85.8
FineGates, s > 0% 0.4M 714 92.3 91.2 90.2 96.2 86.2 924 86.1
FineGates, s > 10% (-35M)  0.4M | 69.5 (- 1.5%) 91.8 (-0.5%) 90.4 (-0.5%) 89.2 (+2.6%) | 96.1 (+2.6%) 85.0 (-0.9%) 92.1 (-0.3%)  86.1 (+0.3%)
FineGates, s > 20% (-70M)  0.4M | 68.1 (- 0.1%) 91.3 (-1%) 90.2 (-0.7%) 87.0 (10.4%) | 95.3 (11.8%) 85.0 (-0.9%) 92.0 (-0.4%)  85.2 (-0.6%)

Table 5: Validation perplexity of the sparsified Llama-
2-7B.

Model C4 ‘ TP TT  Sparsity
Pretrained  7.76 ‘ 6,738M 2T N/A
MaskLLM  11.15 | 6,738M 2B 2:4
FineGates 11.75 2M 82M 21%

Table 6: Pre-training Llama-1B base model from
scratch with FineGates under limited training bud-

contributed to improving the manuscript.
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A Expected /) norm

1 1
El|wllo = EZP(% >0) = EZP(”J‘ +0.5+¢ >0)=
J J

== (1 =P(u; +0.5+¢ <0)) =

i (e ()

B Proof of Proposition

Setup and notation. Let L : R™*™ — R, be differentiable and satisfy the Polyak-T.ojasiewicz (PL) inequality
on a set W C R™*" with parameter § > 0:

1

5 VWLW)[ > B(L(W) = L") VW eW, 9)
where L* = infwey L(W). Write vec(+) for vectorization and use the Euclidean/Frobenius norms throughout.
Two-sided gates parametrization. Fix a base matrix Wy € R™*™. For row/column gates w, € R™, w, € R",

define
W (w,,w.) = Diag(w,) Wy Diag(w,),

ie, W;; =w,; W 5w, ;. Consider the feasible set
Q= {(wr,wc) € {0, 11 x {0,1}": [lwyllo =1 -5, Jwello>1— 5}7

where s is the sparsity level and let W := {W (w,, w.) : (wy, w,) € Q}.

We also consider its natural continuous relaxation Q:
O = {(wT,wc) el 1™ x [, 10" : Jlwrllo>1— 5, wello>1— s}

with any fixed a € (0, 1] (so no active row/column is exactly zero during the first iteration of training).
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Assumptions.
1. There exist active index sets S, C [m], S. C [n] with |S,| > 1—s, |Sc| > 1 — s such that on S, x S, the base
weights are bounded away from zero:

min Woiil > we > 0.
i€S,, €S8, | ’”‘

(Equivalently, W{ has no vanishing entries on any row/column that the constraint allows to be active.)
2. We optimize over the relaxed feasible set Q (piecewise-smooth; the discrete case is covered as a limit).
Lemma B.1 (Chain-rule lower bound via Jacobian). Let F(0) := L(W(8)) where 0 := (w,,w.) € Q. If, on 0,

0
Umin(J(@)) >y >0 where J(0) := % c Rmnx(ern)7

then F satisfies the PL inequality on QO with parameter By?:
SIVeF@O)3 > 572 (FO)-11), e
Proof. By the chain rule, VoF(8) = J(0) " Vyec(w)L(W (8)). Hence
IVeF(O)ll2 = [17(8) " Vveew)Lllz 2= min(J(8)) | Vvee(w)Lll2.

Squaring, using omin(J) > 7y, the Frobenius/FEuclidean equivalence, and equation@ gives the claim. [
Lemma B.2 (Uniform lower bound on the Jacobian for gates). Under there exists v > 0 depending only on
(s, a,wqy) such that omin(J(0)) >~ for all 6 € Q.

Proof. Write W;; = w,; Wy ;; w, ;. The partials are
8Wij _ 6Wij
8wm- o 8wc,j

Woﬁ‘j wc,j, = wm WO,ija others 0.
Thus J(0) has two block-columns corresponding to (w,,w.) whose nonzeros on S, x S, are bounded below in
magnitude by w, . Moreover, the mn x (m + n) Gram matrix G(0) := J(0) T J(8) is block-structured:

Diag( g, (w.) H(9)
G0 = f}fw ) Ding(ge(w,))]

where g, (w.); = Zj(Woyijwc,j)Q and ge(w,); = Zi(Wo,ijwr7i)2. On the active sets, g,(w.); > sw?a? and
ge(w;); > swd a?. By Gershgorin theorem (Salas, [1999), the minimal eigenvalue of G(8) is bounded below by a

constant c(s, a, w,) > 0 independent of 8 € Q (dependent only on the diaogonal values). Hence opmin(J(0)) =
Amin(G(0)) > v := /e > 0. O

Proposition B.3 (PL is preserved under two-sided gates). Since L satisfies PL condition, the composed objective
F(w,,w.) = L(Diag(w,) W Diag(w,))

satisfies the PL inequality on Q with parameter B2, where v > 0 is the uniform Jacobian lower bound from
Lemma[B2 Proof. Combine Lemmas[B1l and[B.2 O

Why the LoRA parametrization does not preserve PL. Consider the same base loss L but the LoRA
map W(A,B) = Wy + AB with A € R™*" B € R™*". Even if L is PL in W on R™*™ the composed

FLORA(A7B) = L(WO +AB>

fails the PL inequality in general.

Proposition B.4 (Counterexample for LoRA). Let L(W) = 1||W — W*||%., which satisfies the PL inequality
on R™ " with parameter 8 = 1. If W* % Wy, then FLora(A, B) = 2[|Wo+ AB — W*||%. does not satisfy the
PL inequality on R™*" x R™". Proof. At (A, B) = (0,0) we have VaFiora = (Wo+ AB -~ W*)BT =0 and
VBFLORA = AT(WO + AB — W*) = 0, SO ||VFL0RA(070)||F = 0. But FLoRA(07O) = %”Wo - W*H% >0 by
W* £ W. The PL inequality would force |VF||? > 2B(F — F*), which is violated here since the left-hand side
is 0 while the right-hand side is positive (note F* > 0). Hence F1ora is not PL. O
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C Sparsification Results

Sparsification-Accuracy trade-off measured on CoLA, SST2 (full), STSB, and MRPC datasets with RoBERTa-Base,
RoBERTa-Large, and Llama3.2-1B backbones is shown in Figure [4

CoLA (Roberta-large) SST2 (Roberta-base) STSB (Roberta-large) MRPC (LLAMA3.2-1B)
0.75 0.95 093

g - g 09
g 07 094 £ 092 0.88
= >
5065 g 093 5% 2086
2 06 8 0.92 g 09 2084
5 < a <
£ 055 091 308 0.82
=

0.5 09 038 038

0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
Sparsity (%) Sparsity (%) Sparsity (%) Sparsity (%)

Figure 4: Sparsification-Accuracy trade-off measured on CoLA, SST2 (full), STSB, and MRPC datasets with
RoBERTa-Base, RoBERTa-Large, and Llama3.2-1B backbones. Our model provides > 40% of structured sparsity
while sacrificing only 4% of accuracy compared to the model without sparsification on the SST2 dataset, where
we train w,, w. with total 166 K parameters. On CoLA, the method reduces up to 20% of parameters without
significant loss in accuracy, and 40% on the STSB dataset with only 3% drop in accuracy. The method removes
up to 470M parameters from the Llama3.2-1B base model with only 6% accuracy loss.

D Convergence Experiment

We train both FineGates and LoRA on MRPC dataset for 50 epochs with a batch size of 16, learning rate
1 — e1073. In Figure [3| we show validation accuracy. We repeat the experiment 10 times and compute mean-std
values after every epoch.

E FineGates Modifications

We conduct additional experiments to examine whether adapting fewer projection matrices in the transformer
layers significantly affects the performance of our approach. Furthermore, we investigate the effect of extending
our model with additional low-rank weights W 4 and W g for each adapted layer, following the design proposed
by (Hu et al.l |2021)). Table [7| reports results for three model variants on RoBERTa-Base and RoBERTa-Large:
FineGates w/0 W,,;,, that does not adapt intermediate and output projections for RoBERTa layers, FineGates w/
W W 4 adds low-rank matrices W, W4 with » = 8 and FineGates w W W 4 but w/0o W ,;;, which combines
the two modifications. From this experiment, we draw three main conclusions: (1) the base FineGates model,
where only gates are trained, achieves accuracy comparable to the other variants; (2) the number of trainable
parameters can be reduced by up to 4 times without significantly compromising accuracy (FineGates w/0 Wy,ip);
and (3) introducing low-rank parameter matrices yields additional accuracy gains.

F Inference Time Measurements

We evaluate the inference time of the compressed model after each training epoch. For each epoch, the wall-clock
time of the validation phase is measured 10 times per run. To account for variability, we train with three different
random seeds, resulting in a total of 30 inference time measurements per epoch. All validation-time measurements
are performed on CPU only. Our experiments use the MRPC dataset with the LLaMA-3.2-1B backbone. To
assess inference efficiency, we compute the average validation time over a 5-epoch window and report the relative
reduction in inference time using the first epoch as a reference. Specifically, the reduction is defined as (tg —¢;)/to,
where t; denotes the average validation time after epoch i, aggregated over 30 measurements (3 seeds x 10
repetitions per seed). We report timing results alongside validation accuracy (averaged over three seeds) in
Figure [5] and in relation to the number of pruned parameters in Figure [6]
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Table 7: Modifications of FineGates. The evaluation is done for the next versions of FineGates: (1) training
without gates on feed-forward layers (w/o W), (2) training with additional low-rank parameters (w/ WgW 4),
(3) training with low-rank parameters (w/ W W 4) but excluding feed-forward layers (w/o W ,;,,) matrices from
adaptation.

Small Sub-sampled Large
Method TP | ‘ CoLA STS-B MRPC RTE ‘ SST2 MNLI QNLI QQP
Roberta-Base
FineGates 0.17M | 65.7 91.0 90.0 834 | 94.0 81.3 89.1 84.9
FineGates w/o W, 0.04M | 65.1 90.9 90.4 80.5 | 94.2  81.0 89.2 84.7
FineGates w/ WpW 4 1.4M 66.5 91.2 90.2 83.8 | 94.3 814 89.4 84.8

FineGates w/ WpW 4 w/o Wy,  0.6M | 65.8 90.7 89.7 82.3 | 94.3 81.7 89.7 85.2
Roberta-Large

FineGates 0.4M 71.4 923 91.2 90.2 | 96.2 86.2 92.4 86.1
FineGates w/o W, 0.1M 70.5 92.0 91.4 90.6 | 96.1 86.6 92.3 86.4
FineGates w/ WpW 4 3.8M 70.1 92.2 90.6 88.1 | 954  86.1 92.1 85.5

FineGates w/ WpW 4 w/o W, L7M | 69.9 92,6  91.9 885 | 96.2 87.2 92.7 86.7
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Figure 5: CPU Inference time measurements along with validation accuracy averaged across 3 seeds for a single
validation epoch of MRPC dataset.

G  Wall-clock Times measurements for APT and FineGates

In Table |8 we show the total training time measured for APT, FineGates and fully finetuned model. APT was
trained without distillation and FineGates was trained without kurtosis score.

Table 8: To compare wall-clock times, we trained both models on the SST-2 data for 50 epochs, measuring the
total training time using the RoBERTa-base backbone.

Model Time (seconds) Peak GPU Memory (MB)
Full Finetune 11,521 3,257
APT 21,542 3,291
FineGates 19,284 2,477

H Proof of Lemma [5.4]

Proof. Write L(W,w,,w.) = f(Diag(w,)W Diag(w.)) and let G := Vf({i//') € RF*4 evaluated at W =
Diag(w,)W Diag(w.). By the chain rule,

VwF = Diag(w,)G Diag(w.) = G0 (w,w,.).
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Figure 6: CPU Inference time measurements along with number of removed parameters averaged across 3 seeds
for a single validation epoch of the MRPC dataset.

For the gate variables, using 8%/6((@)1 = e;e] W Diag(w,) and 8{7\\//'/8(wc)j = Diag(wT)WejejT, we obtain

d
(Vo F), = (G, eie; W Diag(w,)) = ZGij Wi (we); = ((GQW) wc)i,

k
(VQ,CF)J. = <G, Diag(wr)Weje;r> = ZG” Wij (wr)l = ((G O] W)Twr> -
i=1 J

Because Vf is L¢-Lipschitz, the map (W,w,,w.) — G is Lipschitz on any bounded set. Multiplication by
Diag(w,) and Diag(w.) (with w,,w, € [0, 1]) is linear and non-expansive, hence the composite maps to Vw F,
Vo, F,and V,_F are Lipschitz on bounded sets. Since h,, h. are smooth on [0, 1], their gradients are Lipschitz
there; therefore,

VL = VF + X(0,Vh,,Vh,)

is Lp-Lipschitz on a bounded set containing the iterates.

Let z; := (W4, wy ¢, we ) and take one gradient step z¢11 = z; — NV L(z;) with n € (0,2/L). By the descent
lemma,

L(zesr) < L(ze) —n(1 - 254 ) |IVL(z) 2,

so L(z) is monotonically non-increasing. Since f is bounded below and h,, h. are bounded below on [0,1], L
is bounded below; summing the inequality yields ), [VL(z;)||* < oo, hence |[VL(z;)| — 0. Any accumulation
point therefore satisfies the first-order optimality condition. O

Remark H.1 (Bias gating and one-sided special cases). If a bias b is gated as b=w,®b (or left ungated), the
proof extends verbatim via standard column-augmentation. Setting w, = 1 or w. = 1 recovers the one-sided
gating case.

I Kurtosis Score

Denote by W € RF*? 3 weight matrix selected from {Wy, Wi, W,, W,, Wi W

o
mlip’ mlp
a given hidden representation X € R®***? we compute the activation matrix O € R¥*¢ by first averaging the
tensor X in batch size and sequence length dimensions to obtain x’ € R'*? by:

} in attention layer. For

and then compute the activation matrix by:

O=wO0WO0ow]ox (11)
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where © denotes element-wise multiplication and w,., w. are gating vectors.

We then compute the kurtosis vectors keols = kurt(O) € R1*? and k,ows = kurt(OT) € R1** | where kurt(-)

denotes Pearson’s kurtosis (DeCarlol, [1997).

Note that aggregating tensor X by averaging over the batch and sequence dimensions is a simplification. A more
accurate approach would compute kurtosis vectors for each batch and sequence element individually, following by
averaging the vectors k¢os, krows. HOwever, in practice, this computation is considerably more expensive and
requires substantially more GPU memory.

J Statistics of the learned gates across different Transformer layers

We analyze the statistics of the learned gates across different Transformer layers (Figure @, and observe that the
final layers tend to become sparse earlier in training. This behavior is consistent with prior findings, such as
[Sanh et al| (2020) and |Gordon et al.| (2020)), which report that later layers are more amenable to pruning without
significantly harming performance.

de

dr
2SS
Wy = = Wy wc:_zwc
dr.l dc
iz

i

1.0

=1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
1 2 3 4 5 6 7 8 9 10 11 12

Transformer layer ID

Figure 7: For each Transformer layer in Roberta-Base model we present the gates values averaged for each gates
1 dr i 1 d i . .

row vector, 7- Zi;l wy, and gates column vector g- > ;¢ we, where d,, d. are the dimensions of gates vectors

Wy, w, correspondingly.

K LLAMA-1B Model

Table 9: Model architecture for the pretraining experiment.

Params Hidden Intermediate Heads Layers Steps Data Amount

1B 2,048 5,461 24 32 20K 2B

We set the maximum sequence length to 256 for all models, with a batch size of 512. We apply learning-rate
warmup for the first 10,000 training steps, followed by a cosine annealing schedule that decays to 10% of the initial
learning rate. Training is stopped after processing 2B tokens from the training dataset. The model architecture is
summarized in Table [9] and we use the T5-base tokenizer for this experiment.

L MaskLLM Evaluation

We evaluate the pre-trained model using the original implementation provided by the authorsEl . The masking
model we tested was trained by the authors on a subset of the C4 dataset. While the original results were
reported with a maximum sequence length of 4096, due to our limited computational budget we evaluate it with

https://github.com/NVlabs/MaskLLM
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Figure 8: Train loss convergence of FineGates + FFT method in Section 5.7
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Figure 9: Validation loss convergence of FineGates + FFT method in Section 5.7

a maximum sequence length of 256. For a fair comparison, we train FineGates on the C4 dataset using the same
sequence length.

M GLUE Benchmark statistics

Presented in Table

Table 10: The GLUE benchmark datasets statistics
Dataset MNLI QQP QNLI SST2 COLA STSB MRPC RTE

Samples 392,702 363,846 104,743 67,349 8,551 5,749 3,668 2,490

N Hyperparameters for training

We present the hyperparameters for ROBERTa models in Table [I1] for comparisons with the APT model in
Table [I2] and for LLaMA experiments in Table[I3] Each dataset includes its own validation set, which is used for
evaluation. In target-task fine-tuning experiments, we train all models with the Adam optimizer and decoupled
weight decay regularization (Loshchilov and Hutter] 2017)), optimizing © with fixed learning rates across tasks.
For sparsified base-model pretraining and post-training pruning, we restrict the training budget to 2B tokens and
apply learning-rate warmup followed by a cosine scheduler.
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Table 11: Hyperparameters for Table 1.
Hyperparameter / Dataset CoLA STS-B  MRPC RTE SST-2 MNLI QNLI QQP
RoBERTa-Base

Ir bias + head le-4 le-4 le-4 le-4 le-4 le-4 le-4 le-4
Ir gates le-3 le-3 le-3 le-3 le-3 le-3 le-3 le-3
Ir schedule constant constant constant constant constant constant constant constant
epochs 100 100 100 100 50 50 50 50
lambda 50 10 50 50 0.1 0.01 0.01 0.01
max seq length 512 512 512 512 512 512 512 512
RoBERTa-Large

Ir bias + head le-4 le-4 le-4 le-4 le-4 le-4 le-4 le-4
Ir gates le-3 le-3 le-3 le-3 le-3 le-3 le-3 le-3
Ir schedule constant constant constant constant constant constant constant constant
epochs 50 50 50 50 100 100 100 100
lambda 10 10 10 10 0.1 0.1 0.1 0.1
max seq length 512 512 512 512 512 512 512 512

Table 12: Hyperparameters for Table 2.
Hyperparameter / Dataset CoLA STS-B MRPC RTE SST-2
RoBERTa-Base

Ir bias + head le-4 le-4 le-4 le-4 le-4
Ir gates le-3 le-3 le-3 le-3 le-3
Ir schedule constant constant constant constant constant
epochs 100 100 100 100 50
lambda 100 100 100 100 100
max seq length 512 512 512 512 512

O Empirical Loss Convergence Plots

To support our theoretical claim regarding model convergence, we present the loss curves of the pre-training
LLaMA-1B base model with FineGates in Figures [§ and [

P Hardware used for experiments.

We conducted training and evaluation of the compressed LLaMA-3.2-1B backbone model on a single NVIDIA
RTX 6000 GPU paired with an AMD EPYC 9334 32-core processor. While training was performed on the GPU,
evaluation wall-clock time measurements were obtained on the CPU. For all other experiments, we used a single
NVIDIA H200 GPU with an Intel®) Xeon®) Platinum 8568Y+ CPU for both training and evaluation.

Q Limitations

While our method demonstrates strong performance and efficiency gains, it is important to acknowledge certain
limitations. Our experiments are restricted to the GLUE benchmark. This reflects the practical constraints
faced by smaller academic labs, which often lack access to large-scale computing resources. Although we could
not evaluate larger models such as LLaMA-2 13B or GPT-style architectures, we contend that results from
smaller-scale models remain valuable. They provide rigorous, reproducible insights and can inform innovations
that may later scale to larger systems. Moreover, GLUE offers a standardized benchmark for comparison with
prior work, making it a meaningful testbed for early-stage progress, and is still used by many recent works, i.e.
Zhang et al.| (2025),Lei et al.|(2024),Wang et al.| (2024)) [Refael et al.| (2024b)).Batazy et al.| (2024)) |Ceritli et al.
(2024)), Miles et al.| (2024).

R Baselines Description

We compare our method against full fine-tuning—where the model is initialized with pre-trained weights and all
parameters are updated during training—as well as several recently proposed efficient fine-tuning methods:

e LoRA (Hu et all [2021)) with rank= 4 applied additionally to the weight matrices AW/mlp as in our method,
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Table 13: Hyperparameters for Table 3.
Hyperparameter/ Dataset CoLA STS-B  MRPC RTE SST-2
LLAMA-3.2-1B

Ir bias + head le-4 le-4 le-4 le-4 le-4
Ir gates le-3 le-3 le-3 le-3 le-3
Ir schedule constant constant constant constant constant
epochs 100 100 100 100 50
lambda 0.01 0.01 0.01 0.01 0.01
max seq length 512 512 512 512 512

which results in total 0.7M trainable parameters for Roberta-Base model and 1.8M for Roberta-Large base
model.

e BitFit (Zaken et al., |2021)) - an efficient finetuning method where only biases are trained for each adapted
layer in the base model.

e VeRA (Kopiczko et all [2023) - vector-based random matrix adaptation where the number of trainable
parameters is significantly lower than in LoRA without pruning or compression of the base model.

e LoRA-XS (Balazy et al. [2024) further reduces the number of trainable parameters by learning a small matrix
positioned between two frozen low-rank matrices.

o RoCoFTy row (Kowsher et al., [2024) - the method proposed to directly train a single row or column in the
base model without adding adapter weights.

o APT (Zhao et al., [2024a)) - a recently proposed finetuning method that allows compression of the base model
while training adapter weights. Our approach differs from APT in two main points: (1) we learn the gates
for the base model weights jointly with the finetuning task objective, and (2) our model obtains comparable
results without training additional low-rank matrices W 4, W g resulting in optimization of less trainable
parameters.

e VeLoRA (Miles et al) 2024) an adapter-based method similarly to LoRA which is trained with low gradients
projections.

o MaskLLM (Fang et al., |2024)) is a method that prunes the LLM models in a semi-structured (or “N:M?”)
way, aimed at reducing computational overhead during inference. Instead of developing a new importance
criterion, MaskLLM explicitly models N:M patterns as a learnable distribution through Gumbel Softmax
sampling.

S GPU-based Inference Time

We train and evaluate our model with a Llama-3.2-1B backbone on an NVIDIA A100 (80GB). We present
results in Table measured after each epoch (in total 100 epochs) and averaged over five epochs. The base
time measurement is obtained by taking the average inference time per epoch across the first 5 epochs (with 0
parameters removed). All measurements are repeated 10 times.

Table 14: Training progression showing evaluation time reduction, removed parameters, and achieved sparsity
across epochs.

Epochs 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
Eval Epoch Time Reduction (%) 1.5 4.9 8.1 9.4 14.1 15.1 16.1 173 185 198 213 229 246 259 270 279 285 289 293
Removed Parameters (Millions) 45 109 181 223 244 259 271 284 299 318 341 367 391 410 427 441 454 464 473

Sparsity (%) 3.62 886 14.75 1815 19.81 21.04 22.07 23.13 24.34 25.86 27.76 29.84 31.81 33.33 34.70 3588 36.92 37.73 38.46
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