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Abstract

Fine-tuning large language models (LLMs) for specific downstream tasks enables exceptional per-
formance; unfortunately, the vast model sizes hinder deployment in hardware-constrained environ-
ments. Hence, small, domain-specific models are created for such scenarios. This is usually done in
a two-stage process by first pruning a LLM and fine-tuning (FT) afterwards. However, performing
these two steps jointly may yield better results, as both FT and pruning can then adapt to each other.
Motivated by this potential, we propose a method based on constrained optimization that uses aug-
mented Lagrangian methods to simultaneously fine-tune and prune (SFP) LLMs to a target sparsity.
Our approach is directly compatible with parameter-efficient fine-tuning (PEFT) techniques and
can be applied to structures of different granularities. We evaluate the effectiveness of the method
against state-of-the-art pruning techniques and show similar or better performance. Specifically,
SFP can prune a 7 billion parameter model to 50% sparsity and achieve a 1.88 times faster inference
speed with negligible performance degradation.

1. Introduction

LLMs achieved great capabilities over a variety of tasks by scaling up auto-regressive language
models [15]. In the current paradigm, models are pre-trained on a large and general corpus of data
and then adapted to downstream tasks with PEFT techniques on a smaller corpus of domain-specific
data [16].

Although PEFT enables a reduction in resource requirements during training, there is no re-
duction in inference costs. This can hinder practical usage do to the huge model sizes. To reduce
hardware demand, model compression techniques like pruning have been explored, see e.g. [31].
We identify three pathways to create a small and task-specific model from a large pretrained one: 1)
pruning first and fine-tuning afterwards, 2) vice versa, or 3) simultaneous fine-tuning and pruning.
Those pathways are depicted in Figure 1. Separating FT and pruning into two distinct stages adds
complexity and disregards the possibility of guiding the FT process by pruning decisions. Conse-
quently, simultaneously finetuning and pruning should be the most promising approach and thus
motivates this work.

Our core contributions is the theoretical derivation and evaluation of a new structured pruning
method that allows for simultaneous fine-tuning and pruning to a desired sparsity. The proposed
method employs constrained optimization techniques to enforce the desired sparsity level on the
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Figure 1: In today’s paradigm there are large but very capable general pre-trained models. The
pathway to a small model for a specific task is typically a two stage process of pruning
and fine-tuning (pathway 1) or vice versa (pathway 2). Combining those two stages into
one gives pathway 3.

model during the fine-tuning process. It can be seamlessly integrated with existing optimizers and
PEFT techniques.

In our experiments, we compare our proposed method to SoTA baseline methods on different
sparsity levels and model sizes. The baselines consist of random pruning, a one-stage pruning and
fine-tuning (pathway 3) approach, and a traditional two-stage method (pathway 1). All evaluations
are done for the task of creating and compressing a guard for human-LLM interaction. Since such
guards are available at different sizes, efficient sparsification of these guards is an important consid-
eration. In particular, to ensure reliable safety for Al even under resource constraints.

2. Related Work

Parameter Efficient Fine-Tuning PEFT techniques [16, 18, 20] have become a popular way to
FT pre-trained models with less hardware requirements than full-FT. Low-Rank Adaptation, for
example (LoRA), introduces trainable adapter matrices of low rank which are used to update lay-
ers [16]. LoRA and LoRA-based methods like QLoRA or LongLoRA [5, 6] reduce training require-
ments but do not reduce the number of active model parameters. This leaves potential for inference
speedups.

Pruning In the literature, multiple ways for neural network (NN) compression have been ex-
plored. Those can be divided into quantization, knowledge distillation (KD), and pruning [31]. This
work focuses on pruning, as KD needs a teacher model that, in general, does not exist before FT,
and quantization is a post-training approach.

Within the pruning field, unstructured [7, 12, 13, 30], semi-structured [8, 23, 25] and struc-
tured [21, 22, 26] pruning methods have been developed. Unstructured pruning methods remove
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individual weights without regular patterns. Notable representatives of this subfield include mag-
nitude pruning (MP) [13], which removes weights below a certain threshold, and the lottery ticket
hypothesis (LTH) [7]. The LTH is based on MP and introduces theoretical insights into optimal
sub-networks existing in a NN since initialization.

Especially important, in the context of our work, is the surrogate Lagrangian relaxation [30],
which is similar to the proposed method in an unstructured case. This whole line of work needs
specialized hardware or software to enable inference speedups.

Semi-structured pruning methods remove individual weights based on regular patterns. The
N:M sparsity pattern removes N out of every group of M weights [23, 31]. Notable works in this
context are pruning by weights and activations (Wanda) [25], SparseGPT [8], and Outlier Weighed
Layerwise sparsity (OWL) [27]. Still, semi-structured pruning methods rely on hardware that sup-
ports N:M sparsity patterns.

Structured pruning methods remove entire structures of a NN like channels, attention heads
(width pruning), or entire layers (depth pruning) [19, 21, 22, 24, 31]. Prominent methods like LLM-
pruner [21], which use the first-order Taylor expansion as pruning criterion, rely on gradients of the
pre-trained weights and thus are not directly compatible with PEFT techniques like LoRA [28].

Recent methods that tackle the problem of simultaneous FT and pruning of LLMs rely on KD
to avoid end-task performance drops [29] or use different criteria to prune structures at different
granularity [10]. The probably most prominent of those methods, called LoRAprune [28], only
enables width pruning.

3. Method

To combine fine-tuning with pruning to a target sparsity, we formulate fine-turning as a constrained
optimization problem. The objective will be the classical fine-tuning loss, while the constraint
expresses the target sparsity. Specifically, the fine-tuning problem becomes

mein L(0) st c(0)=Lo#)—r <0. (1)

Here, £(6) denotes the fine-tuning loss (e.g., cross entropy) and c¢(6) is the constrained expressing
the target sparsity in the form of an L constraint on 6 (i.e., demanding « entries in 6 to be zero).

Notably, the constraint ¢(#) is not differentiable. However, by substitution of 6 in the constraint
with auxiliary variables v* (derivation see Appendix A) and applying an augmented Lagrangian
formulation [14], one can write this as

min £(6) + R(0), )
with
R(6) = AT(6 — ) + 510 — v )
The Lagrange multipliers A are updated using
A= A+ (0 —ur), @

where 1 denotes the Lagrange multiplier update rate, which we set to u = 1 in the following. The
auxiliary variables u* are given elements wise by

u*_{eﬁj; if i€Q

5
0 else ¢ Q. ©)
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The set Q contains the indexes 7 relating to the top-« largest |0; + ﬁ|. For a detailed derivation,

see Appendix A. For the implementation, Equations (3) and (4) can be incorporated directly into an
optimizer as shown in Algorithm 1. To enable structured pruning, similar to [17], we introduce aux-
iliary parameters ¢. They are initialized to 1 and get pruned instead of the original model parameters
0. In this way, we employ two different variants of structured pruning: Channel-wise simultane-
ous fine-tuning and pruning (CSFP) introduces one parameter for each channel in the feed-forward
network (FFN) and one for each head in the attention module of a transformer block. Module-wise
simultaneous fine-tuning and pruning (MSFP) introduces one parameter for each FFN layer and one
for each attention module in a transformer-based LLM. Further details see Appendix B.

Algorithm 1: Training Step with SFP
given: learning rate 7 € R, pruning learning rate 7y, € R, optimizer Opt(-), loss func. £
input and output data X, Y
initialize: parameters 0, step ¢ < 0, Lagrange multipliers A < 0

while stopping criteria are not met do
t<t+1

0 <+ 6+ Opt(L£(0,X,Y,),n)

for each pruned parameter group 0; in 6 do
Calculate u; according to Equation (5).
Aj A+ (9j — u}‘)
0j < 0j — Nprune - (Aj + (65 — u]))

end

end

4. Experiments

For all our experiments, we use the Llama-2-7b-hf [1] and the WildGuard dataset [3, 11] for the
task of jointly creating and pruning a guard model for human-LLM interactions. All experiments
with two seeds each, are performed on either a NVIDIA A40s, NVIDIA A100-SXM4-40GBs, or
NVIDIA H200s.

In preliminary experiments, we tuned the hyperparameters (HP) of the proposed methods CSFP
and MSFP. We describe the corresponding experiments in Appendix D and use the optimal values
in the following experiments. For all considered methods, we conducted experiments for the target
sparsity levels s = {0.125,0.250,0.500,0.750,0.875}, employed a learning rate n = 2.5¢ — 4, a
batch size bs = 80, and used LoRA with rank r = 48 and scaling « = 1. The Lagrange multipliers
are only updated every nj,, = 200 steps, and the pruning learning rates 74 prune for the auxiliary
parameters ¢ are set to 0.01 and 0.05 for CSFP and MSFP, respectively. The corresponding learning
rates that the (base) optimizer for training uses ¢ is set to 14 op = 0.01 and 7 op = 0.02 for CSFP
and MSFP, respectively (see also Appendix B.3).

As comparison, we use: 1) default LoRA [16] fine-tuning (no pruning), 2) the ShortGPT method
based on the block influence (BI) [22], which is a two stage first prune and then FT approach, 3) the
LoRAprune (LRP) [28] method which is a popular one stage approach. Figure 2 and Table 3 show
the F'1-score on the test data against the inference time tj,s on 20 batches (measured on a NVIDIA
A40). The results with the CSFP methods are consistently worse than the other methods and only
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Figure 2: The F'1-score against the inference time ¢;,r of pruned Llama-2-7b-hf models on the test
set for the different baseline methods LoRA (black), LRP (orange), BI (blue) and pro-
posed methods CSFP (green) and MSFP (red).

get close to the Pareto front at high sparsity levels. Models of different sparsities of the MSFP and
the BI approach almost exclusively occupy the Pareto front in this experiment. MSFP reduces the
inference time from the default LoORA tjr = 6.07s to tiyr = 3.222, which is a 1.88 times speedup at
a negligible performance drop from F'1 = 0.856 to F'1 = 0.852.

5. Conclusion

This work developed and characterized a new method for simultaneous fine-tuning and pruning
based on the augmented Lagrangian method. It seamlessly integrates with PEFT techniques like
LoRA and existing optimizers for training, making it a flexible and easy-to-use approach. Further,
the method can prune structures of different granularity. The experiments show that the performance
of the proposed depth-wise variant MSFP is on par or better than state-of-the-art approaches and
can speed up inference time up to 1.88 times at negligible performance drop. The width pruning
variant lacks performance CSFP compared to the baseline method. Overall, it is important to note
that experiments were only conducted on one dataset, which limits the findings. Further experiments
need to be conducted to check if the found HPs and the observed performance generalize to different
tasks. Still, the results are promising, especially for the MSFP variant and the CSFP variant in the
high sparsity regime. Thus, combining MSFP and CSFP for joint pruning at different structure
granularities could yield further improvements.
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Appendix A. Theoretical derivation

This section develops the core update rules for the proposed method. The theory is inspired by
Bertsekas [4].

Consider a smooth loss function £(6) with # € R and a constraint ¢(#) expressing the target
sparsity through a corresponding bound & on the Lg-norm of #. Then, the training objective is given
by

mein L(0) st c(0)=Lo#)—r <0. (6)

By introducing a function v[¢], with v[t] = 0 if ¢ = 0 and v — oo otherwise, this constrained
problem can be expressed as an equivalent unconstrained problem

min £(0) +v[(Lo(0) — #)"]. @)

Here (-)" denotes max{0, -} (ReLU). As the Ly-norm is non-differentiable, we introduce auxiliary
variables u of the same shape as parameters . This allows us to write Equation (7) as
rgin L) +~[(Lo(u) — k)] st. 0 —u=0. (8)
U

Applying the augmented Lagrangian method for the newly introduced constrained in Equation (8),
yields

min £(9) +[(Lo(w) — )]+ XT(0 — ) + Sl — ul? ©

0,u

with Lagrange multipliers A of the same shape as 6 (and w). Note that the latter formulation is
equivalent to

m@in L) + p(0,N), (10)
with
1
(9. %) = min ~{(Lofw) — 5)*] + AT(0 ) + Sl (an
=min A\ (§ —u) + %MHG —ull* st c(u) = Lo(u) — k <0. (12)

Given an optimal solution u* for Equation (12), we obtain an unconstrained version of the original
problem with

* 1 *
p(0,2) = AT (0 = ") + S0 — %, (13)
where u* is given by
A
uﬁnconst‘ =0+ ; (14)

To meet constraint ¢(u), there can at most be ~ values in u that are non-zero. Let & be the number
of parameters that need to be zero in order to meet the constraint.

Theorem 1 The optimal solution of the constrained function p(6,\) in Equation (12) is given by
calculating the optimal unconstrained solution u},,.,,,, and setting the smallest £ absolute values in
this solution to zero.
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Proof To solve the constrained problem in Equation (12), one defines three sets P, Q and S that
contain indices of elements in u. P contains all indices of those elements in w that need to be zero
in order to meet the constraint c¢(u). Set Q contains all indices of elements in w that are not in P.
Finally, § is given as the union S =P U Q.

It now suffices to show that the optimal values u; corresponding to indices j € Q are equivalent
to their unconstrained optimal values given in Equation (14) and that set P contains the indices of

the smallest |w; unconst| = [6i + %| in u.
The Lagrange function of Equation (12) is
L(u) = p(u) + Y aihi(w), (15)
icP
with Lagrange multipliers a;' and
hl(u) = Uj;. (16)
The Karush-Kuhn-Tucker (KKT) conditions are then
VL(u) = Vp(u)+ Y a;Vhi(u) =0 (17)
i€P
= =M+ plu; — ;) + > aie; =0, (18)
icP

with standard basis vectors e;.
For all indices j € Q this directly yields the already known solution for the unconstrained cases
[see Equation (14)] of \
— 0.1 J
uj = 0; + L (19)

and proofs the former part of the mentioned objective. Indices ¢ € P have corresponding values
u; = 0 by definition.

Knowing the optimal values u* given sets P and Q leaves the problem of choosing those sets
optimally. Comparing the unconstrained solution of p to the constrained one immediately solves
this. The unconstrained solution yields:

pumcons (17) = AT (6 = ") + 36 — | 0)
:/\T(e—e—)‘)+1uH9—9—A2 (21)
poo2 %
=2 fg@; 22)
1
=5 X (23)

1. Note that the Lagrange multipliers are denoted by a; here. This is done to avoid confusion with the Lagrange
multipliers A\ of the original problem.

10
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The constrained solution with the optimal values Vi € P :u; =0 and Vj € Q : u; = 6; + )‘Tj is
given by

1
peonse () = AT (0 = w*) + Zullf — | (24)
= Z e (O — uf) + g(ak _ u;)Q 5)
keS
—1
=3 (W 50) + 3 <2A?> (26)
ieP jeo H
1 -1
o) T (@) o
icP 2 fes I
H %2 -1
- 5 Z (ui,unconst.> + Z <2>\z) (28)
i€EP keS 1
= punconst.(u*) —+ g Z uﬁmconst_- (29)
i€P

One can conclude directly that the optimal constrained solution is only dependent on the optimal
unconstrained solution and can be selected by choosing the indices of the smallest ||u;|| to be in set
P, as this minimizes p. |

The optimal elements of u are then given by

PV .
A o
Finally, this leads to the following unconstrained training objective:
min L(e)+AT(e—u*)+gHe—u*\|2, 31)
and an update rule for A given by the augmented Lagrangian method:
A=A+ p- (0 —u”). (32)

Apart from the original loss function, Equation (31) is directly solvable. This yields an additional
update rule for parameters 6 at every step:

0 0—n-(A+p-(¢—u")), (33)

with a scalar learning rate 7, leaving only the known optimization of the loss function £(6) with the
update rules defined by Equation (32) and (33).

Appendix B. Implementation

As in [17], we introduce auxiliary parameters ¢ that are initialized to 1 and get pruned instead of
the original model parameters 6. ¢ consists of one weight for each group of parameters 6 that can
be pruned. We study two variants, one for width-pruning and one for depth-pruning. With both
approaches, there is negligible parameter overhead, and pruned structures are removed in a smooth
way. Further, the complete pruning step can be incorporated into an existing optimizer such that
there is no need to change the actual training process otherwise.

11



SIMULTANEOUS FINE-TUNING AND PRUNING OF LLMSs

B.1. Channel-wise Simultaneous Fine-tuning and Pruning

This subsection describes the usage of the proposed method as a width pruning approach that prunes
individual channels in the FFN layers and heads in the attention modules. We refer to this variant
as channel-wise simultaneous fine-tuning and pruning (CSFP). As channels in the FFN weights
Wy, Wg € R and W € R¥*? are interconnected, one vector ¢rrn, € R? for each FFN layer i
is defined. Applying the pruning vector to a weight Wy yields:

W = DW,, (34)

with the diagonal matrix D = diag(¢rrn;, ) of vector ¢rpy;,. In this work, vector ¢ggN, consistently
applies to the up-projection in all FEN layers during training. In case of existing LoRA adapters A
and B, this yields:

W = D(Wy + aBA). 35)

Similarly, the pruning vector ¢artn; adapts the value weight matrix Wy in the attention module, as
the heads of the W, Wi, Wy, € R7head-dhead Xk and Wy € RF¥*Mheatdhead wejghts are interconnected
as well. Pruning vector ¢artn; € R™<d is to small to directly apply to the weight Wy,. The
proposed method repeats the values of ¢arrN, corresponding to each head dpeaq times. This creates
anew vector ¢xpry, Where each element corresponds to a channel in Wy,. The pruning vectors for
the FFN layers are pruned together. The same global pruning applies to the pruning vectors in the
attention modules. Note that the amount of additional pruning parameters for the attention modules
is substantially lower than for the FFN layers. Therefore, they are separately pruned towards the
target sparsity to circumvent imbalances in the pruning decisions.

B.2. Module-wise Simultaneous Fine-tuning and Pruning

The depth pruning approach module-wise simultaneous fine-tuning and pruning (MSFP) is de-
scribed in the following. In the case of MSFP, every FFN layer and attention module gets only
one scalar parameter (¢rpN; and @ a77n,) each. The individual scalar parameters are multiplied by
the output of the respective layers. Multiplying the scalar parameters by their respective layer yields
the new output /'

!/
FFN, /ATTN; — PFFN,/ATTN; = MEEN, /ATTN, - (36)

Again, the individual pruning parameters are aggregated and pruned in a global fashion.

B.3. Further Design Choices

We describe further implementation choices in this part. Setting the pruning parameters ¢ to the
value one, at initialization, ensures smooth incorporation into the model, without altering the model
output at the start of training.

The pruning parameters ¢ now normally start training in a different order of magnitude than the
original parameters 6. Thus, the proposed methods use distinct learning rates 74 op¢ and 74 prune
that apply for the used base optimizer Opt(-) of choice and the parameter update rule defined by
Equation (33), respectively. Learning rate schedulers only affect 74 op. This is beneficial, as it helps
to push against the regularization of the pruning at the start, leading to more exploration of different
parameters that could be pruned. At later stages, the influence of the optimizer Opt(-) on the prun-
ing parameters decreases guided by the scheduler. This helps the pruning algorithm to fixate on the
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then chosen parameters and push them to zero.

Once values of ¢ hit zero, clipping them to zero and setting A to zero at the same time, avoids
oscillations in the Lagrangian multipliers after the target is met [9].

Next, the proposed methods update the Lagrange multipliers A only every nj,g steps and treat them
as an HP to avoid instabilities due to frequent changes in the choice of currently regularized param-
eters.

Appendix C. WildGuard Dataset

We use the task of training a guard model on the WildGuard dataset [3, 11]. This dataset consists of
human prompts and LLM responses. During training and inference, the model is instructed to eval-
uate whether a given human prompt and its corresponding LLM response are harmful, respectively.
Further, the model is tasked to predict whether the LLM refuses to respond. Like in the original
paper, the evaluation criterion is the F'l1-score at inference time [11]. Instead of evaluating single
F'1-scores for the three demanded predictions per sample, all responses are collected and the total
F'1-score over all predictions is calculated. Next to the given split into train and test data, we create
a validation set by randomly selecting samples from the training set. The final datasets consist of
80000 training, 6759 validation, and 1725 test samples.

Appendix D. Hyperparameter Optimization

We describe the optimization of the most important HPs of the proposed method in the following.
All experiments train the Llama-3.2-1B [2] model on the WildGuard dataset (see Appendix C). In
preliminary experiments, we found that the optimal learning rate, independent of the used method
(LoRA, BI, LRP, CSFP, or MSFP), is n = 2.5e — 4 for the given task. Similarly, we found that the
optimal batch size is bs = 80.

The most important HPs of the CSFP and MSFP are the Lagrange multiplier update frequency 7j,g
and the learning rates 7y opt and 7¢ prune for the auxiliary pruning parameters ¢ (see Appendix B.3).
To decrease the amount of HPs to tune, we start by setting 74 opc and 7¢ prune to the same value we
denote as 74. We then conducted experiments at a sparsity of s = 0.25. Figure 3 and Table 1 shows
the F'1-score on the validation set for the joint HP optimization of n,; and 74. For both CSFP and
MSFP there is an optimum at nj,; = 200. Regarding CSFP, the learning rate 14 = 0.010 and for
MSFP it is at 4, = 0.025. Those optimal configurations will be used in the following.

To get more insights, we scale the sparsity in the range s € {0.125,0.250,0.500,0.750,0.875}.
The results for CSFP and MSFP are shown in Figure 4 and Table 2. Interestingly, the experiments
with CSFP show a reasonable scaling with the target sparsity, while the performance of the MSFP
variant drops sharply at s = 0.50, decaying to F'1 = 0.0 for higher sparsity levels. This is caused
by parameters that are pruned at a late stage in training, where the model is already relying on the
then-pruned parameters.

To deal with this, we employ three measures: 1) guided by the literature, we use warmup and
cooldown phases of 10% training time each, where no pruning is done, 2) we increase 7, to 0.05
for MSFP as it otherwise struggles to meet the target sparsity. The corresponding experiments
are marked with (wc) in Figure 4 and Table 2. While this improves F'1-scores for high sparsity
levels both for MSFP and CSFP, it does not alleviate the sharp performance drop for MSFP after
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Figure 3: The f1-scores on the validation set for different initial learning rates 7, and update fre-
quencies for the Lagrange multipliers nj,, for CSFP (left) and MSFP (right).

s = 0.50. We conducted three more experiments: 1) separate the values of 74 into 74 opc = 0.02
and 7¢ prune = 0.05 to help prune parameters at an earlier stage in training, 2) apply an early thresh-
olding that directly sets parameters in ¢ to zero, once they are below the threshold of theyqy = 0.05,
3) the combination of both configurations above. The corresponding results in Table 2 are marked
with (wc, 1¢ ope reduced), (we, th*) and (wc, th) for 1), 2) and 3), respectively. Only the third op-
tion successfully shows reasonable results over all considered sparsity levels. For simplicity, the
configurations CSFP (wc) and MSFP (wc, th) are denoted as CSFP and MSFP in the following.

Table 1. The F'1-scores on the validation set for different initial learning rates 15 = 7¢ opt = 7¢,prune
and update rates for the Lagrange multipliers nj,g for CSFP and MSFP.

Njag
Method Mg 50 100 200 500

CSFP  0.0075 0.953 0.958 0.961 0.962
0.0100 0.958 0.959 0.963 0.961
0.0250 0.957 0.958 0.960 0.961

MSFP  0.0100 0.967 0.966 0.966 0.964
0.0250 0.966 0.966 0.967 0.965
0.0500 0.966 0.965 0.966 0.965
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Figure 4: The F'1-score against the model sparsity on the validation set for CSFP (black) and MSFP
(blue). Both for CSFP and MSFP there are results with applied warm-up and cool-down
marked by (wc) in the colors orange and green, respectively. Additionally, the red line
shows MSFP results with early thresholding and separated learning rates for the pruned

parameters.

Table 2: Final F'1-scores on the validation set at different sparsities and different configurations of

CSFP and MSFP.
S
Method 0.125 0.250 0.500 0.750 0.875
CSFP 0.961 0963 0.947 0941 0.892
CSFP (wc) 0961 0.956 0.949 0936 0.926
MSFP 0.966 0967 0.913 0.000 0.000
MSFP (wc) 0966 0966 0.901 0.021 0.391
MSFP (wc, 1¢.opt reduced)  0.964  0.959 0.959 0.554 0.000
MSFP (wc, th*) 0962 0966 0.929 0.881 0.750
MSFP (wc, th) 0.967 0.962 0.959 0921 0.900

Appendix E. Comparison Against Baselines

This section lists the data used in the experiments in Section 4. Table 2 displays the F'l-scores
with standard deviation over two seeds of the fine-tuned and pruned Llama-2-7b-hf model on the
WildGuard test set for different methods and sparsity levels. Further, the corresponding inference

times over 20 batches are shown. Configurations in the Pareto optimal set are marked in bold.
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Table 3: The F'l1-score and inference time ti,¢ of pruned Llama-2-7b-hf models at different spar-
sities with the respective standard deviation. Values are measured on the test set for the
different baseline methods LoRA, BI, LRP and the proposed methods CSFP and MSFP.

Sparsity Method F'1-score tinf(s)
0.000 LoRA 0.856 +0.001 6.073 £+ 0.006
0.125 LRP 0.860 +£0.002 6.622 4+ 0.011
BI 0.858 £0.001 5.317 &£ 0.005
CSFP 0.852 +£0.002 6.129 £+ 0.086
MSFP  0.855£0.001 5.311 4 0.021
0.250 LRP 0.855 +£0.003 5.004 + 0.005
BI 0.860 = 0.004 4.563 + 0.007
CSFP 0.843 +0.001 5.328 £+ 0.008
MSFP  0.850 £0.001 4.629 £ 0.041
0.500 LRP 0.851 +=0.000 3.588 + 0.004
BI 0.850 + 0.002 3.051 + 0.003
CSFP 0.836 = 0.003 3.861 £ 0.042
MSFP  0.852 +0.003 3.222 + 0.024
0.750 LRP 0.830 = 0.001 2.348 + 0.001
BI 0.819 + 0.003 1.547 + 0.001
CSFP 0.821 £0.005 2.181 £ 0.006
MSFP  0.827 +0.001 1.803 + 0.021
0.875 LRP 0.815 £ 0.001 1.726 £ 0.004
BI 0.780 = 0.002 0.797 = 0.001
CSFP 0.809 £+ 0.002 1.583 4+ 0.003
MSFP 0.801 = 0.002 1.159 £ 0.023

Appendix F. Complete Hyperparameter Configurations

In this section, we show the full HP configurations used in the different experiments. Table 4 shows
the HP configurations dependent on the used model, if not mentioned otherwise in the corresponding
experiment. The only differences are for CSFP and MSFP at the beginning of Appendix D, before
those phases were introduced.
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Table 4: Complete list of hyperparameter configurations in the experiments. Values differ only, if

mentioned otherwise in the respective section.

Model
HP group HP Llama-3.2-1B  Llama-2-7b
General 7 (AdamW) 2.5e-4 2.5e-4
Bs (AdamW) (0.9, 0.999) (0.9, 0.999)
Nmin (Cosine Scheduler) {5 1%
epochs 1 2
seed 42 {1, 42}
batch size 80 80
accumulation batch size 1 1
weight decay 0.01 0.01
LoRA rank 48 48
LoRA alpha 1 1
dtype bfloat16 bfloat16
max sequence length 1024 1024
gradient clip norm 0.01 0.01
CSFp T, opt 0.01 0.01
Thp,prune 0.01 0.01
Niag 200 200
warm up, cool down (10%, 10%) (10%, 10%)
n 1 1
MSFP T opt 0.02 0.02
Thp,prune 0.05 0.05
Niag 200 200
warm up, cool down (10%, 10%) (10%, 10%)
n 1 1
LRP prune frequency - 10
warm up, cool down - (10%, 10%)
init sparsity - 0
BI calibration dataset - full train set

pruning batch size

1
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