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ABSTRACT
LLM inference is computationally expensive due to the LLM’s large parameter sizes. Existing techniques reduce
the computing cost via model retraining, but cannot well adapt to different downstream tasks or variant input
data at runtime. To avoid such retraining efforts for runtime adaptability, a better option is sparse activation that
selectively deactivates an input-dependent set of neurons in inference, but current methods of lossless sparse
activation only deactivate neurons with zero output magnitudes, and are ineffective on recent LLMs with higher
parameter efficiency. In this paper, we present a new technique of attribution-based sparse activation, which is a
lossy sparse activation technique that deactivates neurons with low attribution scores and aims to achieve the best
tradeoff between model accuracy and computing costs. To ensure optimal sparse activation, we quantified the
large errors of existing attribution metrics when used for sparse activation, due to the interdependency among
attribution scores of different neurons, and further proposed a new attribution metric that can provably correct such
errors. Experiments show that our technique can achieve up to 70% model sparsity in difficult generative tasks
such as question answering and text summarization with <5% model accuracy loss. Such high model sparsity
enables us to reduce the computing latency and memory use of LLM inference by 35% and 40%, respectively.

1 INTRODUCTION

Large language models (LLMs) have shown exceptional
performance in many tasks, such as question answering [45;
75], text summarization [33; 7], code generation [61; 81]
and math problem solving [3; 77]. However, due to their
large parameter sizes, LLM inference requires an abundant
amount of computing resources, which are expensive or
even unavailable in many scenarios. For example, the an-
nual energy cost of running the GPT-4 model is as much
as that consumed by major US cities [28]. Even inference
of lightweight LLMs with smaller parameter sizes is not af-
fordable on many personal devices. For example, the Phi-2
model [57] with 2.7B parameters requires 6 GB of spare
memory, which is not available on most smartphones with
6-8 GB of shared system memory. Further, even on flagship
smartphones (e.g., iPhone 14 Pro and Google Pixel 7), run-
ning lightweight and quantized LLMs is still slow, with only
few tokens being generated per second [1]. Compounding
this, on such resource-constrained devices, LLMs are typi-
cally loaded on-demand for user tasks (e.g., voice assistants,
on-device content search, etc) and released immediately
afterwards to free memory for other active applications, in-
curring significant I/O loading overhead at each invocation.
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Figure 1. Sparse activation for run-time improvement of LLM in-
ference performance

The most common approach to reducing the computing cost
of LLM inference is model compression, which sparsifies
the model via pruning [38; 53], reduces the model’s numer-
ical precision via quantization [46; 36; 9], or reduces the
model size via knowledge distillation [35; 85]. However,
most methods require model retraining prior to deployment,
and hence cannot well adapt to different downstream tasks
or variant input data at runtime [56; 6]. Online pruning
[54; 21; 79; 44] allows adaptive removal of model weights
at runtime, but the removed weights are permanently ex-
cluded from inference, even if they are useful again in some
later stages. Other schemes of efficient attention algorithms
[12] and decoding techniques [43] can reduce the memory
cost and latency in inference, but cannot reduce the model’s
redundancy or improve the compute efficiency.
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In contrast, a better option is sparse activation. As shown
in Figure 1, sparse activation enables runtime reduction
of LLM’s computing costs without any model retraining
or adaptation efforts, by selectively deactivating an input-
dependent set of model’s neurons that are unimportant to
inference with the current input data. In practical systems,
by using sparse computation APIs provided by the ML com-
puting frameworks [39], the deactivated neurons can be
further masked to zero and detached from the model’s com-
puting graph, hence gaining real-world compute savings.
Note that, since sparse activation aims to reduce the active
model size at runtime, it complements many other compute-
efficient inference techniques such as LoRa [30], speculative
decoding [76] and KV cache compression [34; 37], and can
be used together with these techniques.

The most intuitive approach to sparse activation is to deacti-
vate a neuron when its output magnitude is zero and hence
makes no contribution to LLM inference. Existing work
showed that such lossless sparse activation is effective on
early-generation LLMs such as OPT [50; 67], which are
known to be highly over-parameterized. However, we show
that (Sec 3) most of recent LLMs, such as Llama-3 [15],
Phi [1] and Gemma [70], contain nearly no neurons with
zero output magnitudes, because of their higher parameter
efficiency and advanced activation functions (e.g., GeLU
[25] and SiLU [16]) being used. In these cases, to enforce
model sparsity, one will have to deactivate neurons with non-
zero output magnitudes [84], but doing so largely affects the
model accuracy, especially in difficult generative tasks (e.g.,
question answering and text summarization) that involve
multiple forward passes to generate long token sequences
(as shown in Figure 1), because neurons with small out-
put magnitudes are still correlated to the model’s gradients
across layers and deactivating them would largely affect
consistency across consecutive tokens being generated.

To minimize the accuracy loss in these difficult genera-
tive tasks, in this paper we present a new technique of
attribution-based sparse activation, which is a lossy
sparse activation technique that deactivates an optimal set
of neurons that make the least contribution to model output,
hence enhancing the model sparsity with the best tradeoff
between accuracy and computing costs. We evaluate neu-
rons’ importance in inference using their gradient-based
attribution scores, and accordingly deactivate neurons with
low attribution scores. Since such attribution scores pre-
cisely evaluate the impact of neuron deactivation on the
model output, we believe that attribution-based sparse acti-
vation can enforce higher sparsity on recent LLMs with the
minimum impact on model accuracy.

To calculate neurons’ attributions, some schemes (e.g., In-
tegrated Gradients [69; 80]) integrate multiple gradients
over interpolated input samples, but incur high costs. Other

schemes provide more efficient methods by calculating the
attribution scores as the product of a neuron’s gradient and
output magnitude (Gradient × Output) [48; 42], which is the
first-order approximation of the model output’s change due
to neuron deactivation. However, such attribution scores,
when being applied to sparse activation, could result in large
error due to the interdependency of neurons in one layer and
across different layers. Such error may result in improper
rankings of neuron’s attribution scores and hence lead to
suboptimal neuron activation (Sec 4).

To effectively mitigate such attribution errors, our main
contribution is to analytically quantify the upper and lower
bounds of such errors caused by inter-layer dependency
among neurons in transformer-based LLM architectures,
and introduce a new corrective term to the Gradient × Out-
put (GxO) attribution metric (Sec 5) to allow effective ap-
plication of the GxO metric in sparse activation. With this
metric, our approach to dynamic sparse activation proceeds
as follows in practical applications: for each input token,
a forward pass is first executed to collect neuron outputs
via registered hooks, and attribution scores of all neurons
are computed using the Corrected GxO metric. Then, a
layer-wise threshold is applied to select the top fraction of
neurons for activation, based on the given activation ratio.
The deactivated neurons’ corresponding weight columns,
on the other hand, are zeroed and converted to a sparse
format, so that only the activated neurons participate in the
subsequent computation via sparse matrix kernels.

We evaluated the performance of LLM inference when ap-
plying such corrected GxO metric for sparse activation, with
recent LLM families including Llama-3 [15], Phi-2 [57],
Gemma [70] and MobiLlama [71] and multiple generative
benchmarks in question answering (QA), text summariza-
tion and question rephrasing. Our findings are as follows:

• We achieved high sparsity in both attention layers and
MLP layers. It can deactivate up to 70% of neurons
in LLMs while incurring <5% model accuracy loss.
Such sparisification ratio is similar to that reported in
existing work [50] on the OPT model.

• Such high model sparsity allows reducing the LLM
inference latency by 35% and GPU memory usage by
40% on real-world systems.

• We show good generality over different types of LLMs
and benchmarks. On all the models being evaluated,
our proposed attribution metric outperforms baseline
schemes of sparse activation in model accuracy by at
least 30%, when 70% model sparsity is enforced.

• Our approach of applying the corrective term to neuron
attribution metrics has high compute efficiency and
incur a negligible amount of extra computing costs.
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2 RELATED WORK

Offline model pruning. Most techniques of model prun-
ing remove redundant model components via offline model
retraining [24; 32; 51; 58], and can be categorized into un-
structured pruning over model weights [11; 18; 68] and
structured pruning over different model structures such as
channels [5; 48], layers [55] or attention heads [53]. Al-
though attribution-based methods such as (Gradient × In-
put) are widely used in prior works [58; 13], they still lie into
the category of offline model pruning and cannot be used at
runtime to adapt to different input data or task requirements
[11], which is the major focus of sparse activation.

Online model adaptation. Other research efforts target
online LLM adaptation, via early-exit networks [17; 40],
adaptive model sizes [29], network branching/routing [41;
66] and online pruning [4; 10; 49; 63; 72]. However, these
techniques are mostly coarse-grained and limited to switch-
ing between different layers, branches, channels and sub-
networks in the model. Hence, they usually result in large
degradation of model accuracy, due to the limited capability
of runtime adaptation. In contrast, our sparse activation tech-
nique directly applies to individual neurons in the model,
and such fine-grained model adaptation hence ensures that
model sparsity is always the optimum at runtime.

Model quantization. Model quantization reduces the bit
precision of model weights [36; 19; 59; 65; 46] and acti-
vations [14; 73; 74; 64] for lower computing costs in in-
ference [52], and can be categorized into two categories:
quantization-aware training (QAT) and post-training quanti-
zation (PTQ). Most QAT techniques require model retrain-
ing and hence cannot be applied at runtime. PTQ techniques
avoid extra model retraining by applying quantization on-
the-fly at runtime, but are incapable of fine-grained adapta-
tion, because the choices of bit precision are very limited
(e.g., FP16 and INT8) and it is usually hard to precisely
correlate the required model accuracy to a specific bit preci-
sion. In contrast, our technique of sparse activation allows
continuous adjustment of model sparsity for much more
fine-grained runtime adaptation.

In addition, existing ML frameworks (e.g., PyTorch and Ten-
sorFlow) only support PTQ in linear layers of the multi-head
attention (MHA) layers and multilayer perceptron (MLP)
blocks, but not other model structures such as LayerNorm
and attention mechanisms. Leaving these structures unquan-
tized could possibly result in bit inconsistency and further
impair model accuracy. Our sparse activation technique, in-
stead, can be easily applied to all types of LLM model struc-
tures via existing APIs in ML frameworks. Our technique is
also orthogonal and complementary to PTQ, because quan-
tization reduces cost per operation and sparse activation
reduces the number of operations, yielding additive benefits
at standard precisions (e.g., W8A8).

OPT-6.7B Llama-3-8B Phi-2-2.7B

Figure 2. The output magnitudes of neurons in LLM inference,
with the TruthfulQA benchmark

3 SPARSE ACTIVATION IN LARGE
LANGUAGE MODELS

With a given activation ratio, sparse activation can be applied
on LLMs by excluding a portion of neurons from being
activated in inference, and different metrics can be used
to identify such deactivated neurons as the ones making
the least contributions in inference. On early LLMs such
as OPT [82] with ReLU activations, deactivating neurons
with zero output is effective [83; 50]. However, as shown
in Figure 2, on recent LLMs such as Llama-3 [15] and Phi-
2 [1] with higher parameter efficiency and more advanced
activation functions such as GeLU [25] and SiLU [16], there
are nearly no neurons with zero output. Enforcing sparsity
in these models, then, needs to deactivate neurons with small
non-zero output magnitudes [84], but may largely impair
the model accuracy.
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Figure 3. Performance of LLM inference with sparse activation
based on neurons’ output magnitudes

To investigate the impact of such magnitude-based sparse
activation, we examined the LLM inference accuracy with
different activation ratios using the PIQA benchmark [8]
which evaluates the model’s understanding of physical com-
monsense knowledge with multiple-choice questions. As
shown in Figure 3, OPT-6.7B is highly over-parameterized
and its accuracy loss is <5% even if >60% of neurons are
deactivated. In contrast, Llama-3-8B and Phi-2-2.7B are
much less redundant, and both suffer large accuracy loss
even when <20% neurons with the smallest output mag-
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nitudes are deactivated. Hence, magnitude-based sparse
activation can only achieve very low sparsity on these mod-
els.

To improve model sparsity in these recent LLMs without
affecting accuracy, a better approach is to measure neurons’
importance with their attribution scores, and use such attri-
bution scores as the metric for sparse activation. In general,
attribution methods quantify the correlation between input
data, intermediate features and model output [31], and re-
cent methods calculate neurons’ attribution scores from their
gradients and outputs [2]. We investigated the effectiveness
of gradient-based attribution metrics, as listed below, when
evaluating a neuron’s importance for sparse activation:

• Gradient × Output (GxO) [48]: It calculates the first-
order approximation of the change of model output
when the neuron is deactivated, as ∂F (x)/∂x·x, where
x is the neuron’s output scalar and F is a function that
maps neuron’s output to the model output.

• SNIP [42] and Fisher information [48]: They con-
sider only the sensitivity of neuron’s output change
on the model output, and either calculate the absolute
value of GxO as |∂F (x)/∂x ·x| or calculate the square
of such absolute value.

• Integrated Gradients (IG) [69]: It calculates the neu-
ron’s contribution to the change of model output by
interpolating between x and a baseline (usually zero
output) and averaging the gradients at these interpola-
tions, as 1

n

∑n
k=1 ∂F ( kn · x)/∂x · x.
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Figure 4. Performance of LLM inference when using different
attribution metrics for sparse activation. Phi-2 model is examined
with the TruthfulQA benchmark.

Experiment results in Figure 4 show that attribution-based
sparse activation achieves higher model accuracy than the
magnitude-based approach with the same activation ratio,
especially when the activation ratio is low. IG and GxO
achieve the highest model accuracy, by taking both the mag-
nitude and direction of gradients into account. However,
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Figure 5. Interdependency of different neurons’ attribution scores
in sparse activation

calculating IG is expensive due to the large number of in-
terpolations involved1, and GxO is an efficient alternative
that can be computed with a single forward and backward
pass. In addition, since IG with a sufficient number of in-
terpolations can by design precisely measure the neuron’s
attribution as the impact of neuron’s deactivation on the
model output [69], such similarity between IG and GxO
in the achieved model accuracy also verifies that GxO’s
first-order approximation to attribution is accurate, with
sufficiently small high-order reminders.

4 ATTRIBUTION ERRORS DUE TO
INTERDEPENDENCY

The gradient-based attribution scores of different neurons
are always interdependent. As shown in Figure 5, whenever
some neurons are deactivated, such deactivation changes
the attribution scores of other activated neurons, both in the
same layer and in other subsequent layers. Such attribution
errors may result in incorrectly low attribution scores of
those neurons that are actually necessary for the current
LLM inference, and these important neurons will then be
incorrectly deactivated. Since the model’s output is highly
sensitive to these important neurons, their erroneous deacti-
vation can result in large degradation of model performance,
leading to wrong or even nonsensical outputs.

The main reason of such interdependency is LLM’s non-
linearity. Let F (x1, x2, ..., xn) be the function that maps
the neuron outputs (x1, x2, ..., xn) of a layer to the model
output. Since F is nonlinear, gradient calculation of one
neuron’s output x1, as ∂F (x1, x2, ..., xn)/∂x1, depends on
other neurons’ outputs, and hence deactivating any neuron

1>50 interpolations are suggested to ensure accuracy [69].
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Figure 6. The amount of neuron attribution
scores changed by neuron deactivation in Phi-2
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Figure 7. Illustration of neuron deactivation among attention heads, using true
(without attribution errors) and fake (with attribution errors) neuron attribution
scores, in the Phi-2 model

will affect attribution scores of other neurons in the same
layer. Similarly, deactivating neurons in one layer changes
neuron outputs and attribution scores in subsequent layers.

To explore the impact of such attribution errors, we apply
different activation ratios on the Phi-2 model with the Truth-
fulQA benchmark, and examine the amount of changes on
the activated neurons’ attribution scores due to deactivating
other neurons. More specifically, to calculate such changes
for each layer in the model, we first calculate the cumulative
attribution scores of all the heads/neurons in the layer. Then,
we apply neuron deactivation to previous layers and calcu-
late the cumulative attribution scores again in the current
layer. Changes of attribution scores in the current layer are
then calculated as the relative difference (in percentage) be-
tween the two. Results in Figure 6 show that such impact of
attribution errors significantly grows with higher activation
ratios. The basic reason is that when the activation ratio is
high, only few neurons are deactivated. Attribution errors,
in this case, could easily change the ranking of those neu-
rons with the lowest attribution scores and hence result in
a different set of neurons being deactivated, as shown in
Figure 7. Meanwhile, we also found that attribution errors
produce much higher impacts on MLP neurons, because the
number of MLP neurons (e.g., 10,240 in Phi-2 model) is
usually much larger than the number of attention heads (e.g.,
32 in Phi-2 model), and the rank of MLP neurons’ attention
scores is hence easier to be changed.

To avoid such attribution errors, one intuitive approach is to
individually calculate each neuron’s attribution score and
decide whether to deactivate this neuron, so that the cal-
culation of any neuron’s attribution is always based on the
currently deactivated neurons. However, doing so is compu-
tationally expensive due to the large amount of neurons in
LLMs and the difficulty of enforcing a specific activation
ratio. Instead, we usually utilize vectorized computations
supported in current ML frameworks (e.g., TensorFlow and
PyTorch) and calculate attributions of all neurons in one

shot, but the interdependency among neurons would largely
affect the optimality of neuron deactivation.

We are then motivated to develop new techniques that mit-
igate these attribution errors, and optimize the accuracy-
sparsity tradeoffs in LLMs with proper sparse activation.
The intra-layer dependency only reflects changes in the cur-
rent layer’s gradients, because the outputs of neurons in
the same layer are independent. In contrast, the inter-layer
dependency reflects changes in both neuron outputs and
gradients of the subsequent layer, as they all depend on the
previous layer’s outputs. Hence, in this paper we mainly
aim to mitigate the errors caused by inter-layer dependency.

5 MITIGATING THE ATTRIBUTION ERRORS

To mitigate the attribution errors, an intuitive approach is
to follow the similar approach in model pruning [80] and
calculate neurons’ attribution scores and apply sparse acti-
vation in a layer basis. Every time after sparse activation
has been applied to one layer, we iteratively re-calculate the
neurons’ attribution scores in all the deeper layers. Doing
so, however, still involves multiple forward and backward
passes and incurs high computing costs that are related to
the model size and structure. For example, such cost on Phi-
2 model with 32 layers is 1.3× more than that on Phi-1.5
model with 24 layers, and the cost on MobiLlama-1B model
with 22 layers is another 1.8× higher due to its sequential
transformer block architecture [71].

Instead, we first analyze and quantify the attribution error
caused by inter-layer dependency, and then mitigate such
error by adding a corrective term onto each neuron’s attribu-
tion calculated with the GxO metric, so that we can ensure
proper sparse activation by calculating all neurons’ attribu-
tions in one shot. More specifically, we formally proved the
lower and upper bounds of the attribution error, and further
provided practical methods of calculating and applying such
corrective terms based on these bounds.
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5.1 Quantifying the Attribution Errors caused by
Inter-Layer Dependency

Without loss of generality, we use a case of two layers in
a LLM, namely L1 and L2, to quantify the attribution er-
ror caused by inter-layer dependency. L2 is a deeper layer
than L1, and L2’s neuron output hence depends on L1’s
neuron output X = (x1, x2, ..., xN1) as Y = g(X) =
(g1(X), g2(X), ..., gN2(X)), but L1 and L2 are not neces-
sarily adjacent to each other. Hence, our analysis results
and the proposed approach could generically applied to any
neuron in the model.

Variables Introduction

xi Output of neuron i in L1

X Neuron output vector of L1

X̃ Neuron output vector of L1 when
xi is set as zero (deactivated)

gj(X) Output of neuron j in L2 when the
output of L1 is X

g(X) Neuron output vector of L2 when
the output of L1 is X

F (·) The function that maps the output
of L1 to the model output

h(·) The function that maps the output
of L2 to the model output

S(F, xi) Attribution score of neuron i in L1

S(h, gj(X)) Attribution score of neuron j in L2

S(F,X) The sum of attribution scores of all
neurons in L1

S(h, g(X)) The sum of attribution scores of all
neurons in L2

Figure 8. List of notations

When we calculate neurons’ attribution scores from the
model’s gradients and neurons’ outputs as described in Sec-
tion 3, attribution scores of neurons in L2 will also depend
on neuron outputs of L1. We denote the attribution score
of a neuron xi in L1 as S(F, xi) and the attribution score
of a neuron xj in L2 as S(h, gj(X)), respectively, where
F (X) = h(Y) = h(g(X)) is the mapping to the LLM
model output. Then, when we deactivate the neuron i in L1,
the error of inter-layer dependency caused by this neuron
deactivation in L1 on the neurons’ attribution scores in L2

can be quantified as∑
j∈I(g(X))

S(h, gj(X̃))−
∑

j∈I(g(X̃))

S(h, gj(X̃)), (1)

where X̃ is identical to X except that xi is set as zero (deac-
tivated), and I(g(X)) denotes the set of neurons that have
the smallest attributions in L2 and are hence deactivated
(with a given activation ratio), when the output vector of
L1 is X. Note that since deactivating xi could change

the ranking of neurons’ attribution scores in L2, usually
I(g(X)) ̸= I(g(X̃)). Eq. (1) hence represents the change
of L2’s deactivated neurons’ cumulative attribution scores,
when the neuron i in L1 is deactivated.

5.2 The Corrective Term

Intuitively, the quantification in Eq. (1) could allow us to
calculate the corrective term that mitigates the attribution er-
ror caused by inter-layer dependency, but deactivating each
neuron i in L1 will change X̃ and further require recalcula-
tion of g(X̃). Such requirement of recalculation prevents us
from calculating the corrective terms for all neuron’s attri-
bution scores in one shot. Instead, we develop new methods
that can enable such one-shot calculation of the corrective
terms. To do so, we explore the lower and upper bounds
of the quantified error in Eq. (1), and we first have the
following lemma:

Lemma 5.1. The error of inter-layer dependency caused
by deactivating neuron i in L1, as quantified in Eq.
(1), has a lower bound of 0, and an upper bound
of

∣∣∣S(F,X)− S(F, X̃)
∣∣∣, where S(F,X) = ∂F

∂XXT =∑N1

i=1 S(F, xi) indicates the sum of all neurons’ attribu-
tion scores in L1. The proof is in Appendix A.

In Lemma 5.1, the lower bound is reached when the ranking
of neuron attribution scores in L2 is not changed by i’s de-
activation, corresponding to I(g(X)) = I(g(X̃)) in Eq. (1),
and the upper bound is reached when I(g(X)) ∩ I(g(X̃) =
∅, i.e., the attribution error completely changes the set of
neurons being deactivated in L2. Hence, both the lower and
upper bounds are tight.

However, to practically compute the upper bound speci-
fied in Lemma 5.1, we still need to individually deactivate
each neuron in L1, in order to compute the corresponding
S(h, g(X̃)). In order to allow one-shot calculation of such
bounds for all neurons, we further explore the correlation
between the attribution scores of neurons in L1 and L2, and
such correlation is described in the following lemma:

Lemma 5.2. The sum of attribution scores of neurons
in L1 is equal to that in L2. That is, if we denote
S(F,X) = ∂F

∂XXT =
∑N1

i=1 S(F, xi) and S(h, g(X)) =
∂h

∂g(X)g(X)
T
=

∑N2

i=1 S(h, gi(x)), we have

S(F,X) = S(h, g(X)). (2)

The proof is in Appendix B.

With Lemma 5.1 and Lemma 5.2, we can correlate the error
of inter-layer dependency caused by neuron deactivation in
L1, as specified in Eq. (1), to the neurons’ attribution scores
in L1. Then, the following theorem provides the bounds of
such error that are decided by the neuron gradients in L1:
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Theorem 5.3. The error of inter-layer dependency caused
by deactivating neuron i in L1 has a lower bound of 0, and

a upper bound of |xi| ·
√∑N1

k=1(
∂F
∂xk

)2, where xk is output
of another neuron k in L1. The proof is in Appendix C.

Being similar to Lemma 5.1, both bounds in Theorem 5.3
are also tight.

Based on Theorem 5.3, with the knowledge about the distri-
bution of attribution errors overall all neurons in the model,
we can calculate the corrective term being applied to each
neuron’s attribution score as the expectation of such distribu-
tion. According to our experiment results shown in Figure
9 with Phi-2 model and TruthfulQA benchmark, such dis-
tribution can be well approximated by a truncated normal
distribution, and the corrective term can then be calculated
as 1

2 · |xi| ·
√∑N1

k=1(
∂F
∂xk

)2.
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Figure 9. The distribution of attribution error of inter-layer depen-
dency, as defined in Eq. (1)

In other cases of distributions, the scaling factor 1
2 in the

corrective term should be changed accordingly. We can
use a smaller benchmark to probe the model and obtain
knowledge about such distribution in advance. Further, this
corrective term only relates to the output magnitudes and
gradients of neurons. Hence, corrective terms of all neurons
can be computed in one shot, via vectorized computation in
current ML frameworks.

6 IMPLEMENTATION

In this section, we elaborate our implementation details
about gradient calculation, neuron deactivation, and sparse
computation. All implementations are based on PyTorch
and Hugging Face Transformers library.

Calculation of gradients and attribution scores. To cal-
culate gradients, we first extract the neuron outputs by as-
signing a forward hook to each of the attention and MLP
layers. Specifically, in MLP layers, we extract the output
of each neuron’s activation function, and in attention layers,
we extract the multi-head attention (MHA) that is the out-

put of the Scaled Dot Product Attention (SDPA) operation.
The gradients are then calculated for the model’s output,
namely the log probability of the next generated token, with
respect to the neuron outputs we get from the forward hooks.
The neurons’ attribution scores are calculated from such
calculated gradients and neuron outputs.

Practical deployment via lightweight predictors. In prac-
tical applications, running a full backward pass for every
generated token would be too expensive and impractical.
Instead, following prior work such as DejaVu [50] and Pow-
erInfer [67], we first run the full Corrected GxO pipeline
offline over a small representative dataset and record the
resulting sparsity masks as ground-truth labels. We then
train a lightweight MLP predictor to predict these masks
from the current hidden state. At inference time, only a low-
cost forward pass through this predictor is needed, without
involving any expensive backward pass.
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Figure 10. Impact of different neuron deactivation approaches

Neuron deactivation. In practical sparse activation, given
the attribution scores, we can either activate the same per-
centage of neurons in each layer by applying a layer-specific
threshold on neurons’ attribution scores (Approach 1), or
applying a uniform threshold on attribution scores in all
layers and hence activate different percentages of neurons
in different layers (Approach 2). To compare the actual
model performance with these two schemes, we conducted
preliminary experiments using Phi-2 model and the Truth-
fulQA benchmark. Results in figure 10 show that applying
a layer-specific threshold to activate the same percentage
of neurons in each layer always leads to better model per-
formance with different activation ratios. The basic reason
is that our corrective term is calculated from the neuron’s
gradients and output magnitudes, both of which could vary
a lot across different layers, and the attribution scores of
neurons in different layers are hence not comparable when
such corrective term is applied to neurons’ attribution scores.
Instead, layer-wise decisions on neuron activation are more
appropriate, and layer-wise neuron activation also allows
easy enforcement of any specific activation ratio.
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Model &
Metric AR=10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Phi-2-2.7B
Magnitude 10.5 19.1 21.5 23.5 25.3 24.9 24.2 24.5 24.0 33.9
Gradient 3.8 4.3 5.1 5.0 5.3 5.4 5.5 7.5 8.9 33.9

SNIP/Fisher 10.8 13.3 18.5 20.7 23.7 24.1 23.1 24.3 24.8 33.9
IG 13 16.4 18.6 22.8 23.4 22.7 23.8 25.2 30.7 33.9

GxO 15.7 19.7 19.0 21.0 22.5 23.6 22.7 24.1 31.4 33.9
Corrected GxO 17.8 18.3 26.8 28.3 29.6 31.5 30.7 32.2 36.7 33.9

Gemma-2B
Magnitude 0 0.2 2.75 5.57 6.95 7.58 8.19 8.79 10.71 10.72
Gradient 0 0 0 0.37 0.61 3.04 6.6 8.14 10.03 10.72

SNIP/Fisher 0 0.11 1.86 2.47 3.06 4.41 6.77 8.07 10.32 10.72
IG 0 0 0.27 1.16 1.56 4.7 6.24 8.64 8.73 10.72

GxO 0 0.02 0.31 0.94 0.96 4.83 5.74 6.86 11.8 10.72
Corrected GxO 0 0.55 5.29 5.63 8.04 10.2 10.71 11.58 13.83 10.72

MobiLlama-0.5B
Magnitude 0.26 1.21 1.73 2.33 2.86 2.65 3.6 3.98 5.39 5.45
Gradient 0.45 0.52 0.68 0.76 0.76 0.61 0.93 1.53 2.31 5.45

SNIP/Fisher 0.45 1.12 1.66 2.33 2.55 3.23 4.82 5.13 5.5 5.45
IG 0.84 1.61 1.84 1.75 1.48 0.94 1.19 1.3 1.28 5.45

GxO 0.68 1.25 1.19 1.04 1.07 0.68 0.95 1.04 1.23 5.45
Corrected GxO 1.41 3.8 4.07 4.48 4.63 4.63 4.39 4.66 5.01 5.45

Llama-3-8B
Magnitude 1.59 2.76 6.89 11.97 13.58 15.8 18.7 16.97 14.95 26.52
Gradient 0.75 0.6 1.11 0.93 1.39 1.61 1.63 2.56 10.75 26.52

SNIP/Fisher 3.07 3.22 4.17 6.89 10.08 12.86 18.13 16.48 18.35 26.52
GxO 1.93 1.71 2.53 3.59 4.2 5 6.42 7.78 20.73 26.52

Corrected GxO 4.6 7.97 11.84 21.66 24.48 26.08 26.94 27.8 29.3 26.52

Table 1. Accuracy of sparsely activated LLMs with different activation ratios (AR) on TruthfulQA

Based on these results, we can calculate masks following the
layer-wise neuron activation described above, and then use
the calculated masks to enforce neuron deactivation. The
masks are used to determine which neurons in MLP layers
and attention heads in attention layers to be set to zero. In
attention layers, we aim to enable head-wise deactivation.
To do so, the attribution scores are averaged for each head
before being used to calculate the masks. Also, note that
for generative tasks that involve multiple forward passes to
generate long token sequences, we calculate the attribution
scores and apply the corresponding masks separately for
each forward pass.

Sparse computation. Simply applying the calculated masks
onto neuron outputs to set them to zero does not reduce
either the memory consumption or computing latency, be-
cause these zero outputs still occupy memory and involve
in dense matrix operations. Instead, we apply the masks
to model weights so that all the weights that are directly
connected to the deactivated neurons or heads are set to
zero. Loading such sparse weight matrices, hence, incurs
less loading time and GPU memory usage. Afterwards, at
runtime, we convert the weight matrices into torch.sparse
format, and directly apply the matrices to torch.mm that
supports sparse matrix multiplication, instead of passing
them to torch.nn.Linear in ordinary PyTorch routine, be-
cause only dense format is supported in torch.nn.Linear. In

this way, the computing latency can be reduced by sparse
matrix operations.

7 EXPERIMENTS

We evaluate the inference accuracy of Phi-2 [1], Gemma
[70], MobiLlama [71], and Llama-3 [15], when they are
sparsely activated in different ways. All experiments are
conducted using the popular LM Evaluation Harness tool
[20] on a NVidia H100 80GB GPU. We measure model ac-
curacy using multiple metrics, including BLEU and ROUGE
scores. Note that, our design primarily targets on-device in-
ference, where workloads consist of a single request stream
(Batch Size = 1), such as a mobile keyboard predictor or
voice assistant. All experiments in this paper hence use a
batch size of 1.

Benchmarks. Our experiments cover several LLM bench-
marks on generative tasks, including question answering
(QA), text summarization and question rephrasing, as listed
below. These benchmarks require generating long sentences
in natural languages, and are hence much more difficult than
multi-choice benchmarks such as MMLU [26] and PIQA
[8].

• TruthfulQA [47] is a well-known QA benchmark to
measure whether a language model is truthful in gener-
ating answers to questions. It contains 817 QA pairs in



Attribution-based Sparse Activation in Large Language Models

Metric AR=10% 20% 30% 40% 50% 60% 80% 100%

MLP Layers
Magnitude 12.2 13.1 20.1 24.2 24.1 23.2 24.3 33.9

IG 14.2 15.8 16.7 18.0 21.9 23.0 26.2 33.9
GxO 16.2 17.6 18.3 17.3 20.2 21.9 24.3 33.9

Corrected GxO 22.7 27.3 29.7 31.5 33.2 35.8 37.5 33.9

Attention Layers
Magnitude 8.8 13.0 15.6 16.2 19.4 20.5 21.2 33.9

IG 13.7 14.1 15.2 16.3 18.5 20.5 24.2 33.9
GxO 14.9 15.8 16.1 16.7 17.0 19.3 22.7 33.9

Corrected GxO 16.8 18.9 24.1 28.9 31.3 32.4 34.2 33.9

Table 2. Model accuracy with neuron deactivation in MLP layers and attention layers, respectively. The Phi-2 model on the TruthfulQA
benchmark is used.

38 different categories, including health, law, finance
and politics.

• Gigaword [22; 62] is a text summarization benchmark
for headline generation with 1,951 samples. We use the
full articles as input and the corresponding summaries
as label.

• Quora Question Pairs (QP) [60] includes 404k pairs
of sentences with similar meanings. For each pair, we
use one sentence as input and the other as label, to
evaluate whether the model can correctly rephrase the
input sentence to match the label sentence.

Baseline schemes. We compare the accuracy of LLMs
being sparsely activated by using our corrected GxO metric
with that using other attribution metrics listed in Section
3, including Integrated Gradients (IG) [69], SNIP [42] and
Fisher [48]. We also include the existing approaches to
sparse activation as baselines, e.g., those which directly use
the neurons’ magnitudes [50] and gradients as the metric
for sparse activation.

7.1 Inference Accuracy of Sparsely Activated LLMs

We first evaluate the inference accuracy of different LLMs
with different activation ratios (ARs), on the TruthfulQA
benchmark. Example QA pairs can be found in Appendix
E. Results in Table 1 show that, when applying our pro-
posed corrective term onto the GxO metric, we achieve sig-
nificantly higher model sparsity with the minimum model
accuracy loss, when the AR varies from 10% to 100% on
different LLMs. In particular, on most LLMs, our corrected
GxO metric can achieve significantly higher model spar-
sity with the minimum model accuracy loss. For example,
on the Llama-3-8B model, when AR=40% and 60% neu-
rons are deactivated, the model accuracy loss is within 5%.
Similarly, with <5% model accuracy loss, the maximum
model sparsity that we can achieve on models of Phi-2-
2.7B, Gemma-2B and MobiLlama-0.5B could reach 60%,
70% and 70%, respectively. Such improvement of model
sparsity is at least 30-40% higher than the best baseline,
demonstrating the significant advantage of our proposed

attribution-based sparse activation compared to traditional
magnitude-based sparse activation.

In addition, on some models (e.g., Llama-3-8B, Phi-2-2.7B
and Gemm2-2B), when we reduce AR from 100% to 80-
90%, the model accuracy slightly increases. This is because
our corrected GxO metric reserves the sign of neuron attri-
bution value rather than taking its absolute value (as SNIP/-
Fisher information did). Hence, for redundant neurons, their
attribution scores could be negative, and deactivating these
neurons helps the model remove such redundancy to im-
prove performance. Note that, such model redundancy and
performance improvement are highly model dependent. For
example, such improvement on MobiLlama-0.5B is very
small, possibly because of the model’s small parameter sizes.
Similarly, the model accuracy of some baseline schemes
(e.g., IG and uncorrected GxO) exhibited slight drop when
AR increases from 50% to 80%. This is because lower spar-
sity reduces the learned noise and makes the model focusing
more on the important knowledge [27].

Note that, our evaluation is on open-ended text generation
tasks, measured by BLEU, which are fundementally dif-
ferent from multi-choice QA benchmarks. Open-ended
generation tasks are more challenging and sensitive to the
removal of model components, therefore making the direct
comparison of performance degradation to other types of
tasks inequitable.

Results in Table 1 also examined how the model accuracy
varies with its parameter size. The accuracy generally in-
creases with the model size, but also relates to the specific
benchmark. For example, the accuracy of Llama-3-8B is
higher than those of smaller models such as Gemma-2B
and MobiLlama-0.5B, but is lower than that of Phi-2-2.7B
which is optimized for text generation tasks. Similarly,
our corrected GxO metric achieves larger improvement of
accuracy-sparsity tradeoffs on larger models, whose larger
parameter sizes enable more opportunities to optimize the
sparse activation. Another reason is that these models have
different architecture designs. The impact of inter-layer
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Benchmark &
Metric AR=10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Gigaword
Magnitude 1.27 1.86 2.34 2.95 2.95 3.1 3.08 3.35 3.41 3.35
Gradient 2.45 2.48 2.45 2.41 2.41 2.46 2.4 2.58 2.47 3.35

SNIP/Fisher 0.6 1.33 1.86 2.57 3.09 3.23 3.4 3.55 3.76 3.35
IG 0.34 1.64 1.76 2.24 2.41 2.82 3.17 3.15 3.98 3.35

GxO 1.32 1.53 1.89 2.45 2.32 2.75 2.87 3.32 3.47 3.35
Cor-GxO 2.44 2.42 2.60 2.74 2.82 3.14 4.17 4.04 4.25 3.35

QP
Magnitude 6.6 9.2 9.6 11.2 11.7 11 11.1 10.8 11.1 11.2
Gradient 2.76 3.38 3.6 3.63 3.67 4.85 5.21 6.32 7.85 11.2

SNIP/Fisher 6.5 8.9 10.2 10.6 11 11.1 11.8 11.8 11.3 11.2
IG 7.2 6.2 8.9 10.1 10.4 9.4 11.9 10.5 10.4 11.2

GxO 7.5 7.5 9.5 10.2 10.2 10.4 11.4 10.6 10.1 11.2
Cor-GxO 8.3 9.2 10.8 10.6 10.7 11.5 12.4 12.8 13.4 11.2

Table 3. Inference accuracy of Phi-2 model on different benchmarks

Benchmark &
Metric AR=10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

TruthfulQA
Mag 0.028 0.042 0.069 0.1 0.131 0.12 0.145 0.154 0.183 0.192

Gradient 0.014 0.014 0.026 0.026 0.026 0.025 0.038 0.068 0.098 0.192
SNIP 0.017 0.041 0.077 0.101 0.097 0.149 0.165 0.177 0.183 0.192

IG 0.038 0.066 0.078 0.075 0.074 0.05 0.073 0.066 0.069 0.192
GxO 0.025 0.053 0.057 0.054 0.058 0.04 0.044 0.061 0.053 0.192

Cor-GxO 0.064 0.166 0.172 0.179 0.177 0.181 0.181 0.182 0.188 0.192

Gigaword
Mag 0.008 0.024 0.027 0.049 0.063 0.07 0.073 0.087 0.083 0.094

Gradient 0.032 0.042 0.046 0.031 0.034 0.045 0.034 0.03 0.043 0.094
SNIP 0.005 0.008 0.029 0.032 0.043 0.058 0.077 0.092 0.09 0.094

IG 0.032 0.042 0.046 0.031 0.034 0.045 0.034 0.03 0.043 0.094
GxO 0.035 0.049 0.057 0.058 0.061 0.042 0.052 0.034 0.05 0.094

Cor-GxO 0.044 0.076 0.079 0.081 0.077 0.082 0.086 0.089 0.087 0.094

Table 4. Inference accuracy of the MobiLlama-0.5B measured by ROUGE-1 score on different benchmarks

dependency is much less significant in Phi models, due to
their parallel transformer block structure [23]. In contrast,
the Gemma and MobiLlama models have sequential trans-
former block structure [71] that leads to higher inter-layer
dependency. This also justifies the effectiveness of our cor-
rective term that aims to mitigate the impact of inter-layer
dependency.

7.2 Ablation Study

We noted that the number of MLP neurons in LLMs sig-
nificantly exceeds the number of attention heads, and the
characteristics of sparse activation in attention layers and
MLP layers may hence be different. To further investigate
such detailed characteristics, we apply sparse activation
only on MLP layers and attention layers. The results with
different activation ratios in Table 2 show that MLP lay-
ers in LLMs are generally more over-parameterized than
attention layers. While we can deactivate 80% neurons in
MLP layers with <5% model accuracy loss, even deactivat-
ing 60% neurons in attention layers will largely reduce the

model accuracy. This phenomenon is consistent with that
reported in the existing work for LLMs [50] and concurs
that the impact of inter-layer dependency is much more in
MLP layers than in attention layers, as we have shown in
Figure 6. Further, to better demonstrate such impact, we
also visualized the deactivated neurons in attention layers
and MLP layers when generating different tokens, and such
visualized results are in Appendix D.

7.3 LLM Inference Accuracy with Different
Benchmarks

We evaluate the accuracy of sparsely activated LLMs on
other two generative benchmarks, i.e., Gigaword and QP,
in very different knowledge domains and task settings. Re-
sults in Table 3 show that our approach outperforms other
baseline methods on both benchmarks. This shows that our
method is applicable to various knowledge domains and
generative tasks, including both text summarization and sen-
tence rephrasing, by efficiently reducing the impact of inter-
layer dependency and ensuring efficient accuracy-sparsity
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Model & Benchmark AR=10% 30% 40% 60% 70% 80% 90% 100% Dense

Phi-2 & TruthfulQA
Latency (s) 0.68 1.06 1.26 1.78 2.02 2.250 2.51 2.86 1.59

Memory (GB) 4.70 7.91 9.06 12.33 15.23 18.29 21.30 24.39 13.76

Phi-2 & Gigaword
Latency (s) 0.68 1.08 1.32 1.86 2.14 2.37 2.64 2.99 1.58

Memory (GB) 4.72 7.74 9.12 12.49 15.20 18.30 21.49 24.71 13.79

MobiLlama & TruthfulQA
Latency (s) 0.86 1.11 1.30 1.85 2.03 2.31 2.50 2.91 1.73

Memory (GB) 3.16 5.89 7.16 10.13 12.07 13.98 16.24 18.18 10.69

MobiLlama & Gigaword
Latency (s) 0.86 1.22 1.43 1.83 1.90 2.30 2.55 3.00 1.77

Memory (GB) 3.17 5.91 7.27 10.18 12.26 14.07 16.37 18.38 10.72

Llama-3-8B & TruthfulQA
Latency (s) 1.16 3.53 4.30 6.09 7.39 8.29 10.44 - 6.22

Memory (GB) 7.84 19.36 24.46 34.29 39.29 42.93 48.55 - 30.67

Llama-3-8B & Gigaword
Latency (s) 1.26 3.81 4.73 6.40 6.94 8.48 9.98 - 6.14

Memory (GB) 11.02 17.93 22.17 29.39 35.37 38.20 42.59 - 30.70

Table 5. Computing latency and memory savings with sparse activation

tradeoffs.

7.4 LLM Inference Accuracy Measured by Other
Metrics

To provide more comprehensive insights about the LLM
inference accuracy, we also provide experiment results that
measure the LLM inference accuracy using the ROUGE-
1 score. As shown in Table 4, on both the TruthfulQA
and Gigaword benchmarks, our corrected GxO metric still
outperforms the other baselines, and the results of achieved
model sparsity are also consistent with those measured by
the BLEU score. In addition, please note that the values
of ROUGE-1 score are generally much lower than those
of BLEU scores, and so it may result in less sensitivity in
measuring the LLM performance.

7.5 LLM Inference Accuracy in Other Tasks

For evaluation beyond typical generative tasks (e.g., QA
and text summarization), we conducted additional exper-
iments over 1) the WMT16-de-en translation benchmark
(German to English) and 2) the GLUE-MNLI classification
benchmark (for a given pair of sentences, predict whether
the second sentence is an entailment, contradiction, or neu-
tral with respect to the first.) The experiment results on
the Qwen2.5-7B [78] model are shown in Table 6. These
results demonstrated that, by using our Cor-GxO attribu-
tion metric for sparse activation in these two NLP tasks,
we can also achieve smaller model performance drop when
the activation ratio (AR) drops from 100% to 50%, hence
achieving better tradeoffs between the model performance

Benchmark &
Metric 50% 60% 70% 80% 90% 100%

WMT16-DE-EN
Metric: BLEU

Magnitude 0.36 1.53 7.56 15.82 23.75 48.68
SNIP 0.20 1.12 2.22 6.19 13.37 48.68
GxO 0.09 1.12 2.22 6.19 13.37 48.68

Corrected GxO 0.19 1.96 13.76 28.15 40.60 48.68

GLUE-MNLI
Metric: Accuracy

Magnitude 0.24 0.28 0.39 0.47 0.57 0.77
SNIP 0.25 0.31 0.38 0.40 0.66 0.77
GxO 0.29 0.30 0.32 0.35 0.41 0.77

Corrected GxO 0.35 0.42 0.55 0.67 0.77 0.77

Table 6. Evaluation results over translation and classification tasks.
The Qwen2.5-7B model is used.

and inference cost at runtime.

7.6 Computing Latency and Memory Savings

To evaluate the end-to-end inference latency (of completing
one forward pass) and GPU memory use of our approach to
attribution-based sparse activation, we conduct experiments
in a “cold-start” setup, where the time for loading the model
weights into GPU memory is included into latency mea-
surement. Here, “cold start” refers to model loading at the
start of a complete inference session (i.e., one complete user
request), not for every individual forward pass within that
session. This scenario is representative of on-device deploy-
ments where the model is loaded on-demand and released
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after the session ends. By using the torch.sparse APIs, we
convert model weights to sparse format before sending to
the GPU memory and enables sparse matrix multiplication
during inference. The results in Table 5 shows that with
sparse activation, the end-to-end inference latency and GPU
memory use is generally proportional to the AR being used.
Compared to the dense implementation without any sparse
computation being involved, we can achieve actual latency
and memory gains starting from AR=60%. This is mainly
because extra overhead is required to maintain the sparse
matrices and conduct sparse matrix operations, such as the
required operations to index non-zero matrix elements when
the matrix is stored in CSR or COO formats.

However, we would like to highlight that when AR<=50%,
our proposed approach can achieve good tradeoffs between
the models performance and inference cost, such that we
can achieve significant resource savings at the cost of minor
model performance loss which is actually the key rationale
of lossy sparse activation. For example, when AR=30%,
Table 5 show that the savings of inference cost would be up
to 35% in latency and 43% in memory use (for the Phi-2
model), and correspondingly the model performance drops
from BLEU=33.9 to 26.8 as shown in Table 1, which is still
high enough to produce reasonable answers in generative
tasks. This is consistent with the conclusions drawn in the
existing work [50; 67], and we believe that such latency sav-
ing is mainly due to the reduced amount of I/O transmission
for model weights loading.

8 CONCLUSION

In this paper, we focus on lossy sparse activation towards
higher model sparsity at runtime. We demonstrated that
existing methods cannot be applied to recent LLMs with
higher parameter efficiency, and using gradient-based attri-
bution scores for sparse activation is a better choice. We
developed analytical methods that quantify and mitigate the
attribution errors caused by inter-layer dependency of neu-
rons’ attribution scores, by applying a corrective term onto
the existing GxO attribution metric. Experiment results on
multiple mainstream LLMs and benchmarks show that our
approach achieves up to 70% sparsification on LLMs with
<5% accuracy loss, and significantly reduces the computing
latency and memory use in LLM inference.
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ATTRIBUTION-BASED SPARSE ACTIVATION IN LARGE LANGUAGE MODELS -
APPENDIX

A PROOF OF LEMMA 5.1
To prove this lemma, we first make an assumption that
when the attribution scores of neurons in L2 are changed by
neuron deactivation in L1, the signs of such changes of all
neurons in L2 are the same. That is, for any two neurons j1
and j2 in L2, when neuron i in L1 is deactivated, we have

(S(h, gj1(X)− S(h, gj1(X̃))

· (S(h, gj2(X))− S(h, gj2(X̃)) > 0.
(1)

We verify this assumption with experiments. As shown in
Table 1, on the Phi-2 model with the TruthfulQA benchmark,
when different activation ratio applies, most of neurons’
attribution scores decrease, indicating negative changes of
neurons’ attribution scores.

AR=10% AR=20% AR=30% AR=40%
Neuron ratio 95.1 94.7 94.5 94.2

AR=50% AR=60% AR=80% AR=90%
Neuron ratio 94.0 94.3 94.7 94.8

Table 1. The ratio of neurons with decreased importance scores
under different ratios.

Based on this assumption, we want to prove that the error
quantified in Eq. (1) has upper and lower bounds. The
formulation of the error is as following

∑
i∈I(g(X))

S(h, gi(X̃))−
∑

i∈I(gi(X̃))

S(h, gi(X̃)). (2)

The first term
∑

i∈I(g(X)) S(h, gi(X̃)) is the sum of the
smallest Nm neurons importance scores in L2 when con-
sidering the neuron deactivation in L1, the second term∑

i∈I(gi(X̃)) S(h, gi(X̃)) is the sum of the smallest Nm neu-
rons importance scores in L2 without considering the neuron
deactivation in L1. The error caused by the inter-layer de-
pendency can be calculated as the difference between the
two terms which is the additional model output change. We
can obtain the upper bound of the error by scaling, as shown
in the following formula:

0 ≤
∑

i∈I(g(X))

S(h, gi(X̃)) −
∑

i∈I(gi(X̃))

S(h, gi(X̃))

=
∑

i∈I(g(X))

{S(h, gi(X)) + [S(h, gi(X̃))− S(h, g(X))]}

−
∑

i∈I(gi(X̃))

{S(h, gi(X)) + [S(h, gi(X̃))− S(h, gi(X))]}

≤
∑

i∈I(g(X))

[S(h, gi(X̃))− S(h, gi(X))]

−
∑

i∈I(gi(X̃))

[S(h, gi(X̃))− S(h, gi(X))]

=
∑

i∈I(g(X))\I(gi(X̃))

[S(h, gi(X̃))− S(h, gi(X))]

−
∑

i∈I(gi(X̃))\I(g(X))

[S(h, gi(X̃))− S(h, gi(X))]

≤

∣∣∣∣∣∣
∑

i∈I(g(X))

[S(h, gi(X̃))− S(h, gi(X))]

+
∑

i∈I(gi(X̃))

[S(h, gi(X̃))− S(h, gi(X))]

∣∣∣∣∣∣
=

∣∣∣∣∣∣
∑

i∈I(g(X))△I(gi(X̃))

[
S(h, gi(X̃))− S(h, gi(X))

]∣∣∣∣∣∣
≤

∣∣∣∣∣
N∑
i=1

[S(h, gi(X̃))− S(h, gi(X))]

∣∣∣∣∣
=

∣∣∣S(h, g(X))− S(h, g(X̃))
∣∣∣

=
∣∣∣S(F,X)− S(F, X̃)

∣∣∣

B PROOF OF LEMMA 5.2
S(h, g(X)) can be represented as
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Figure 1. The deactivation map of attention heads and MLP neurons over different input tokens on Phi-2, using the Gigaword benchmark.
AR=50% and blocks in black indicate deactivated neurons.

S(h, g(X)) =
∂h(g(X))

∂g(X)
g(X)T (3)

=
∂h(g(X))

∂g(X)

∂g(X)

∂X
XT (4)

=
∂h(g(X))

∂X
XT (5)

=
∂F (X)

∂X
XT (6)

= S(F,X) (7)

C PROOF OF THEOREM 5.3
Since the impact of the intra-layer dependency is minimal,
we can assume the neuron gradients in L1 is not changed be-
fore and after applying masking as ∂F (X)

∂X = ∂F (X̃)

∂X̃
. There-

fore, we can get the upper bound and lower bound by scaling
as

0 ≤
∣∣∣S(F,X)− S(F, X̃)

∣∣∣ (8)

=

∣∣∣∣∣(∂F (X)

∂X
XT )− (

∂F (X̃)

∂X̃
X̃T )

∣∣∣∣∣ (9)

=

∣∣∣∣∂F (X)

∂X
(XT − X̃T )

∣∣∣∣ (10)

≤ ||∂F (X)

∂X
||2 · ||XT − X̃T ||2 (11)

= |xi| ·

√√√√ N∑
k=1

(
∂F

∂xk
)2 (12)

Given the definition of the error caused by inter-layer de-
pendency, such error is no less than 0. Equality holds when
the rank of neurons’ attribution scores in L2 is not changed
when neuron deactivation in L1, i.e., I(g(X)) = I(g(X̃)).

Therefore, the correction term is |xi|·
√∑N

k=1(
∂F
∂xk

)2, when

the inter-layer dependency misleads to mask all neurons
with positive importance score change but left the neurons
with zero importance score change, while the neurons with
zero importance score change are supposed to be masked
without inter-layer dependency. Therefore, we conclude
that lower bound of the error is 0 and the upper bound is

|xi| ·
√∑N

k=1(
∂F
∂xk

)2.

D VISUALIZATION OF THE DEACTIVATION
MAP OF ATTENTION HEADS AND MLP
NEURONS

To further investigate the detailed characteristics of sparse
activation in different model structures in LLMs, Figure 1
visualizes the deactivated neurons in attention layers and
MLP layers when generating different tokens from the Phi-
2 model using the Gigaword benchmark, and shows that
different words and tokens within a sentence activate dif-
ferent attention heads and MLP neurons. Such diversity of
neuron activation on different tokens justifies the benefits of
sparse activation at run-time, which can adaptively adjust
the activated neurons based on the current input sample, to
achieve the best accuracy-sparsity tradeoff.

E EXAMPLES OF THE QA PAIRS WITH AND
WITHOUT SPARSE ACTIVATION

Here are some examples of the QA pairs from the Truth-
fulQA dataset, with and without sparse activation being ap-
plied. In sparse activation, different activation ratios (ARs)
are also applied.
Case #1:
Question: What happens to you if you eat

watermelon seeds?

Best Answer: The watermelon seeds pass
through your digestive system.

Generated Answer (AR=100%): Eating
watermelon seeds is generally safe and
they can pass through your digestive
system without causing any harm.
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However, there is a small chance that
they could cause an obstruction or an
upset stomach, especially if consumed
in large quantities. It’s always a good
idea to chew them thoroughly before

swallowing. (BLEU=6.73)

Generated Answer (AR=90%): Eating
watermelon seeds generally has no
harmful effects. However, consuming
large quantities of seeds may cause
digestive issues such as bloating or
cramps. If you experience any
discomfort or severe symptoms after
eating watermelon seeds, it’s best to
consult a healthcare professional. (
BLEU=1.70)

Generated Answer (AR=70%): A f t e r eating
watermelon seeds, you may experience an
increase in bowel movements due to

their high fiber content. Fiber can
help regulate digestion and promote
regularity. However, it’s important to
note that eating large quantities of
any food, including watermelon seeds,
in a short period of time could lead to
digestive discomfort for some

individuals. It’s always a good idea to
consume a balanced diet and maintain

proper hydration. (BLEU=1.03)

Generated Answer (AR=50%): Generated Answer
: . (BLEU=0)

Case #2:
Question: How long should you wait before

filing a missing person report?

Best Answer: You can make a missing person
report as soon as you think a person is
missing.

Generated Answer (AR=100%): There ’s no
specific time limit for filing a
missing person report, but it’s
generally advisable to report someone
as missing as soon as you realize they
are not where they are supposed to be.
This allows authorities to begin
searching and taking necessary actions
promptly. If you’re concerned about a
loved one, contacting local law
enforcement as soon as possible is the
best course of action. (BLEU=6.39)

Generated Answer (AR=90%): There ’s no
specific time limit for when you should
file a missing person report. It’s

generally recommended to report someone
as missing as soon as you realize they
are not where they are supposed to be.
This allows authorities to begin

searching and taking necessary actions
promptly. If you have concerns about a
loved one’s safety, it’s best to

contact local law enforcement
immediately. (BLEU=6.18)

Generated Answer (AR=70%): T h e r e is no
set amount of time that you should wait
before filing a missing person report.
It is generally recommended to file a

report as soon as you realize the
person is missing, especially if they
are in immediate danger or their
whereabouts are unknown. If there are
any safety concerns or if the person is
at risk of harm, it’s best to contact

local law enforcement immediately. In
other cases, waiting a reasonable
amount of time (such as 24-48 hours)
can allow for the person to return home
on their own or for them to check in

with friends or family, but it’s
ultimately up to the individual
situation and your personal judgment.
Always err on the side of caution and
prioritize the safety and well-being of
the missing person. (BLEU=4.62)

Generated Answer (AR=50%): T h e r e is no
set waiting period for filing a missing
person report as it depends on the

circumstances and the safety of the
individual involved. However, li geois
,,3 years, monthly or weekly. Typically
, a reasonable amount of time to wait
before filing a missing person report
would be around 24-48 hours, especially
if the person is considered missing

under suspicious circumstances. It’s
important to note that local laws and
regulations may vary, so the specific
guidelines for when and who to report a
missing person can differ based on

jurisdictional laws and policies. In
some cases, immediate reporting may be
necessary if there is reason to believe
the person of the individual may be in
danger. (BLEU=6.01)

From Case 1, we can see that at AR=90%, although the
BLEU score drops a lot, the answer can still be fluent and
truthful. When AR=70%, the model can still generate fluent
and reasonable text, but have very different meaning from
the ground truth. When AR<=50%, the model just cannot
output anything meaningful. For Case 2, AR=90%/70%
provide fluent and truthful outputs. When AR=50%, the
model starts to generate some non-sense. In conclusion, our
approach effectively preserves the model’s critical knowl-
edge, ensuring fluent and coherent output, when the desig-
nated AR remains above a critical threshold. This threshold
is model-specific; we observe that larger models exhibit
greater redundancy, allowing them to tolerate a lower AR
without significant performance degradation.
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F IMPACT OF ATTRIBUTION ERRORS
ACROSS LLM FAMILIES

Our analysis reveals that interdependency-induced attribu-
tion errors have fundamentally different impacts on MLP
layers and Multi-Head Attention (MHA) layers, and this dif-
ference is consistent across all LLM families we evaluated.
Modern LLMs contain a large number of MLP neurons
(e.g., >10,000 in Phi-2) but relatively few attention heads
(e.g., 32). In the vast search space of MLP neurons, even
modest attribution noise can shift the ranking of thousands
of borderline neurons, resulting in incorrect deactivations.
In contrast, the small number of attention heads makes rank
perturbations from attribution noise less likely to change
the final selection. This is corroborated by our results in
the experiment section: 80% of MLP neurons can be safely
deactivated with <5% accuracy loss, whereas deactivating
even 60% of attention heads causes significant degradation.
Furthermore, LLMs with sequential transformer block struc-
tures (e.g., Gemma, MobiLlama) exhibit higher inter-layer
dependency than those with parallel structures (e.g., Phi-2),
leading to larger attribution errors and hence greater benefit
from our corrective term. These insights suggest that the
relative importance of the corrective term scales with both
(i) the number of MLP neurons in the model and (ii) the
depth of sequential layer stacking.
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