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Abstract. The quadratic computational complexity of self-attention in transformers remains
a significant bottleneck for efficiently processing long sequences. This paper introduces a plug-in
method for reducing the computational cost of attention in an existing transformer backbone
via differentiable mask learning, enabling dynamic, input-dependent token selection while
preserving the model’s ability to capture global contextual information. The proposed approach
is designed for integration into an already trained transformer model with limited modification
of the attention block. Rather than introducing another standalone efficient-attention architecture,
the proposed approach is formulated as a plug-in token-selection module for an existing
transformer backbone. It learns task-specific hard token-selection masks in a differentiable
manner and is intended to reduce the effective attention cost of an already trained model
at inference time. Our approach employs a Gumbel-Softmax-based mechanism to learn hard
token-selection masks in a differentiable manner, offering a practical way to reduce inference
time while preserving most of the baseline model quality in the setting considered. Experiments
on four sentiment-analysis benchmarks with a DistilBERT backbone show that the proposed
method achieves an 8–12% reduction in inference time while preserving most of the baseline
quality in the setting considered. The learned masks show qualitatively interpretable selection
patterns in the presented examples, often prioritizing sentiment-bearing tokens and supporting
more efficient inference. The code implementing the model for experiments is publicly available
at https://github.com/NTAILab/GSBA-SIT-SAM.
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1. Introduction. The transformer architecture [1,2] has revolutionized
natural language processing through its powerful self-attention mechanism,
enabling models to capture long-range dependencies and contextual
relationships in text. However, the quadratic computational complexity
of the self-attention with respect to sequence length remains a fundamental
limitation, particularly when processing long documents or deploying
models in resource-constrained environments. While several approaches
have attempted to address this challenge through sparse attention patterns
or approximation methods, these solutions often compromise the model’s
ability to focus dynamically on the most relevant tokens for a given task.
Existing approaches for reducing the quadratic complexity of self-attention
can be broadly categorized into sparse attention methods, approximation-based
approaches, and token pruning techniques. Comprehensive surveys of these
directions can be found in [3–9]. These reviews present comprehensive studies
of various algorithms, recent techniques and methods devised to extend
the sequence length in transformers and LLMs.
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In this work, we focus on reducing the effective computational cost
of self-attention by dynamically selecting a subset of informative tokens
on a per-input basis, while preserving the original pretrained backbone.
The goal is not to propose another standalone efficient-transformer architecture,
but to study a plug-in token-selection module that can be attached to an already
trained model. Our method introduces selective token inclusion in the attention
mechanism through differentiable mask learning, enabling the model
to dynamically identify and prioritize the most informative tokens during
both training and inference. Unlike static sparsity patterns or fixed window
approaches, our technique preserves the transformer’s ability to capture global
dependencies while reducing the effective sequence length processed by each
attention head.

It is important to distinguish the present setting from standalone
efficient-transformer architectures such as Longformer, Linformer, Performer,
or BigBird, which redesign the attention mechanism itself. In contrast,
the present work studies a post-hoc token-selection module for an already
trained backbone. For this reason, the main experimental comparison in this
paper is performed against the same pretrained backbone without the proposed
module, which isolates the effect of the token-selection mechanism itself.

The main contributions of our work are threefold:
1. Differentiable Mask Learning: we propose a Gumbel-Softmax-based

mechanism for learning token-selection masks that enables hard selection
of the most relevant tokens during forward passes while retaining differentiable
training of the scoring module.

2. Plug-in Token Selection for Existing Backbones: our method
is designed as a lightweight token-selection module that can be integrated
into an already trained transformer backbone with limited modification
of the attention block, offering a tunable trade-off between computational
savings and predictive performance.

3. Empirical Validation: through experiments on several benchmark
sentiment-analysis datasets (IMDb, SST-2, Rotten Tomatoes, and Yelp Polarity),
we demonstrate that the proposed approach achieves an 8–12% reduction
in inference time while preserving most of the baseline quality in the considered
setting, outperforms random masking approaches, and exhibits stable training
dynamics across different mask sizes and layer configurations.

Our results show particular advantages in processing long documents,
where the method demonstrates strong performance on the Yelp Polarity
dataset (average length 382 tokens) with only 50% of the tokens participating
in attention computations. The learned masks show qualitatively interpretable
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selection patterns in the presented examples, often prioritizing sentiment-
bearing tokens while preserving important structural elements of the input.

The code implementing the model for experiments is publicly available
at https://github.com/NTAILab/GSBA-SIT-SAM.

2. Related Work. Numerous approaches and methods have been
developed to reduce the computational complexity of the attention mechanisms
in transformers. In particular, Longformer [10] scales linearly with sequence
length, making it easy to process documents of thousands of tokens
or longer. Another model [11] uses sparse factorization of the attention matrix
to simplify the attention. Linformer [12] applies the self-attention approximated
by a low-rank matrix. Performer [13] is based on approximation of the softmax
attention-kernels by using the Fast Attention Via positive Orthogonal Random
features approach. Transformer-XL [14] consists of a segment-level recurrence
mechanism. The Compressive Transformer [15] is an attentive sequence
model which compresses past memories for long-range sequence learning.
BigBird [16] applies a sparse attention mechanism that reduces this quadratic
dependency to linear. Reformer [17] is based on using two techniques
to improve the efficiency of transformers. The first replaces the dot-product
attention with the locality-sensitive hashing. The second uses reversible
residual layers instead of the standard residuals. The Token Pruning model
is presented in [18], which introduces a novel token reduction method
dubbed Learned Token Pruning which adaptively removes unimportant
tokens. Two key challenges of standard transformer architectures, including
the scaling input length and encoding structured inputs are considered
in the ETC model [19]. Interesting solutions for reducing the transformer
complexity are provided in [20–23]. In [24], a transformer architecture
is proposed that combines the efficient parallelizable training of transformers
with the efficient inference of RNNs. Popular approaches to make transformers
faster and lighter are reviewed in [3]. Macformer is proposed in [25]. It employs
random Maclaurin features to approximate various dot-product kernels. Linear
transformers under conditions of corrupted training data and noise are studied
in [26]. The self-attention expressed as a linear dot-product of kernel feature
maps by using the associativity property of matrix products is proposed in [27].
The linear transformer called cosFormer is presented in [28]. A binarization
paradigm customized to high-dimensional softmax attention via kernelized
hashing and called EcoFormer is introduced in [29].

The above represents only a very small fraction of all currently
proposed or existing approaches, algorithms, and models for reducing
the computational complexity of transformers. Existing efficient-transformer
methods reduce attention cost at different levels: some redesign the attention
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pattern or kernel approximation, while others progressively prune tokens
as representations pass through the layers. The present work is closer to learned
token-selection methods, but differs in its focus on a fixed-budget key/value
token-selection module that can be attached to an already trained backbone
and then executed at inference time through actual gather-based pruning.
In contrast to sparse and low-rank attention approximations, our method
does not modify the attention formulation itself and can be applied as a post-hoc
optimization to pretrained models.

3. Background: Randomized Baselines and Key/Value Selection.
Rather than replacing self-attention with an alternative mechanism of lower
asymptotic complexity, we investigate complementary strategies that reduce
the effective computational cost of attention by restricting the set of key/value
tokens involved in the computation. This perspective offers two practical
advantages. First, it enables converting existing pretrained transformer
models into more efficient ones by replacing only the attention layers while
reusing the original parameters; the resulting adaptation typically requires
lightweight fine-tuning and is substantially cheaper than training a new
architecture from scratch. Second, token-selection methods can be combined
with orthogonal acceleration techniques (e.g., Flash Attention), yielding
additive speedups.

Our analysis adopts the standard premise that, for many inputs,
the contextual representation of a token can be recovered accurately
by interacting with only a limited subset of informative “neighbors.”

3.1. Randomized baselines. We first consider a fully randomized
approach that constructs subsets of keys (and the corresponding values)
uniformly at random. This baseline is conceptually simple and exposes
a fundamental limitation: under realistic compute budgets, random
sampling is unlikely to include all task-critical tokens when their number
is non-negligible.

3.2. From random sampling to learned key/value selection.
The limitations of the randomized baseline motivate a second family
of approaches, where the subset of key/value tokens is selected
in a data-dependent manner based on the layer-wise token embeddings.
The remainder of this section formalizes the randomized baseline and quantifies
when it is expected to fail.

The first direction reduces complexity by approximating full attention
using only a subset of keys and values and, if necessary, improving
accuracy by repeating the procedure multiple times. Assume self-attention
is applied to a sequence of length n. The main hyperparameter is the subset
size k (the number of selected key/value tokens). We sample t subsets
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of size k, compute attention for each subset, and then aggregate the results
(e.g., by averaging). As t increases, the approximation quality improves
but eventually saturates.

If the base attention has quadratic complexity O
(
n2

)
, then computing

attention with n queries and only k keys/values has complexity O(nk)
per repetition; after t repetitions, the total cost becomesO(nkt). Thus, to obtain
a computational advantage, one must satisfy:

kt < n. (1)

If the sequence contains a absolutely relevant tokens that need
to be considered collectively for each query token, then the probability
of selecting all such tokens when taking a subset of size k is given

by the hypergeometric distribution and equal to
(
n− a

k − a

)
/
(n
k

)
.

Then the probability of obtaining at least one subset where the result
of applying the attention mechanism will be correct (using all a absolutely
relevant tokens) becomes:

p = 1−

1−

(
n− a

k − a

)
(n
k

)


t

. (2)

We consider a commonly used training sequence length of n = 1024,
and compare probabilities of obtaining at least one correct subset (which will
significantly affect the upper bound of the model’s accuracy) for various
parameter values: k ∈ {64, 128, 256} , a ∈ {1, 2}. These dependencies
are shown in Fig. 1, where the red vertical line corresponds to the number
of repetitions t beyond which computational efficiency superiority compared
to the classical mechanism will be lost.

The results indicate that, under the condition of improved efficiency
relative to the base attention mechanism, the probability of randomly
selecting the necessary tokens (even for the minimal number of them)
turns out to be substantially less than one. Fig. 2 shows the dependency
of the probability on the number of absolutely relevant tokens a
with the parameter t = n/k, i.e., in the case where parity in terms of efficiency
arises between the considered model and the base attention mechanism.
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The number of absolutely relevant tokens extremely significantly influences
the probability of success, and for a ⩾ 5 the probability becomes extremely
low for all considered subset sizes.

Fig. 1. Dependencies of the probability of a correct subset appearing

These results indicate that purely random subset selection becomes
unreliable once the number of absolutely relevant tokens is moderate
(e.g., a ⩾ 5): under realistic efficiency constraints, the probability of sampling
a subset that contains all required tokens drops to a critically low level.
Consequently, random sampling alone is unlikely to yield a method
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that is simultaneously faster and accurate when correct attention behavior
requires jointly considering many essential tokens.

Fig. 2. Dependence of the probability of a correct subset at comparable efficiency

At the same time, the effective value of a is task- and layer-dependent.
Therefore, we retain randomized sampling as a simple and informative baseline
and use it for comparison throughout the experimental section.

Implication. The above analysis motivates replacing uniform random
sampling with a learned, data-dependent key/value selection mechanism.
In what follows, we introduce a differentiable token-selection method
that constructs a single binary mask per layer (shared across queries),
so that keys/values can be physically pruned at inference time while preserving
end-to-end trainability.

4. Method: Differentiable Key/Value Token Selection.
4.1. Mask learning problem. To determine the most relevant tokens

in a layer and subsequently build a model trainable end-to-end, various
strategies were considered. A natural idea is to use the query vector itself
to determine which keys should be considered for its processing. However,
in this case, a separate mask is determined for each query, its values indicating
whether a key vector is used for this query vector. This leads to the formation
of a quadratic number of masks, one mask per query token, making significant
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memory or computation savings impossible. Therefore, another approach
was proposed.

An alternative is constructing a single mask for all query
vectors. Such a mask does not depend on queries but relies on key
vectors, and can be implemented, for example, as a random mask
or a position-dependent mask (so-called padding mask). To avoid quadratic
complexity in mask generation and simultaneously make the mask dependent
on keys, an auxiliary model based on a small neural network is introduced.
It works independently for each token embedding and produces a scalar
importance score. Then these scores are used to construct a single binary
mask, which is applied to all query vectors in the layer.

Let’s consider the formulation of the subproblems of constructing
and applying the mask based on key vectors. Let X = {x1, . . . ,xn}
be the set of input embeddings of dimensionality d. The standard
self-attention mechanism computes the attention matrix A ∈ Rn×n,
which has a computational complexity O(n2). The goal of the developed
method is to approximate full attention with a sparse analogue with a fixed
computation budget k ≪ n. The task of selecting an ordered set of indices
J ⊂ {1, . . . , n} of cardinality |J | = k can be formulated as an optimization
problem of finding a binary mask M ∈ {0, 1}n, where

∑n
i=1 Mi = k.

The following theoretically possible approaches to forming such a mask
were analyzed:

1.“Soft” selection of token embeddings (so-called “Soft Gating”).
The most obvious approach is to use a sigmoid activation to weight token
importance: x̃i = σ(f(xi)) · xi. The token embedding can be automatically
reduced, which affects its subsequent participation in the attention mechanism
(small attention weights, and consequently, small contribution to the result).
However, this approach preserves the computational complexity O(n2),
because these tokens are still included in the sequence and participate in the
computation of the attention matrix A, despite making no actual contribution
to the result. Moreover, the sigmoid function does not guarantee obtaining
exactly k significant tokens, and the distribution of embeddings for the next
layer may differ from the distribution during training, which negatively
affects model accuracy.

2. Stochastic Bernoulli sampling and reinforcement learning. Building
a mask is possible through independent sampling of each mask component
from a Bernoulli distribution mi ∼ Bernoulli(pi), where the probability pi
is determined based on an auxiliary model. This approach has two drawbacks.
First, it does not guarantee a fixed subset size k, which creates technical
problems during batch processing since subsets of key matrices for different
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training examples must have the same size (or an upper bound, in this case
less than n). However, in this case, the dimensionality is dynamic, which not
only complicates computations but requires introducing penalty components
into the loss function; otherwise, the auxiliary model could be optimized such
that all mask components have a probability of 1, meaning computational
efficiency would not be improved. Second, the gradient estimate of the loss
functionwith respect to parameters in this case is characterized by high variance,
making training unstable (e.g., when using the REINFORCE algorithm).

3. l1-regularization of attention weights (LASSO method).
Adding a penalty on the l1-norm of attention weights to encourage sparsity
can lead to zero attention weights for many keys. However, from the perspective
of neural network training, this constraint (on zero weights) is “soft”, meaning
it is not guaranteed that sparsity will arise at the prediction stage. Furthermore,
to determine which attention weights are close to zero, one first needs
to fully compute the matrix A. Additionally, this approach does not guarantee
obtaining exactly k non-zero elements and requires complex hyperparameter
tuning of the penalty to balance sparsity and quality. Forming a mask based
on near-zero elements requires applying a threshold function at the prediction
stage, which significantly differs from computing the attention mechanism
without a threshold function during training. Consequently, the distribution
of embeddings for the next layer may differ from the distribution during
training, which also negatively impacts model accuracy. Thus, using
l1-regularization can be considered as an auxiliary penalty but is not a suitable
solution for building token masks.

4. Defining the derivative of the top-k token-selection operation through
the extended “Gumbel-Softmax” mechanism. To overcome the described
limitations, a method was chosen that combines determinism of the output
set size (selecting exactly k tokens with the highest scores) with the possibility
of end-to-end differentiable training. Instead of independent evaluation of each
token, a categorical distribution over all tokens in the sequence is introduced.
This allows the selection task to be considered as sampling k elements without
replacement, where the selection probability depends on the computed token
significance score.

The fourth option was chosen as the main approach, namely defining
the derivative of the top-k token-selection operation through the extended
“Gumbel-Softmax” mechanism. It is important to note that during training
and prediction, the result of this operation does not differ, and consequently
does not reduce accuracy due to distribution shift for subsequent layers
at the prediction stage.
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4.2. Differentiable top-k selection via Gumbel-Softmax.
An auxiliary scoring network is introduced, which for each token xi predicts
an unnormalized logit µi. However, direct use of the argtop-k operation
is non-differentiable and does not allow training the scoring network
via gradient descent. To estimate the gradient, a continuous relaxation
via the Jacobian of the softmax operation is used.

During the forward pass at the prediction (inference) stage, a “hard”
selection of indices is applied to form the ordered set J , which allows
the physical discarding of unused tokens and reducing the complexity
of attention computation to O(n · k). For the backward pass during training,
a continuous approximation is used.

Let m be the mask of selected tokens obtained via the argtop-k
operation. This mask can be approximated using a probability vector π
(corresponding to a discrete probability distribution over tokens), obtained via
softmax with the temperature τ :

πi = GumbelSoftmaxi(µ) =
exp((µi + gi)/τ)∑n

j=1 exp((µj + gj)/τ)
, (3)

where gi is noise from a Gumbel distribution.
As τ → 0, the distribution π tends to a degenerate (discrete one-hot)

distribution, and at high values of τ , to a uniform one. This property allows
during training to smoothly transition from a near-uniform distribution at high
temperature to a hard distribution at low temperature, while preserving
the ability to compute the gradient of the loss functionwith respect to the scoring
network parameters∇θL.

Note that the classical Gumbel-Softmax approach allows randomly
selecting an element in accordance with a given probability distribution
by determining the index of the element with the maximum probability
value: argmaxπi. To form the mask m, it is necessary to select k
elements without replacement, so instead of argmax, argtop-k is used.
The approximation of the mask m by the probability vector π can be done
at best up to a multiplicative constant k, since

∑
i πi = 1,

∑
i mi = k.

The temperature should not be too close to zero, because otherwise
only one component of the vector π will be non-zero. With a correct
choice of the τ parameter for estimating partial derivatives of the mask
components mi with respect to logits µj , it is valid to use the derivatives
of the GumbelSoftmax function.
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Thus, the proposed architecture solves three key problems:
1. Ensuring constant performance (due to fixed subset size). Exactly k

tokens are always selected, ensuring predictable memory consumption
and computation time.

2. Training the model with gradient descent. Using Gumbel-Softmax
allows training the masking parameters jointly with the main model
in an end-to-end manner.

3. Linear complexity of mask generation. The importance evaluation
of key tokens occurs once for the entire attention layer in O(n), reducing
the overall computational complexity to O (n(k + 1)).

4.3. Token-Importance Scoring Network. A key component
of the architecture is the mechanism mapping each token embedding
xi ∈ Rd to a scalar score of its significance, called the scoring network ϕθ.
For parameterizing it, the following options were considered: self-attention
mechanism, convolutional neural networks, fully connected neural networks
with shared parameters.

The self-attention mechanism can be used as the scoring network ϕθ

as follows. Each token xi is assigned a number characterizing the relevance
of this token for processing the entire sequence. Accordingly, vectors
of dimension 1 are used as value vectors, which after linear combination
with attention weights (in the ϕθ model) form logits of relevance scores.
This option, besides the current token xi, considers the context of the entire
sequence and is the most general option, but requires computing an attention
matrix of size n× n, leading back to the original quadratic complexity O(n2)
and negating the performance gain. It is worth noting that for evaluating
the absolute relevance of tokens, a simplified attention mechanism can be used:
with a lower number of parameters or a linearized attention mechanism.
However, the computation time of the scoring function ϕθ in that case would
be comparable to computing themechanismwhose efficiencywe aim to improve,
negatively impacting performance.

The second option, convolutional neural networks, can allow considering
local context (neighboring tokens) through the application of a one-dimensional
convolution operation. This option has linear complexity O(n · w), where w
is the window width, but has two significant drawbacks. First, applying
convolutions, while allowing context consideration to some degree, has a fixed
window width, which can lead to significant differences in such scores
with minor permutations of sequence elements (where an element moves
out of the window), complicating training and increasing the risk of overfitting.
Second, applying convolution significantly limits the applicability to tasks
with a constant sampling step. In other words, the convolution operation
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is only applicable for analyzing sequences where the position of each element
is its index, whereas the attention mechanism is also applied to more general
tasks, such as analyzing time series with a variable sampling step. Positional
encoding can define the spatial arrangement of objects, which is not directly
related to token index, making the application of convolution impossible
in this case.

The third option consists of using fully connected neural networks with
shared parameters to determine the relevance score logit for each token
individually. Namely, it was proposed to use a fully connected network
that processes each token independently:

µi = ϕθ(xi), (4)

where ϕθ is a classical fully connected neural network with a scalar output
whose parameters do not depend on the token index.

Note that since in a transformer containing multiple attention
layers, the vector xi at layer l is built considering context, i.e., aggregates
information from other tokens at previous layers 1, . . . , l − 1, additional
context consideration when applying the scoring network is not necessary.
At the same time, an element-wise applied small fully connected neural
network has minimal computational complexity, allowing mask generation
with insignificant overhead.

Also, the neural network does not require learning an additive constant
on the output, because the obtained logits µ = (µ1, . . . , µn) are subsequently
transformed into a discrete probability distribution π via Gumbel-Softmax,
which is invariant to shift.

4.4. Token-Reduced Self-Attention. After forming the ordered
set of indices J (where |J | = k), the attention operation must be performed.
The standard formula for the attention mechanism is defined as [1, 2]:

Attention(Q,K, V ) = softmax
(
QKT

√
d

)
V. (5)

In a naive implementation, simply zeroing (masking) unselected
elements by replacing corresponding components in theQKT matrix with−∞
does not lead to acceleration, because the matrix multiplication is still
performed for matrices with dimensions (n × d), (d × n). To achieve real
acceleration, the proposed method applies an index gathering operation
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(Gather). LetWQ,WK ,WV be the projection matrices of the attention layer
(without loss of generality, single-head attention is considered). Full queries
Q = XWQ are computed, but keys and values are computed only for the subset
of indices J :

K̂ = Gather(X, J)WK ∈ Rk×d, V̂ = Gather(X,J)WV ∈ Rk×d, (6)

where the index gathering operation Gather is defined as concatenation of row
vectors from the processed matrix with indices from the ordered set J :

Gather(X,J) = (xi)i∈J =

 xJ1

...
xJk

 . (7)

The attention scores matrix is computed as:

Ŝ =
QK̂T

√
d
∈ Rn×k. (8)

Note the dimensionality of the result: instead of a matrix of size
n × n, a matrix of size n × k is obtained. Under the condition k ≪ n,
the number of floating point operations (FLOPs) is reduced proportionally
to the compression ratio r = k/n. Attention weights are calculated via softmax
along the k dimension:

α̂ij =
exp(Sij)∑k

m=1 exp(Sim)
, where j ∈ {1, . . . , k}. (9)

The final result of the proposed attention mechanism is computed
analogously to the classical mechanism:

X̃ = ÂV̂ ∈ Rn×d. (10)

Thus, the computational complexity of the attention mechanism
is reduced from quadratic O(n2d) to linear relative to the sequence length:
O(nkd).
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4.5. Overall Model Architecture. The structure of the modified
transformer layer during training is illustrated in Fig. 3. The left part
of the scheme shows the modified attention block, where attention weights
are sparsified by a hard mask and then renormalized; the right part shows
the auxiliary block that generates this mask (scoring network followed
by the Gumbel-Softmax/ argtop-k procedure).

Fig. 3. Integration of the proposed model into the transformer architecture

In the mask-generation block (right part of Fig. 3), the input tokens
are passed independently through a neural network, resulting in a logit for each
token characterizing its significance. A softmax operation is applied to the logits
to obtain a probability distribution, based on which a set of token indices
(without replacement) of size k is generated.

At the prediction stage, the forward pass of each modified transformer
layer is summarized in Algorithm 1.

Thus, the asymptotic computational complexity of the entire model
at the prediction stage is reduced from O

(
n2

)
to O(nk).

Although the proposed method reduces the attention computation
from O(n2) to O(nk) in the selected part of the computation, the observed
end-to-end speedup is more moderate because attention is only one component
of total inference time. The measured runtime also includes the overhead
of mask generation, gather operations, and the remaining transformer
computations outside the attention score matrix.
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Algorithm 1 Prediction-stage forward pass of a modified transformer layer
Require: Token embeddings X = {x1, . . . ,xn}, subset size k, projections

WQ,WK ,WV , scoring network ϕθ

Ensure: Output embeddings X̃ ∈ Rn×d

1: µ← (ϕθ(xi))
n
i=1 ▷ Compute logits (token importance scores)

2: J ← argtopk(µ) ▷ Select keys/values and compute token-reduced
attention

3: Q← XWQ

4: K̂ ← Gather(X, J)WK

5: V̂ ← Gather(X,J)WV

6: Ŝ ← QK̂T

√
d

7: Â← softmax(Ŝ) ▷ Row-wise over k keys
8: return ÂV̂

To solve this problem, during training we compute the attention weights
using all n key-value pairs (thus keeping the standard O(n2) computation
for this step), and apply the hard maskm to the attention weights. Specifically,
based on the discrete probability distribution π computed via Gumbel-Softmax,
a “hard”maskm = (m1, . . . ,mn) is constructed such thatmi = 1⇐⇒ i ∈ J .
Then the attentionweights of the basemechanism are sparsified by element-wise
multiplication with the mask followed by renormalization, so that non-relevant
tokens receive strictly zero weights:

α̃ij =
αij ·mj∑n
g=1 αig ·mg

, Ã = (α̃ij) ∈ Rn×n. (11)

The result after multiplication by the value matrix will be completely
equivalent to the result with the Gather(X, J) operation:

ÃV = ÂV̂ ∈ Rn×d, (12)

since for each individual row it holds that:

α̃iV =
n∑

j=1

αij ·mj∑n
g=1 αig ·mg

vj =
∑
j∈J

α̂ijvj = α̂iV̂ . (13)
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Thus, this mechanism is an alternative implementation of the scheme
used at the prediction stage, but the result functionally depends on the vector
m. Consequently, using automatic differentiation, derivatives with respect
to the components of vector m can be calculated, which in turn depends
on Gumbel-Softmax that takes the logit vector µ as input, depending
on the parameters of the scoring network θ. Using the previously discussed
method for defining the derivative of the operation generating the mask m
and the automatic differentiation algorithm, partial derivatives of the loss
function with respect to parameters θ are calculated.

At the training stage, the forward pass of each modified transformer
layer is summarized in Algorithm 2.

During the backward pass at the training stage, all the same steps
are used (in reverse order), except for step 2, where instead of the derivatives
of the argtop-k operation, derivatives of the Gumbel-Softmax function
with the same Gumbel noise as in the forward pass are used.

There is a complete correspondence between the presented training
and prediction schemes from the perspective of computation results,
due to the equivalence shown above of the attention mechanisms based
on the non-differentiable operation Gather(X, J) and the differentiable
multiplication of attention weights by the mask (whose derivatives with respect
to parameters are defined using the Gumbel-Softmax technique). Consequently,
when applying the developed method to new data from the same distribution
as the training data, the model’s accuracy will at least not decrease
due to a mismatch between training and prediction operations. At the same
time, from a computational point of view, the proposed training scheme
is less efficient. However, it is important to note the properties of this scheme
that allow for more efficient training. First, for layers where the training
of the auxiliary networks can be considered complete (no significant
parameter updates occur), the forward pass procedure of the training stage
can be replaced by the non-trainable but equivalent procedure for the prediction
stage. Second, the proposed scheme with token relevance scoring does not
explicitly take positional information into account, making it possible to train
auxiliary networks only on short sequences where quadratic computational
complexity is not critical, and to apply the efficient non-trainable procedure
on long sequences.
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Algorithm 2 Training-stage forward pass of a modified transformer layer
Require: Token embeddings X = {x1, . . . ,xn}, subset size k, temperature

τ , projectionsWQ,WK ,WV , scoring network ϕθ

Ensure: Output embeddings X̃ ∈ Rn×d

1: µ← (ϕθ(xi))
n
i=1 ▷ Compute logits (token importance scores)

2: g ∼ Gumbeln(0, 1)
3: π ← softmax ((µ+ g)/τ)
4: J ← argtopk(µ)
5: m← (I[j ∈ J ])

n
j=1 + π.detach()− π ▷ Backward pass uses the

Jacobian of π
6: Q← XWQ,K ← XWK , V ← XWV ▷ Any attention, e.g. SDPA

7: S ← QKT

√
d

8: A← softmax(S) ▷ Row-wise over n keys
9: for i← 1 to n do

10: α̃i ←
αi ⊙m

(αi ⊙m)
T
1

▷ Apply mask and renormalize

11: end for
12: return ÃV

Thus, the developed method significantly reduces the asymptotic
computational complexity of the algorithm from O

(
n2

)
to O(nk), where k

is a tunable hyperparameter, for an arbitrary base attention mechanism,
by selecting the most relevant tokens. The selection is performed using
a trainable small scoring neural network, the application of which
has complexity O(n) and does not require significant additional computation.
This approach can be applied to improve efficiency both at the prediction
stage and at the training stage, provided that suitable parameters are defined
for the scoring neural network.

5. Experiments. In numerical experiments, our hypotheses
are validated by considering the DistilBERT model [30] and its modified
variants, including the addition of random and trainable masks to the attention
mechanisms. In contrast to trainable masks derived in accordance
with the proposed method, the random mask is based on the uniform
random selection of k tokens from n ones, i.e., subset J is randomly formed.
The random mask model does not require additional training time, since
it does not compute the probability distribution π for selecting k tokens.
It is used in experiments in order to illustrate a difference between models
and outperformance of the proposed model.
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The base model is a pre-trained DistilBERT1, fine-tuned on a selected
dataset for classification.

For the trainable mask, the overall training procedure consists
of two stages. First, the base transformer is fine-tuned on the selected
downstream dataset. Second, the parameters of the fine-tuned transformer
are frozen, and further optimization is performed exclusively for the lightweight
fully connected scoring network. For the random mask, no additional model
training is conducted. Therefore, the additional training cost introduced
by the proposed method is limited to the second stage rather than requiring
retraining of the full backbone.

For reproducibility, we note that the experiments follow this two-stage
training procedure throughout. The Adam optimizer with an initial
learning rate of 10−5 and a linear scheduler is used for the second stage,
and the Gumbel-Softmax temperature parameter is set to 10. The reported
results correspond to the stated experimental setup without repeated-run
variance estimates.

To compare the proposed models, four datasets from the sentiment
analysis domain are selected. All datasets are obtained using
the Hugging Face library.

The IMDb dataset [31] contains data for movie review classification
(positive/negative). It includes 25,000 examples for training and 25,000
for testing. The average sentence length is 230 tokens. The dataset has an equal
number of examples for each class.

The SST-2 dataset [32] contains data for sentiment analysis of sentences
(positive/negative sentiment) based on the dependency tree annotations.
It includes both complete sentences and their parts. There are 67,349 examples
for training and 1,821 for testing. The average sentence length is 10-20 tokens.

The Rotten Tomatoes dataset [33] contains data for classifying movie
reviews (positive/negative). It differs from IMDb in its more “professional”
evaluations, use of cinema-specific vocabulary, and complex mixed reviews.
There are 8,530 examples for training and 1,066 for testing. The average
sentence length is 20-30 tokens.

The Yelp Polarity dataset [34] includes data for classifying reviews
on the Yelp platform. Reviews with 1-2 stars are considered negative, and those
with 4-5 stars are positive. Examples in the dataset were filtered to increase
the average sentence length. Only sentences with lengths between 300 and 512
words were retained. The filtered dataset contains 64,445 examples for training
and 4,340 for testing. The average sentence length increased to 382 tokens.

1From the Hugging Face Transformers library https://huggingface.co/docs/transformers/
model_doc/distilbert
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Results of numerical experimentswith the above datasets are represented
in Table 1, where three models are compared: the original DistilBERT,
the DistilBERT with the random mask, and the DistilBERT with the trainable
mask. For every model, we provide the mean time of processing the whole
test set and the ROC AUC metric. The mask size is changed from 40% to 90%
of the sentence length.

Table 1. Comparison results by using ROC AUC metric and runtime for models:
DistilBERT and two proposed modifications with the trainable mask (TM) and the

random mask (RM) of various sizes. All 6 layers are replaced
Dataset Mask DistilBERT DistilBERT+RM DistilBERT+TM

size Time ROC AUC Time ROC AUC Time ROC AUC
0.4

45.36 0.979

40.16 0.9414 40.58 0.9666
0.5 41.24 0.9563 41.37 0.9734

IMDb 0.6 42.35 0.9658 42.63 0.9762
0.7 43.79 0.9715 43.84 0.9772
0.8 44.78 0.9754 45.11 0.9777
0.9 46.05 0.9779 46.15 0.9779
0.4

0.560 0.966

0.511 0.8454 0.533 0.8982
0.5 0.537 0.8722 0.537 0.9139

SST-2 0.6 0.561 0.9082 0.551 0.9294
0.7 0.566 0.9308 0.552 0.9550
0.8 0.573 0.9493 0.556 0.9506
0.9 0.577 0.9594 0.557 0.9638
0.4

0.698 0.924

0.638 0.8011 0.622 0.8386
0.5 0.647 0.8423 0.634 0.7927

Rotten 0.6 0.6567 0.8761 0.634 0.8814
Tomatoes 0.7 0.6654 0.8890 0.647 0.8961

0.8 0.6814 0.9063 0.657 0.9239
0.9 0.6846 0.9179 0.671 0.9241
0.4

21.19 0.992

18.155 0.9722 18.491 0.9795
0.5 18.692 0.9787 18.970 0.9882

Yelp 0.6 19.121 0.9839 19.449 0.9901
Polarity 0.7 19.649 0.9874 19.736 0.9912

0.8 20.324 0.9894 20.100 0.9906
0.9 21.012 0.9911 20.705 0.9915

Table 1 shows that as the mask size decreases, the performance gap
between the trainable mask and random mask models widens significantly.
For instance, on the SST-2 dataset with a mask size of 0.4, the trainable
mask model achieves a ROC AUC of 0.8982, a substantial 5.3% absolute
improvement over the random mask model (0.8454). This demonstrates
that at high levels of sparsity, intelligent, learned selection becomes paramount.
The trainable mask model effectively identifies and retains the most salient
tokens for sentiment classification, while random removal severely degrades
model reasoning. The fact that the trainable mask model nearly matches
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the performance of the full DistilBERT model on the lengthy Yelp Polarity
reviews with a mask size of just 0.5 (ROC AUC of 0.9882 vs. 0.9923)
is particularly noteworthy, highlighting the method’s strength in processing
long-form content.

Fig. 4 illustrates the mask training process on the IMDb dataset.
The graph illustrates the change in the loss function on the training and test
sets, as well as the loss function value on the test set for the random mask.
Hyperparameters: 6 layers are replaced, mask size is 60% of the maximum
sentence length, a small neural network is used. The graph illustrates
that training is performed correctly, and over time, the loss function value
for the trainablemask becomes lower than the loss function for the randommask.
The analysis of training dynamics also confirms the stability and effectiveness
of the proposed learning procedure. The loss for the trainable mask model
decreases steadily on both training and test sets, eventually falling below
the constant loss value of the random mask.

Fig. 5 shows the dependence of the ROC AUC metric on the number
of replaced layers for various mask sizes on the IMDb dataset for models
with random and trainable masks.

Analysis of the graph illustrates that when using the trainable mask,
the ROC AUC value remains almost unchanged regardless of the number
of replaced layers, with fluctuations within 1%. In contrast, for the random
mask, a significant decrease in ROCAUC is observed as the number of modified
layers increases.

Fig. 4. Illustration of the mask training process using the IMDb dataset
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Fig. 5. Dependence of ROC-AUC metric on the number of replaced layers for random
(the left graph) and trainable (the right graph) masks. The dataset IMDb is used

Figs. 6-11 display the dependence of the ROC AUC metric
on the inference time compared to the unmodified original model for the IMDb
and Yelp Polarity datasets. Fig. 6 shows results of experiments for the IMDb
dataset conducted with a fixed mask size of 50% of the maximum
sentence length. Attention layers are replaced starting from the first layer.
For comparison purposes, Figs. 7-8 illustrates results of the same experiments
when the fixed mask sizes are 40% (the left graph) and 60% (the right graph).
The same experiments for the Yelp Polarity dataset are illustrated in Figs. 9-11.

The presented graphs demonstrate the balance between speed
and prediction quality when using random and trainable masks. The results
indicate that at comparable acceleration levels, the model with the trainable
mask maintains significantly higher ROC AUC values compared to the random
mask. Specifically, when all layers are replaced:

– The metric deviation does not exceed 1% from the original model
for the trainable mask and 3% for the random mask;

– Time savings are achieved: 8% for the dataset IMDb and over 10%
for the dataset Yelp Polarity.

The difference in acceleration is explained by the fact that the dataset
Yelp Polarity contains longer sentences due to pre-filtering.

Additionally, the graphs illustrate increasing divergence in quality
between the two mask types as the number of replaced layers grows: the ROC
AUC gap progressively widens in favor of the trainable approach.
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Fig. 6. Differences between the original model and its mask-modified variants with
different numbers of replaced layers for the dataset IMDb by two parameters: reduction

of ROC-AUC and achieved runtime reduction. The mask size is 0.5.

Fig. 7. Differences between the original model and its mask-modified variants with
different numbers of replaced layers for the dataset IMDb by two parameters: reduction

of ROC-AUC and achieved runtime reduction. The mask size is 0.4
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Fig. 8. Differences between the original model and its mask-modified variants with
different numbers of replaced layers for the dataset IMDb by two parameters: reduction

of ROC-AUC and achieved runtime reduction. The mask sizes is 0.6

Fig. 9. Differences between the original model and its mask-modified variants with
different numbers of replaced layers for the dataset Yelp Polarity by two parameters:

reduction of ROC-AUC and achieved runtime reduction. The mask size is 0.5
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Fig. 10. Differences between the original model and its mask-modified variants with
different numbers of replaced layers for the dataset Yelp Polarity by two parameters:

reduction of ROC-AUC and achieved runtime reduction. The mask sizes is 0.4

Fig. 11. Differences between the original model and its mask-modified variants with
different numbers of replaced layers for the dataset Yelp Polarity by two parameters:
reduction of ROC-AUC and achieved runtime reduction. The mask sizes are 0.6
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Fig. 12 shows the softmax values calculated by the neural network
for tokens from an example in the IMDb dataset. Only the first layer
of the transformer architecture was modified in the experiment. As illustrated,
the model correctly identifies significant tokens: adjectives expressing
emotional tone receive the highest softmax values. With a mask size of 0.4,
the selected key tokens are: “amazing”, “brilliant”, “capt”, “ivating”, “[SEP]”.

Fig. 12. Softmax values for tokens from an example in the IMDb dataset

Fig. 13 shows the dependence of classification accuracy on the number
of tokens for the IMDb dataset. The mask size is 60%, corresponding
to approximately 307 tokens. The graph illustrates that the number of tokens
does not affect classification quality. This indicates that the model retains
important information from sentences needed to determine review sentiment.

Fig. 13. Dependence of the classification accuracy on the number of tokens for dataset
IMDb
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In order to study different FCNs generating logits, we compare
the following structures:

1. Linear (no hidden layers): consists of input and output layers with 768
and 1 parameters, respectively.

2. Medium: the number of hidden layers is 2; the number of parameters
per hidden layer is 64.

3. Large: the number of hidden layers is 2; the number of parameters
per hidden layer: 768.

The comparison shows that the medium version of the neural network
is the optimal choice: it is less prone to overfitting than the Large version
and outperforms the Linear model in accuracy. The comparison results
are shown in Fig. 14, where the ROC AUC metric on the test set is measured
for different values of themask size. The analysis of training dynamics in Fig. 14
confirms the stability and effectiveness of the proposed learning procedure.

Fig. 14. Comparison of different FCNs using the dataset IMDb with the number
of replaced layers equal to 6

The numerical experiments provides compelling evidence of the efficacy
and advantages of our proposed differentiable mask learning approach.
The consistent outperformance of the trainable mask over the random
mask across all datasets and mask sizes underscores a critical finding:
the reduction in computational cost achieved through token-selection need

____________________________________________________________________

1347

ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

Informatics and Automation. 2026. Vol. 25 No. 5. ISSN 2713-3192 (print) 
ISSN 2713-3206 (online) www.ia.spcras.ru



not come at the expense of model accuracy, provided the selection is learned
and optimized for the task.

6. Conclusion and Future Work. In this work, we proposed
a differentiable token-selection mechanism for optimizing the self-attention
computation in transformer models. The method introduces a lightweight
auxiliary scoring network that learns to identify and select the most informative
tokens via a Gumbel-Softmax-based relaxation, enabling hard token pruning
while preserving differentiable training of the scoring module. By reducing
the effective sequence length processed by attention layers, the proposed
approach reduces the effective attention cost at inference time in the setting
considered without modifying the underlying attention formulation.

A key advantage of the proposed method is that it is formulated
as a plug-in token-selection module for an already trained transformer
backbone. In the experimental setting considered here, the method is added
to a pretrained model and optimized through an additional lightweight training
stage for the scoring network, without redesigning the backbone architecture
from scratch. The resulting attention mechanism achieves a controllable
trade-off between computational efficiency and predictive performance through
a single tunable parameter governing the number of selected tokens.

The experimental results indicate that the proposed method effectively
reduces computational overhead while maintaining competitive performance
in the considered setting. Across all datasets, the learned token-selection
consistently outperformed random masking strategies, achieving an 8–12%
reduction in inference time while preserving most of the baseline quality.
The benefitswere particularly pronounced for long sequences,where themethod
preserved high accuracy even when attending to only half of the input
tokens. Moreover, the learned masks showed qualitatively interpretable
behavior in the presented examples, often prioritizing semantically meaningful
and sentiment-bearing tokens.

The present study has several limitations. First, the empirical
evaluation is limited to DistilBERT and sentiment-classification benchmarks.
Second, the paper focuses on comparison with the original backbone
and with a random-mask baseline, because the main goal is to isolate
the effect of the proposed plug-in module rather than to benchmark
alternative transformer architectures. Third, repeated-run variance estimates
are not included in the current experimental protocol. These limitations should
be kept in mind when interpreting the scope of the reported results.

Overall, the results indicate that adaptive, learned token-selection
provides a practical mechanism for reducing the effective attention cost
at inference time in the considered experimental setting. Broader validation
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on larger backbones and additional task families remains future work. Future
work will also explore the interaction of the proposed method with alternative
efficient-attention formulations, adaptive selection of the number of retained
tokens, and richer context-aware scoring mechanisms.
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А.В. КОНСТАНТИНОВ, Л.В. УТКИН, С.П ХОМЕЦ
ПОДХОД НА ОСНОВЕ ОПЕРАЦИИ GUMBEL-SOFTMAX ДЛЯ 

ОТБОРА ЗНАЧИМЫХ ТОКЕНОВ В МЕХАНИЗМЕ 
САМОВНИМАНИЯ

Константинов А.В., Уткин Л. В., Хомец С.П.Подход на основе операции Gumbel-Softmax
для отбора значимых токенов в механизме самовнимания.

Аннотация. Квадратичная вычислительная сложность механизма самовнимания
в трансформерах остается существенным узким местом для эффективной обработки
длинных последовательностей. В данной статье представлен метод снижения
вычислительных затрат на использование механизма внимания с помощью
дифференцируемого обучения масок, обеспечивающий динамический, зависящий
от входных данных отбор токенов и при этом сохраняющий способность модели улавливать
глобальную контекстную информацию. Предложенный подход не накладывает каких-либо
конкретных архитектурных ограничений и может быть интегрирован в существующие
модели трансформеров с минимальными изменениями. В отличие от существующих
методов разреженного или приближенного внимания, предложенный подход обучается
специфичным для задачи маскам отбора токенов полностью дифференцируемым
образом, без наложения предопределенных шаблонов разреженности или архитектурных
ограничений. Наш подход использует механизм на основе Gumbel-Softmax для обучения
масок выбора токенов в сквозном режиме, предлагая решение, которое сокращает время
вывода, сохраняя при этом точность модели. Эксперименты на четырех эталонных наборах
данных, предназначенных для анализа настроения, показывают, что предложенный метод
обеспечивает сокращение времени вывода на 8-12% при относительном снижении точности
менее чем на 1% по сравнению с базовыми моделями. Обучаемые маски поддаются
интерпретации, последовательно отдают приоритет токенам, содержащим эмоциональную
окраску, и поддерживают эффективный, масштабируемый вывод с помощью трансформеров.

Ключевые слова: трансформер, самовнимание, Gumbel-Softmax, выбор токенов,
дифференцируемая маска.
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