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The growing demand for both large-scale machine learning applications and AI
models on embedded devices has created a need to miniaturize neural networks.
A common approach is to discretize weights and activations, reducing memory
footprint and computational cost. Many existing methods, however, rely on heuristic
gradients or post-training quantization. Probabilistic approaches allow networks
with discrete parameters and activations to be trained directly without such heuris-
tics, yet their application to recurrent neural networks remains underexplored. In
this work, we analyze several probabilistic training algorithms previously studied on
feed-forward and convolutional networks, and demonstrate that the reparametriza-
tion trick can be effectively applied to LSTM networks with discrete weights. We
investigate the effect of using step functions for individual LSTM gates, finding that
binarizing the candidate and output gate can maintain performance, whereas bina-
rizing the input gate severely degrades it. We show that probabilistic training pose a
valuable alternative to quantization-aware training. Comparisons with continuous
LSTMs paint a nuanced picture: in some cases, discrete valued networks match the
results of continuous ones, while in others, discretization leads to a performance
decline.

1. Introduction
Neural networks underpin many of today’s most capable systems, from large-scale language models
to medical and financial decision tools. While these models have achieved remarkable performance,
they typically rely on energy-intensive data centers for both training and inference. In parallel,
there is a growing demand for intelligent systems that operate on resource-constrained hardware
such as mobile or embedded devices. These platforms cannot provide the same computational or
energy budgets as large-scale infrastructure, motivating research into more efficient algorithms and
hardware co-design. This growing demand has sparked renewed interest in methods that trade off
accuracy, energy, and computational cost in a principled way.

A promising approach is to discretize the weights and activation functions of a network [1, 2],
creating something we will refer to as discrete network. Binary or ternary networks dramatically
reduce memory footprint and computational cost, as forward passes require far fewer operations.
However, standard gradient-based training methods fail when weights or activations are discrete,
since the gradients are either zero or undefined. To address this, Bengio et al. [3] have proposed a
heuristic approach called the straight-through estimator (STE), which backpropagates gradients
through discrete nodes using continuous approximations. Applying the STE concept to networks
with discrete weights is called quantization-aware training (QAT). While effective in practice, these
heuristics lack a rigorous theoretical foundation, making it difficult to guarantee convergence or to
analyze their behavior formally.

Probabilistic training methods, including variational inference and the reparametrization trick [4], al-
low principled gradient updates even for discrete networks, and have been extended with techniques
like the local reparametrization trick [5] and Gumbel-Softmax approximation [6]. However, apply-
ing these methods to recurrent networks introduces additional challenges. Recurrent connections
involve shared weights across timesteps, long-term dependencies, and complex gradient interactions.
However, probabilistic training of discrete recurrent networks remains largely unexplored, despite
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the growing interest in energy-efficient sequential models. This gap motivates our work: we system-
atically evaluate probabilistic and non-probabilistic strategies for training discrete long-short term
memory (LSTM) networks and identify the design choices that most strongly impact performance.
We further provide guidance for effectively training discrete LSTMs, reducing the memory footprint
while minimizing loss in performance.

2. Related work
Resource-efficient deep learning methods Research has explored compressing and accelerating
neural networks for deployment on resource-constrained devices. Popular techniques include
pruning [7], knowledge distillation [8], and weight discretization [1, 9].

Heuristic gradients for discrete networks The straight-through estimator [3, 10] allows gradient
propagation through discrete nodes using continuous approximations. This allows for QAT by
keeping high-precision weights, applying discrete quantization during the forward pass and using
surrogate gradients for the quantizers. Multiple variants of this approach have been proposed,
including BinaryConnect [1] and WAGE [11], which rely on STE-based approximations to train
networks with discrete weights, activations, or fully integer representations.

Probabilistic methods Probabilistic training treats weights as random variables and learns their
posterior distributions. Two common approaches are: Markov Chain Monte Carlo [12], which
approximates the posterior through sampling, and variational inference [13], where one learns
a simplified posterior. Variational approaches were made popular for neural networks with the
reparametrization trick [4], local reparametrization trick [5], and differentiable relaxations such as
the Gumbel-Softmax trick [6, 14, 15]. Details will be presented below.

Probabilistic and discrete recurrent neural networks Training discrete recurrent neural networks
(RNNs) using probabilistic methods remains largely unexplored. Fortunato et al. [16] investigated
recurrent networks trained with variational inference, and Hajiramezanali et al. [17] extended
similar ideas to graph neural networks. However, to our knowledge, no prior work has examined
probabilistic training of discrete recurrent networks. A notable exception is Konrad [18], who
analyzed the discretization of GRU gates using variational inference, however, they did not consider
discrete weights.

3. Methodology
We consider supervised classification tasks, where we are given a dataset D = {(xi, ti)}Ni=1 of
input-target pairs and aim to model the relationship between inputs and targets. Formally, we are
interested in the conditional distribution p(t | x), which we approximate with a neural network
f̂W(x) parametrized by weights W . By defining a model f̂W(·) and a loss function L(W;D) that
measures the discrepancy between the network predictions and the observed targets, we can turn
supervised classification into an optimization problem: Finding the weightsW that minimize this
loss, we obtain a function f̂W(·)which serves as an approximation to the unknown mapping.

In practice, neural networks are trained using gradient-based optimization: starting from random
initial weightsW , these weights are iteratively updated using the gradient of the loss with respect to
the weights, ∂WL(W,D). However, such methods fail when the network contains discrete weights
W or discrete activation functions, since the gradient is either zero or undefined, and thus provides
no useful information for learning. Numerous methods have been proposed to address this issue,
among which QAT has emerged as the most popular. QAT keeps continuous valued weights in
the background which are discretized in the forward-pass, while in the backward-pass the non-
differentiable quantizer is replaced by a surrogate partial derivative. We are specifically interested
in binary w ∈ Dw = {−1, 1} and ternary weights w ∈ Dw = {−1, 0, 1}, as well as using the binary
activation functions. By binary activation function we mean either the sign or the step function. At
such strong discretizations it is unclear whether the surrogate gradient provided by QAT allows
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for a stable convergence to the minimum. To this end, we are interested in analyzing probabilistic
training algorithms which provide a principled gradient.

3.1. Probabilistic description

Instead of selecting a single deterministic function f̂(·) ∈ {f̂W}W , we aim to infer a distribution over
functions p(f̂(·)) such that

Ef̂∼p(f̂(·))[f̂(x)] ≈ p(t | x).

Introducing the datasetD, and treating the network parametersW as randomvariables, the predictive
distribution can be written as

p(t | x,D) =

∫
W

p(t | x,W) p(W | D) dW = EW∼p(W|D)

[
p(t | x,W)

]
, (1)

provided that weights W are sufficient statistics. For simplicity, we present formulas for continuous
weights; in the discrete case, the integral is replaced by a sum. Equation 1 provides an equivalent
formulation of the expectation over functions. The term p(t | x,W) corresponds to the output of
a network with parameters W and remains fixed during training, while p(W | D) is the posterior
distribution determined from data.

3.2. Approximating the predictive distribution

Direct computation of Equation 1 is generally intractable. A standard approximation is Monte Carlo
integration: sampleW(s) ∼ p(W | D)multiple times, compute their predictions and average them.
By estimating with a single sample we get

f̂W(s)(x) ≈ EW∼p(W|D)

[
p(t | x,W)

]
.

This connects deterministic network predictions to the probabilistic formulation. This means that
when we know the posterior p(W | D) over categorically distributed weights, we can either sample
from it or take the maximum a posteriori (MAP) estimate to obtain a deterministic discrete network.
Thus, we now need to turn our attention to how we can obtain the posterior over categorically
distributed weights.

3.3. The posterior p(W | D)

By Bayes’ theorem, the posterior can be expressed as

p(W | D) =
p(D | W) p(W)

p(D)
, (2)

where p(D | W) is the likelihood, p(W) the prior, and p(D) the model evidence. The evidence is con-
stant with respect toW and can be ignored. The prior encodes beliefs about weights before observing
data, acting as a regularizer analogous to weight decay, and can enforce structural constraints. For
instance, with ternary weights DW = {−1, 0, 1}, the prior can encourage sparsity by favoring 0.

Assuming independent samples, ignoring p(x), and modeling p(t | x,W) with a categorical distribu-
tion, the likelihood becomes

p(D | W) ∝
N∏

n=1

C∏
c=1

f̂W(xn)
1{tn=c}
c ,

where 1{tn=c} is the indicator function applied to target tn and class index c, and f̂W(xn)c denotes
the cth output of the network for sample n. Learning the posterior via Equation 2 is termed Bayesian
inference and is intractable for multi-layer networks.
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3.4. Variational inference
Variational inference (VI) is an approximation of Bayesian inference. In VI we fix the posterior to a
simplified structure q(W | ν), where ν are the variational parameters that define this distribution.
We adopt the mean-field assumption that all weights are mutually independent. For continuous
weights we use the Gaussian distribution

q(W | ν) =
∏

w∈W
N (w | νw) =

∏
w∈W

N (w | µw, σ
2
w),

where νw = {µw, logσ2
w} are the mean and the log variance parameters. We model discrete weights

w ∈ W using a categorical distribution,

q(W | ν) =
∏

w∈W
Cat(pw | νw),

where νw are the unnormalized logits that parameterize the probability masses pw = softmax(νw).

We aim to learn the approximate posterior q(W | ν) by adjusting ν such that it is as close as possible
to the true posterior p(W | D). This is achieved by minimizing the Kullback–Leibler divergence
between them, leading to the loss function known as the variational free energy (VFE):

F(ν,D) = KL(q(W | ν) ∥ p(W))︸ ︷︷ ︸
LC

+EW∼q(W|ν)[− log p(D | W)]︸ ︷︷ ︸
LE

.

We refer to LC as the complexity loss and to LE as the expected negative log-likelihood. Analogous to
deterministic learning, we iteratively update the parameters ν using the gradient ∇νF(ν,D). While
∇νLC can be computed analytically, the gradient of the expected term ∇νLE must be estimated.

3.5. Estimating the gradient of the expected negative log-likelihood
There exist several approaches to estimate ∇νLE . In practice most methods rewrite the gradient of
an expectation as an expectation of a gradient and approximate this expectation by Monte Carlo
integration. Examples of unbiased but high-variance estimators are REINFORCE [19] and the ARM
algorithm [20]; their variance typically impedes convergence in neural networks, rendering them
impractical in many settings.

We focus on the reparametrization- [4] and the local reparametrization trick [5], which we refer to as
r-trick and lr-trick, respectively. The r-trick relies on rewriting the sampling operation W ∼ q(W | ν)
as a deterministic transformation

W = g̃(ν, ϵ),

with ϵ drawn from a fixed base distribution. We call g̃(·, ·) a reparametrization. This permits pushing
the gradient inside the expectation:

∇νEW∼q(W|ν)
[
− log p(D | W)

]
= Eϵ

[
−∂ log p(D | g̃(ν, ϵ))

∂g̃(ν, ϵ)

∂g̃(ν, ϵ)

∂ν

]
. (3)

For discrete random variables we employ the Gumbel–Softmax relaxation [6], a differentiable
but biased reparameterization of the categorical distribution. The STE can be combined with this
relaxation to perform exact discrete sampling in the forward pass while using the continuous
surrogate in the backward pass. The Gumbel-Softmax trick approximates the argmax function with
the softmax, which comes with a hyperparameter termed temperature τ . Through the temperature
τ we can control the bias–variance trade-off: as τ → 0 the relaxation approaches the true discrete
sample but the variance goes to∞ (bias ↓, variance ↑), whereas as τ → ∞ the relaxation becomes
overly smooth (variance ↓, bias ↑).

The lr-trick pushes the same idea to activations by expressing their distribution as a transformation
of random weights and sampling the activations directly via reparameterization. When weights are
Gaussian, the induced activations are also Gaussian and their moments can be computed analytically.
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Shayer et al. [21] generalized this argument to discrete weights using the generalized Central Limit
Theorem, which motivates approximating the sum of many independent discrete variables by a
Gaussian. They empirically showed that the Gaussian approximation is often weak but can be
improved by penalizing low weight entropy.

A key limitation of the lr-trick is the assumption that summands are statistically independent. Weight
sharing (on which recurrent networks rely) violates this assumption and introduces additional
correlations that bias the gradient estimate. Crucially, the two sources of bias — discreteness and
shared weights — depend on weight entropy in opposite ways: increasing entropy tends to reduce
the bias arising from discrete (non-Gaussian) weights, but it can amplify the bias induced by shared
weights. Consequently, for discrete recurrent networks the lr-trick exhibits a compound, hard-to-
characterize bias; entropy-penalization can partially mitigate one source of bias but may worsen the
other, so applying the lr-trick in such models requires caution. The lr-trick has substantially lower
variance than the r-trick, however, due to the lack of control over the bias in the setting of discrete
recurrent neural networks, the lr-trick loses it’s dominance over the r-trick.

3.6. Scaling activations
When using binary or ternary weights, the resulting activations can become large enough to saturate
the logistic sigmoid or hyperbolic tangent functions. To stabilize training for QAT, r-trick and lr-trick,
we introduce a scaling factor for each gate, which scales the activations. These scaling factors are
jointly learned with the network weights. Note, that this scaling is mathematically equivalent to
scaling the corresponding binary or ternary weight values [22].

4. Datasets
We evaluate our probabilistic methods for discrete LSTMs on four benchmark datasets: the MNIST
pen-stroke digits (MNIST) dataset [23], the Australian Sign Language (Auslan) dataset [24], the
UCI Human Activity Recognition (UCIHAR) dataset [25], and the Epileptic Seizure Recognition
(Epileptic) dataset [26].

For MNIST, we subsample 10,000 training, 2,000 validation, and 2,000 test examples to reduce com-
putational cost while preserving the dataset’s diversity. In the Auslan dataset, sequences longer
than 70 time steps are discarded, as only a small fraction exceed this length; this reduces unneces-
sary padding and limits the maximum sequence length for efficient processing. All datasets are
normalized to have zero mean and unit variance along each feature dimension.

5. Experiments
All experiments are conducted using networks with two LSTM layers followed by a fully connected
output layer. We use an adaptation of the LSTM cell that combines the input and forget gates as
f = 1 − i. The number of hidden units per layer was determined via architecture search on a
continuous LSTM baseline. Details are in Appendix A. Discretizing these networks yields low-
complexity models, and therefore additional regularization did not provide improvements. To this
end, we omit the complexity loss LC in our experiments. Weights W and distribution parameters ν
are updated using the Adam optimizer. All biases remain continuous. Categorical parameters are
initialized using a Dirichlet process, where each component of the concentration parameter is set to
1.

We evaluate network performance using two discretization-based metrics. In the sample metric, each
network is sampled five times and their mean accuracy is reported, whereas in the MAP metric, the
maximum a posteriori of the network is used. We employ post-training early stopping: the networks
are trained sufficiently long, and the test set metric is reported at the epoch corresponding to the
highest value of the respective validationmetric. Each experiment is repeated over three independent
trials.
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5.1. LSTM gate discretization
To systematically assess the effects of gate discretization in LSTMs, we first conduct an ablation
study using QAT. We consider ternary weights and discretize different subsets of gate activations
within each LSTM cell at varying discretization levels (2, 3, 4, and 8). All other activations remain
continuous. The resulting performance is displayed in Figure 1.

Figure 1: Accuracies on MNIST test set of LSTM networks with ternary weights when discretizing
different subsets of gate activations. The x-axis shows which gates were discretized, where c is the
input-, o the output- and c the candidate gate. For example, o+i means the output- and input gate
were discretized. We further varied the discretization level, from just 2 levels (binary activation
function) up to 8.

The experiment reveals a hierarchy in gate importance. Discretizing the candidate and output gate
results in the smallest degradation in performance, whereas discretizing the input gate leads to the
largest. When all gates are discretized using binary gates, the performance drop becomes substantial.
Consequently, for a final comparison we restrict gate binarization to the candidate and output gates
while keeping a continuous input gate activation, as this configuration minimizes the loss in accuracy.
Notably, the adverse effects of discretization can be mitigated by introducing multiple discretization
levels.

5.2. Analyzing temperature τ in Gumbel-Softmax
We next conduct an ablation study onMNIST to assess the interaction between the reparametrization
trick (r-trick), the STE, and the Gumbel-Softmax temperature τ . Both binary w ∈ Dw = {−1, 1} and
ternary w ∈ Dw = {−1, 0, 1}weights are considered. For each weight type, we vary τ to analyze its
effect on convergence with and without STE. Recall, that STE means that we do exact sampling in
the forward-pass and use Gumbel-Softmax only in backward-pass. The networks are discretized
using the MAP. Figure 2 shows the resulting accuracies on the test set.

Recall that a low temperature τ yields gradient estimates with low bias but high variance. While
high variance affects convergence speed, it should not degrade the final performance. Because our
optimizer employs moment-based updates, the variance primarily reduces the update magnitude
rather than altering its direction. Consequently, the results align with our expectation that LSTMs
can achieve high accuracy even at low temperature τ .

In contrast, when no STE is used, a high temperature τ introduces substantial bias in the forward
pass, causing gradients to be evaluated at incorrect points and hindering convergence. With STE, the
bias appears only during backpropagation and affects just the partial derivative of the corresponding
weight, making the estimator markedly more robust to temperature variations.

Moreover, LSTM performance appears more sensitive to τ when binary weights are used, a pattern
observed both with and without the STE. Overall, the experiment indicates that the STE should be
preferred: it exhibits no observable downside and provides strong robustness to τ . In all subsequent
experiments, we therefore set τ = 1 and employ Gumbel–Softmax in combination with STE.
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Figure 2: Accuracy on MNIST test set of discrete LSTM networks as a function of Gumbel-Softmax
temperature τ . The networks were trained with reparametrization trick, both with and without
STE, and then discretized using the MAP weights. Note, that without STEmeans that we apply the
Gumbel-Softmax trick in the forward- and backward-pass. In contrast, with STEmeans that we do
exact sampling in the forward-pass and only apply Gumbel-Softmax trick in the backward-pass.
Left: Binary weights. Right: Ternary weights.

5.3. Weight entropy

We next examine how the entropy of categorical weight distributions evolves during training on
the MNIST dataset. To this end, we train LSTMs with binary and ternary weights using both the
r-trick (with τ = 1 and an STE) and the lr-trick, and evaluate the entropy every 10 epochs. Figure 3
shows how the average weight entropy changes over training and how it relates to the performance
of the discretized LSTMs. For networks with ternary weights, we additionally evaluated the average
probability mass across the three weight values and found that each value remained approximately
equally likely.

Figure 3: Average entropy of categorical weights plotted over the training epochs (top) and over
the performance of sampled networks (bottom) on the validation set for the r-trick and lr-trick. The
vertical lines in the top plots show the average epoch (over three trials) at which the accuracy of the
discretized network on the validation set came within 99% of it’s maximum value. This discretization
was done through both sampling and setting weights to MAP. Left: Binary weights. Right: Ternary
weights.
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Without regularization, the weight distributions tend to become deterministic, with no particular
weight value favored. Networks trainedwith the r-trick, however, converge at higher weight entropies
than those trained with the lr-trick. This behavior is consistent across performance metrics—whether
measured on training or validation data, and whether the network is discretized or not. The apparent
linear relationship at low accuracies in the lower plots of Figure 3 may be an artifact of having only
few data points in that region.

5.4. Benchmark Comparison Across Discretization Levels

In this set of experiments, we compare the performance of discrete LSTM networks trained with
probabilistic and deterministic approaches against continuous-valued LSTM networks with same
architecture. Specifically, we evaluate QAT, the reparametrization trick (r-trick), and the local
reparametrization trick (lr-trick), alongside conventional backpropagation.

We consider three levels of discretization: (i) ternary weights w ∈ {−1, 0, 1}, (ii) binary weights
w ∈ {−1, 1}, both with conventional gate activation functions, and (iii) ternary weights with binary
candidate and output gates and continuous input gate.

Table 1: Comparison of accuracies across all datasets for different discretization levels and algorithms.
The column binary gate showswhich gate activationswere binarized; if not, standard nonlinearities are
used. The number of bits used to store weights and biases is shown for the respective discretization
level. Deterministic learning refers to standard backpropagation and QAT for continuous- and
discrete valued weights, respectively. For r-trick and lr-trick, performance is reported for both
sampling and MAP discretization.

Dataset Weight type
Binary gate

Bits Deterministic
r-trick lr-trick

c o i Sample MAP Sample MAP

MNIST continuous ✗ ✗ ✗ 732480 96.13± 0.31 - - - -
ternary ✗ ✗ ✗ 54720 96.43± 0.24 96.72± 0.14 96.60± 0.62 96.40± 0.12 96.60± 0.16

binary ✗ ✗ ✗ 32128 96.73± 0.22 96.38± 0.10 96.47± 0.21 96.32± 0.06 96.40± 0.07

ternary ✓ ✓ ✗ 54720 96.37± 0.19 96.40± 0.10 96.78± 0.08 95.90± 0.05 95.77± 0.37

binary ✓ ✓ ✗ 32128 95.50± 0.45 95.93± 0.61 96.05± 0.31 95.57± 0.52 95.52± 0.21

Auslan continuous ✗ ✗ ✗ 933888 94.83± 0.16 - - - -
ternary ✗ ✗ ✗ 69888 94.88± 0.17 95.27± 0.87 95.71± 1.23 93.95± 1.56 92.52± 1.24

binary ✗ ✗ ✗ 41088 94.28± 0.68 94.17± 1.95 90.98± 1.27 90.98± 2.18 87.13± 3.52

ternary ✓ ✓ ✗ 69888 97.36± 0.47 97.25± 0.82 92.85± 1.73 93.29± 0.56 91.86± 1.53

binary ✓ ✓ ✗ 41088 91.42± 0.93 94.94± 0.95 88.67± 4.21 91.75± 0.71 90.10± 1.23

UCIHAR continuous ✗ ✗ ✗ 2894016 93.51± 0.75 - - - -
ternary ✗ ✗ ✗ 198336 89.89± 2.16 92.79± 0.26 92.06± 0.57 91.65± 1.25 91.19± 1.30

binary ✗ ✗ ✗ 108480 91.64± 1.02 92.17± 1.08 89.23± 2.08 92.75± 0.50 91.49± 0.20

ternary ✓ ✓ ✗ 198336 91.21± 0.57 90.35± 0.23 88.10± 1.48 90.05± 0.32 88.90± 1.29

binary ✓ ✓ ✗ 108480 90.62± 0.30 82.57± 5.75 80.16± 5.09 90.65± 1.14 88.82± 0.42

Epileptic continuous ✗ ✗ ✗ 177813 72.03± 0.65 - - - -
ternary ✗ ✗ ✗ 11253 74.13± 0.26 73.26± 1.58 72.64± 1.44 69.87± 1.80 70.97± 0.31

binary ✗ ✗ ✗ 5701 72.19± 0.18 74.13± 0.74 72.09± 0.65 72.36± 1.48 72.01± 1.97

ternary ✓ ✓ ✗ 11253 70.30± 1.36 71.84± 0.72 71.25± 0.67 69.62± 0.42 70.01± 0.23

binary ✓ ✓ ✗ 5701 67.52± 0.92 70.51± 0.25 68.41± 0.62 68.50± 0.11 67.70± 0.48

The results are shown in Table 1. We refrain from highlighting the best accuracies because there
are no consistent winners and because training discrete LSTMs is somewhat unstable: certain trials
converge to suboptimal solutions, lowering the mean accuracy. This effect is visible in Table 1, where
a large standard deviation indicates poor convergence of a single trial. However, such outliers do not
render the training algorithms ineffective. Repeating training multiple times allows to identify these
weak trials through their poor validation performance.

A consistent trend across datasets is that MAP discretization rarely outperforms sampling based
discretization, and in several cases performs substantially worse. This suggests that sampling is
generally superior, implying that probability mass around the mode carries useful information.
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Recall that both the r-trick and the lr-trick tend to reduce weight entropy as training progresses.
As the distributions become increasingly deterministic, MAP and sample discretizations coincide.
Therefore, it may be beneficial to prevent excessive entropy collapse, for instance by penalizing low
entropy.

Moreover, the r-trick tends to outperform the lr-trick. We hypothesize that this difference arises
from biases introduced by simultaneously using discrete weights and shared weights across time. In
prior work, the lr-trick is often favored due to its faster convergence; hence, it is noteworthy that it
performs poorly for discrete LSTMs. Nevertheless, it remains useful for pretraining such networks.

Although definitive conclusions between QAT and r-trick are difficult, the results suggest that
the r-trick (sampled networks) may achieve slightly higher accuracy than QAT. More extensive
experiments would be required to assess the statistical significance of this observation; therefore,
we refrain from claiming that probabilistic training is superior to QAT. We also want to add that an
additional feature of the r-trick is that its bias and variance can be controlled via the temperature
parameter τ . Early in training, higher temperatures may allow for faster convergence despite less
accurate gradients, while later epochs could benefit from lower temperatures for more precise
gradient estimates. This behavior could be achieved by annealing τ over the course of training,
although we did not explore this in the present study.

The main goal of discretization is to reduce memory footprint while maintaining performance. While
our results indicate that this is achievable for certain datasets and discrete configurations, especially
when we do not binarize gates, we did not perform comparisons on smaller architectures. While
we aimed to identify the smallest architecture on which the continuous network reaches maximal
performance, the search was not exhaustive. On the Auslan dataset we can observe that the chosen
architecture was indeed not optimal: the LSTMs with ternary weights and binary gates substantially
outperform the continuous baseline. This suggests that the continuous architecture had too high
complexity and that the discrete setting provided useful regularization. Thus, a systematic ablation
study comparing continuous and discrete networks across a range of smaller to larger architectures
would provide deeper insight.

6. Limitations
Our study has several limitations. First, the ablation studies were conducted on a single dataset,
which may limit the generality of our findings. Second, we focused exclusively on pure LSTMs,
which are often outperformed by modern sequence modeling. Third, we did not perform systematic
comparisons on smaller architectures, leaving open questions about miniaturization. Finally, we did
not evaluate our methods across a broad range of datasets.

7. Conclusion
We investigated deterministic and probabilistic training strategies for obtaining discrete LSTMs, fo-
cusing on binary and ternary weights and binary activation functions. Our experiments demonstrate
that training discrete LSTMs is feasible and that probabilistic algorithms constitute a viable alterna-
tive to the widely used QAT. We further show that the impact of binarizing gate activation functions
strongly depends on which gate is discretized: LSTM performance critically relies on a continuous-
valued input gate, but allowing multiple discretization levels can prevent a drop in performance.
Overall, the r-trick outperforms the lr-trick for discrete LSTMs, and sampling from the posterior
generally yields better results than setting weights to the MAP. Additionally, we demonstrate that
Gumbel-Softmax should be used in conjunction with STE.

As potential avenues for future research, temperature annealing and entropy regularization could be
explored to analyze their effects and potentially improve training stability and convergence. Further
work may also investigate how performance scales with network size and extend these methods
beyond pure LSTMs to architectures such as CNN-LSTMs or attention-based models.
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A. Appendix
Details of datasets and LSTM architectures are displayed in Table 2.

Table 2: Datasets and used LSTM architectures. Shown are the number of samples in training set
|Dtr|, feature dimensionality, number of classes, the average sequence length Tavg in training set,
and the layout of the LSTM network. The layout is shown as l1 − l2, where l1 and l2 corresponds
to the number of units in first and second LSTM layer, respectively. The third layer is always a
fully-connected feed-forward layer, whose dimension depends on the number of classes.

Dataset |Dtr| Features Classes Tavg Layout
MNIST 10000 4 10 38.99 64-32
Auslan 1900 22 96 55.87 64-32
UCIHAR 5881 9 6 128 128-64
Epileptic 7360 1 5 178 32-16
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