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Abstract—Quantum long short-term memory (QLSTM) mod-
els extend recurrent sequence learning with variational quantum
circuits, but their optimization behavior can vary substantially
across random initializations and temporal contexts. This paper
evaluates a recursive QLSTM architecture against a standard
QLSTM for one-step-ahead prediction of daily minimum and
maximum temperature. Using daily weather observations from
Toronto and identical training settings, we compare convergence,
predictive accuracy, and generalization across input windows of
8, 16, and 32 days over 20 random seeds. The recursive model
consistently reaches a near-optimal test loss earlier, reduces mean
absolute error and root mean squared error, and exhibits a
smaller generalization gap. These results indicate that recursive
quantum feature transformations can improve stability and out-
of-sample performance for compact hybrid quantum–classical
temporal models.

Index Terms—quantum machine learning, QLSTM, recursive
QLSTM, weather forecasting, variational quantum circuits, time-
series prediction

I. INTRODUCTION

Long short-term memory (LSTM) networks were designed
to model long-range temporal dependencies while mitigating
vanishing-gradient behavior in recurrent learning [1]. Their
gated structure has made them a standard baseline for sequen-
tial prediction tasks, including meteorological forecasting. Re-
cent quantum machine-learning research has explored hybrid
architectures in which trainable variational quantum circuits
(VQCs) replace or augment classical transformations [2], [3].
Because VQC optimization can be affected by expressibility,
initialization, and barren-plateau behavior [4], [5], empirical
comparisons should report both accuracy and training stability.
One such model, the quantum long short-term memory (QL-
STM), embeds quantum neural-network modules in an LSTM-
like recurrent structure to learn temporal data using shallow,
NISQ-compatible circuits [6].

Although QLSTM models can be expressive, their behav-
ior is shaped by circuit initialization, circuit depth, and the
amount of temporal context presented to the model. These
factors can make both optimization and generalization sen-
sitive to the selected configuration. Recent QLSTM variants
have also explored distributed, federated, and fast-weight-
style parameter-generation mechanisms for temporal quantum
models [7]–[9]. Related quantum sequential-modeling stud-
ies have examined shallow quantum temporal embeddings,

financial decision systems using LSTM forecasting signals,
batch-size/runtime tradeoffs in QLSTM-style training, and
sequence-length sensitivity in urban telecommunication fore-
casting [10]–[13]. Recursive QLSTM introduces a metacore-
based recursive construction intended to improve temporal
information propagation while retaining a compact hybrid
architecture [14]. This study provides an empirical comparison
of standard QLSTM and Recursive QLSTM for short-horizon
temperature prediction.

Our contributions includes: First, evaluating both architec-
tures under identical data, optimization, and quantum-circuit
settings; Second, assessing not only MAE and RMSE but
also convergence behavior and the generalization gap; Third,
reporting mean and standard deviation over 20 random seeds,
separating performance trends from single-run randomness.

II. BACKGROUND AND EXPERIMENTAL DESIGN

A. QLSTM and Recursive QLSTM

A conventional LSTM updates its cell state and hidden state
through gated transformations of the current input xt and prior
hidden state ht−1 [1]. In QLSTM, selected affine transforma-
tions are replaced by VQCs that encode projected features,
apply parameterized rotations and entangling operations, and
return expectation values to the classical recurrent computation
[6]. This hybrid design can represent nonlinear transformations
with a small quantum circuit while leaving training compatible
with gradient-based optimization.

Recursive QLSTM augments this design by applying a
recursive metacore transformation within the recurrent up-
date. Rather than treating the quantum feature map as a
single isolated transformation, the recursive formulation reuses
intermediate representations to improve information prop-
agation across the sequence [14]. In this paper, we use
the MetaCore_Single_NN configuration for the recursive
model and hold the remaining architecture settings fixed. See
[14] for underlying model and circuit structure.

B. Data and Prediction Task

We use daily observations from a Toronto weather station
for 1 May 2024 through 30 April 2026. Environment and
Climate Change Canada provides historical daily weather
observations, including temperature variables and degree-day
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TABLE I
INPUT AND OUTPUT VARIABLES.

Role Variable Unit/scale

Input Day-of-year cosine; day-of-year sine [−1, 1]
Input Year number Count
Input Mean, minimum, and maximum temperature ◦C
Input Heating and cooling degree days ◦C
Output Next-day minimum and maximum tempera-

ture
◦C

TABLE II
SHARED EXPERIMENTAL CONFIGURATION.

Parameter Value

QNN depth; hidden size; input projection
size; number of qubit

1; 3; 3; 6

Window length L {8, 16, 32}
Prediction horizon; input/output dimen-
sions

1; 8/2

Epochs; batch size; learning rate 60; 8; 0.0005
Random seeds 0–19 (20 trials)
Recursive metacore MetaCore_Single_NN

measures, through its public climate-data service [15]. The
chronological dataset is split into 80% training observations
and 20% held-out test observations. The task is one-step-ahead
prediction of daily minimum and maximum temperature.

Table I summarizes the model variables. Calendar seasonal-
ity is represented by sine and cosine encodings of day of year.
All input features are continuous and are scaled using training-
set statistics only, preventing test-set information from entering
preprocessing.

C. Protocol and Metrics

Figure 1 illustrates the overall experimental workflow. The
models receive a temporal window L ∈ {8, 16, 32} and
predict the following day. Each configuration is trained for
60 epochs using a batch size of 8 and learning rate 5× 10−4.
To characterize stochastic training behavior, each setting is
repeated for 20 seeds. Core settings are listed in Table II.

We report mean absolute error (MAE), root mean squared
error (RMSE), and the generalization gap, defined as test loss
minus training loss. A smaller generalization gap indicates
a smaller train–test discrepancy. We additionally report the
epoch of the minimum test loss (Best Epoch) and the first
epoch that reaches 95% of each run’s total improvement (t95).
The latter gives a practical indicator of how quickly a run
obtains a near-optimal test result.

For a test set of n daily forecasts with two temperature
targets, let yij and ŷij denote the observed and predicted
values for forecast i and target j, where j ∈ {1, 2} corresponds
to next-day minimum and maximum temperature. Aggregate
MAE and RMSE are computed over both targets and all held-
out test observations as

MAE =
1

2n

n∑
i=1

2∑
j=1

|yij − ŷij | . (1)

RMSE =

√√√√ 1

2n

n∑
i=1

2∑
j=1

(yij − ŷij)
2
. (2)

For target-wise analysis, the same metrics are computed
separately for minimum and maximum temperature. We also
report the 95th-percentile absolute error (P95 AE), coefficient
of determination (R2), and absolute bias. Absolute bias is
defined as the absolute value of the mean signed prediction
error across the held-out test set. For each seed, predictive
metrics are calculated at the epoch with the minimum test
loss for that run. For each seed, t95 is measured relative to that
run’s initial and best test losses. This definition is preferable to
a fixed loss threshold because the two architectures and their
random initializations can begin at different loss levels. All
reported error bars represent the standard deviation across the
20 independent runs.

Data Input
Toronto City Weather Stations Data
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Select Window Length
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Analysis I: Convergence
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Fig. 1. Experimental workflow for comparative study across QLSTM and
Recursive QLSTM.

III. RESULTS

A. Convergence Behavior

Figure 2 compares the epoch of the minimum test loss
and t95. The two models reached their minimum test loss
at broadly similar epochs across the three window lengths.
Recursive QLSTM reached its best test loss slightly earlier at
L = 8, slightly later at L = 16, and at a comparable epoch
at L = 32. Thus, the best-epoch statistic does not indicate a
consistent timing advantage for either architecture.

In contrast, Recursive QLSTM reaches 95% of its eventual
test-loss improvement in fewer epochs across all three window
lengths. This pattern suggests that the recursive architecture
reaches a useful near-optimal performance range earlier, even
when the final epoch of minimum test loss occurs at a similar
point in training.

At L = 16 and L = 32, Recursive QLSTM also shows
narrower error bars, indicating more consistent convergence
across seeds.



Fig. 2. Best-epoch and t95 convergence statistics for QLSTM and Recursive
QLSTM across window lengths of 8, 16, and 32. Error bars denote the
standard deviation across 20 random seeds.

B. Predictive Accuracy

Figure 3 reports aggregate MAE and RMSE on the held-
out test set, calculated at the minimum-test-loss epoch of each
seed. Recursive QLSTM achieves MAE below 3.9◦C for all
window lengths, compared with approximately 4.1–4.2◦C for
QLSTM. The RMSE results show the same direction of effect,
indicating that the recursive architecture reduces both average
prediction error and the influence of larger residuals.

Recursive QLSTM remains favorable at every tested context
length, with smaller cross-seed deviations in Figure 3 and
Table III.

Fig. 3. Aggregate held-out test MAE and RMSE for QLSTM and Recursive
QLSTM across window lengths of 8, 16, and 32. Metrics are evaluated at the
minimum-test-loss epoch of each seed and averaged across 20 random seeds.

Figure 4 shows that the improvement holds for both maxi-
mum and minimum temperature. Recursive QLSTM has lower
MAE, RMSE, P95 absolute error, and absolute bias at every
window length.

Table III confirms lower mean and tail errors, higher R2,
and smaller cross-seed variation for Recursive QLSTM.

C. Generalization Gap

Figure 5 shows a consistently smaller train–test loss gap
for Recursive QLSTM at both the best and final epochs,
with reductions of roughly one-quarter to one-third. Its lower
standard deviations further indicate more repeatable out-of-
sample behavior across seeds.

IV. DISCUSSION

The results distinguish between early practical improvement
and the timing of the single lowest test-loss epoch. Recursive

Fig. 4. Target-wise held-out test-error comparison for next-day maximum and
minimum temperature. Metrics are evaluated at the minimum-test-loss epoch
of each seed.

TABLE III
BEST-EPOCH RESIDUAL ROBUSTNESS ON THE HELD-OUT TEST SET.

VALUES ARE MEAN ± STANDARD DEVIATION ACROSS 20 SEEDS.

L Model MAE RMSE P95 AE R2

8 QLSTM 4.08 ± 0.24 5.15 ± 0.31 10.25 ± 0.88 0.625 ± 0.046
8 Rec. QLSTM 3.73 ± 0.18 4.66 ± 0.21 8.97 ± 0.67 0.69 ± 0.028

16 QLSTM 4.14 ± 0.31 5.22 ± 0.38 10.38 ± 1.04 0.616 ± 0.059
16 Rec. QLSTM 3.79 ± 0.20 4.74 ± 0.24 9.07 ± 0.71 0.685 ± 0.032
32 QLSTM 4.17 ± 0.31 5.25 ± 0.39 10.38 ± 1.04 0.617 ± 0.060
32 Rec. QLSTM 3.84 ± 0.21 4.80 ± 0.26 9.22 ± 0.74 0.681 ± 0.034

All error metrics are in ◦C.

QLSTM reaches a near-optimal solution earlier, as reflected by
a smaller t95 across the tested window lengths. However, the
epoch of the minimum test loss is broadly comparable between
the two models and does not show a consistent advantage for
either architecture. Reporting both measures therefore helps
distinguish rapid early improvement from the point at which
the best observed test loss occurs.

The contribution of this study is not only lower average
forecasting error. Recursive QLSTM also shows a more con-

Fig. 5. Train–test generalization-gap comparison for QLSTM and Recursive
QLSTM across window lengths of 8, 16, and 32. Results are shown at the
minimum-test-loss epoch and at the final training epoch. Error bars denote
the standard deviation across 20 random seeds.



sistent training pattern. Under the same set of random seeds,
it reaches a useful performance range earlier, reduces both
average and larger residual errors, and varies less across runs.
This matters in small VQC-based experiments, where results
can be affected by initialization. Better mean performance
together with lower variation gives more confidence that the
recursive design is contributing beyond a favorable single run.

The weather-station task also clarifies when the model is
most appropriate. Daily minimum and maximum temperature
are not arbitrary time-series signals: they contain strong annual
seasonality, short-term persistence, and local departures caused
by changing weather conditions. The input variables used
here combine calendar encodings with recent temperature and
degree-day information, so the model is being asked to refine
a short-horizon forecast from a compact but physically mean-
ingful context. Recursive QLSTM is most suitable for this
kind of setting: one-step or short-horizon prediction, limited
input dimensionality, and data where recent temporal context
is informative but longer windows may introduce redundant
or noisy seasonal information.

The target-wise results further suggest a useful operational
characteristic. Recursive QLSTM improves both maximum
and minimum temperature forecasts, including the 95th-
percentile absolute error. For weather applications, this matters
because a model with similar mean error but fewer large
residuals is preferable for decision support: missed cold nights
or unusually warm days can matter more than small average
deviations. The lower generalization gap indicates that the
recursive mechanism is not merely fitting the training portion
more aggressively; in this dataset it transfers the learned short-
term structure more consistently to held-out dates.

These findings should be interpreted cautiously. Our ex-
periments use a single urban weather station, one forecast-
ing horizon, shallow simulated quantum circuits, and fixed
hyperparameters. Recursive QLSTM appears stable for this
compact forecasting setting, but the results do not demonstrate
a general quantum advantage. This is in line with recent studies
showing that quantum sequential models remain sensitive
to task characteristics and architectural choices [12], [13].
Future work should test more stations, longer horizons, noisy
and missing-data settings, broader hyperparameter ranges, and
stronger classical baselines. NARMA-style benchmarks may
also help assess whether the observed benefits extend beyond
weather forecasting [16].

V. CONCLUSION

We compared QLSTM and Recursive QLSTM for one-
step temperature forecasting across three window lengths and
20 random seeds. Recursive QLSTM reached a useful near-
optimal test-performance range earlier, achieved lower MAE
and RMSE, reduced larger residual errors, and showed less
variation across runs. It also exhibited a consistently smaller
train–test generalization gap, indicating more repeatable out-
of-sample behavior within this controlled setting.

The epoch of the minimum test loss was broadly comparable
between the two architectures, suggesting that the principal

convergence advantage of Recursive QLSTM lies in faster
early improvement rather than a consistently earlier final
optimum. These findings suggest that recursive quantum fea-
ture transformations may improve training stability and short-
horizon forecasting performance in compact hybrid recurrent
models.

However, the study is limited to simulated circuits, a single
weather station, one prediction horizon, and fixed hyperparam-
eters. The results therefore do not establish a broader quan-
tum advantage or guarantee performance gains across other
datasets and tasks. Future work should evaluate additional
stations, longer forecasting horizons, noisy and missing-data
settings, stronger classical baselines, broader hyperparameter
ranges, and noisy quantum hardware conditions.
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