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Article

resources to make informed decisions. Traditionally, investors 
use stock indicators, such as moving average convergence/
divergence (MACD) and exponential moving average (EMA), 
to determine whether they should buy or sell a stock (8, 9). 
The MACD indicator has two lines: the MACD and signal line. 
When the MACD line crosses above the signal line, this is 
seen as a sign to buy. When the opposite occurs, it is seen as 
a sign to sell. The EMA indicator is a type of moving average 
indicator that helps investors visualize short or long-term 
trends. When a stock’s price is above the EMA, it could signal 
a potential uptrend, and conversely, when the price is below 
the EMA, it could indicate a downtrend (8, 9). In addition to 
stock indicators, Wall Street analysts release predictions 
to the public on expected market changes. However, when 
predicting stock target prices over the span of a year, only 
24% of predictions by human analysts were found to be 
accurate (10). To improve stock forecasting, new machine 
learning models are under development.
	 Time series forecasting, a method of using historical data 
to predict future trends and patterns, is a popular area of 
research being explored using machine learning (ML) models. 
Many ML and deep learning models have been developed 
for time series predictions, forecasting future values based 
on patterns in previously observed data points. Long short-
term memory (LSTM) models are an example of a time series 
forecasting method that have already been leveraged for 
predicting stock prices (11-13). LSTMs work by evaluating 
each data point in a sequence individually and use context 
gained to update their memory, retaining important information 
and discarding irrelevant details (14). Previous studies have 
combined LSTMs with convolutional neural networks (CNNs) 
to predict stock prices with varying amounts of success (11, 
13). Alternatively, transformers are models used to predict 
stock prices that rely on relevance filters to consider long-
range dependencies and derive relationships between inputs 
and outputs (15-17).
	 Recently, studies have been published that compared the 
performance of LSTMs against transformers for stock price 
prediction (17,18). One study applied a LSTM, recurrent neural 
network (RNN), CNN, and transformer model to predict the 
prices of worldwide stock market indices such as CSI 300, 
S&P 500, Hang Seng Index, and Nikkei 225 (17). They used 
the daily closing prices of the indices from January 1, 2010, to 
December 31, 2020. In all cases, the transformer performed 
the best (17). Furthermore, in a second study, an LSTM, RNN, 
and transformer model were trained and tested on predicting 
the prices of Capgemini, Infosys, IBM Consulting, NTT Data, 
and Cognizant (18). This second study utilized historical 
closing stock prices from January 2, 2018, to June 3, 2024, 
and concluded that the transformer also performed the best, 
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SUMMARY
Predicting future closing prices is important for 
investors because it can help them decide whether 
they want to invest in a stock and can provide 
insights into the total profits they might earn. We 
hypothesized that a long short-term memory (LSTM) 
model’s architecture, coupled with its exclusive 
training on historical stock data, would result in 
better predictions of a stock’s future closing prices 
compared to newer models that applied transfer 
learning. To test this, we analyzed the accuracy of a 
LSTM against two influential transfer learning models 
for stock price prediction: the Autoformer model and 
the time series foundation model (TimesFM). Each 
model received historical stock data for both Apple 
and Amazon and used it to predict future closing 
prices over a three-month period. After calculating 
the mean absolute error for each model, we found 
that the LSTM performed best when predicting Apple 
stock prices, and TimesFM performed better when 
forecasting Amazon stock prices. The Autoformer 
was the least accurate, possibly because it was 
trained on traffic data before stock data. By comparing 
the performance of these models, we have provided 
valuable insights for future research on stock price 
prediction models and show that domain-specific 
training can be superior to transfer learning for 
predicting stock prices in certain instances.

INTRODUCTION
	 Forecasting stock prices is an essential part of the finance 
industry. However, making accurate predictions of stock price 
movement is very difficult due to numerous factors, including 
release of earnings reports, the state of the stock market, 
investor sentiment, and changes in executive positions (1-
4). Earnings reports and changes in executive positions 
may be expected to have a straightforward effect on stock 
prices, but this is not always the case. For example, beating 
expected earnings reports, which is perceived as positive, 
can sometimes negatively change a stock’s price (5). An 
example of this can be seen in October 2024, when PayPal’s 
stock dropped over 5% despite exceeding expectations for 
their third quarter earnings (6). Furthermore, in February 
2024, changing chief executive officers caused Snowflake’s 
stock to drop 20%, demonstrating the unpredictability of stock 
movements (7).
	 When people invest in stocks, they tend to use common 
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noting that it required higher computational resources (18). 
This may stem from the transformer’s longer training time, 
self-attention mechanism, positional encoding feature, 
and a better ability to model long-range dependencies (15, 
18). Compared to LSTMs, which individually evaluate data 
points in a sequence and may lose information over longer 
sequences, the transformer’s self-attention mechanism 
and positional encoding feature allow it to process all data 
points in a sequence simultaneously and learn dependencies 
between them, regardless of their distance (14, 15). This helps 
the model avoid the limitations of sequential processing faced 
by LSTMs, but comes at the cost of increased computational 
resources (18).
	 Despite the success of transformers for stock price 
prediction, models such as the Autoformer and Google 
Research’s time series foundation model (TimesFM) have 
seen little to no testing for stock price prediction (19-21). 
Introduced in 2021, the Autoformer model was based on a 
transformer but is unique in its auto-correlation mechanism, 
which Rasul et al. demonstrated to be effective for time series 
forecasting (19, 22). On the other hand, TimesFM, introduced 
in April 2024, is special because it does not require dataset-
specific training (20). To the best of our knowledge, there are 
no existing studies that have leveraged TimesFM, and only a 
study by Koa et al. has used the Autoformer to predict stock 
prices (23). 
	 In the study by Koa et al., a hierarchical variational 
autoencoder (VAE) is combined with diffusion probabilistic 
techniques for stock price prediction, and the results are 
compared against those of an autoregressive integrated 
moving average (ARIMA), numerical-based attention (NBA), 
a vanilla VAE, a VAE with added adversarial perturbations 
to its input sequence, and the Autoformer model (23). The 
models are trained and tested on public US stock data across 
three different periods from January 2014 to January 2023. 
The models were evaluated using the average mean squared 
error and standard deviation across five different runs. In 
their findings, the Autoformer demonstrated competitive 
performance, outperforming models such as ARIMA, NBA, 
and the vanilla VAE, though it was ultimately surpassed by 
the hierarchical VAE combined with diffusion techniques (23). 
It achieved an average MSE ranging from 0.8625 ± 0.0378 to 
1.2066 ± 0.0501 across different datasets and time periods, 

reflecting robust predictive capability under the tested 
conditions (23).
	 In this paper, we investigated the accuracy of two recent 
transformer models that apply transfer learning and compared 
them to a generic LSTM model for stock price prediction 
using two well-known stocks: Apple and Amazon (24). We 
hypothesized that the LSTM’s architecture, coupled with its 
exclusive training on historical stock data, would result in 
better predictions of a stock’s future closing prices compared 
to newer models, such as the Autoformer and TimesFM, that 
applied transfer learning. We found that the LSTM model 
only provided the most accurate stock predictions for Apple, 
demonstrating that the effectiveness of domain-specific 
training and the LSTM’s memory architecture in predicting a 
stock’s future closing prices is case dependent.

RESULTS
	 We sought to predict future stock prices using recent 
transfer learning Transformer models and a LSTM. Each model 
was trained on historical stock data from the corresponding 
company, ranging from the initial public offering (IPO) date to 
January 2024, before predicting the daily closing price. For 
the Autoformer, we had the option to provide time features 
in addition to the time series values it was trained to predict 
(daily closing price) (25). These time features provided extra 
context for our model by including the following data: the daily 
opening price, daily high, daily low, adjusted close, and stock 
trading volume. TimesFM and the LSTM were solely given 
the daily closing. Each model predicted a stock’s future prices 
until June 2024. Then, we calculated the mean absolute 
errors (MAEs) produced using Scikit-learn’s built-in library 
and compared them for each respective stock. 
The Autoformer was the least accurate prediction model, with 
MAEs of 1.0083631695×107 and 9.978526579×106 for Apple 
and Amazon, respectively (Figure 1). These MAEs were over 
392,000 times greater than the MAEs of the other two models.
The LSTM achieved the most accurate results for predicting 
Apple’s stock prices. We tested this model on varying numbers 
of epochs, where each epoch represents a complete pass 
through the entire dataset. This allowed the model to learn 
patterns in the data and better understand it. When ran with 
100 epochs, it scored a MAE of 7.346 for Apple and followed 
an accurate trajectory given how it aligned with the same 

Figure 1: Mean absolute errors scored by the Autoformer, LSTM, and TimesFM. The red bars are for Amazon price predictions and 
the blue bars are for Apple price predictions. LSTM 1 is the LSTM trained on 100 epochs and LSTM 2 is the model trained on 200 epochs.
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general direction (Figure 2). For Amazon, it scored a MAE 
of 19.046, which followed the correct trajectory but is not as 
close to the actual values (Figure 2). After we increased the 
number of epochs to 200, the MAE for Apple and Amazon 
rose to 8.420 and 22.462, respectively. As with 100 epochs, 
the forecasted trajectory for Apple more accurately followed 
the stock’s true trajectory than with Amazon (Figure 2).
	 Google’s TimesFM, which does not have an epoch 
parameter, initially scored a MAE of 11.169 for Apple and 
25.704 for Amazon. When re-run after hyperparameter-
tuning, the model scored a MAE of 9.105 for Apple and 
5.696 for Amazon, making it the most accurate for predicting 
Amazon’s stock prices. However, the TimesFM trajectories 
did not accurately reflect the dip or rise in price of the actual 
value of Apple’s stock (Figure 2). 

DISCUSSION
	 We hypothesized that a LSTM’s architecture and domain-
specific training would outperform transfer learning models, 
Autoformer and TimesFM, when predicting a stock’s future 
closing prices. We found that the Autoformer had the least 
accurate performance, the LSTM performed the best for 

Apple’s stock, and TimesFM demonstrated the best results 
for Amazon. 
	 We believe the MAEs achieved by the LSTM and TimesFM 
are relatively good when compared to other studies. Prior 
studies have demonstrated strong performance using LSTM-
based models (11, 12, 26). The model used by Kim et al. 
was trained and tested on adjusted closing price and trading 
volume data from the SPDR S&P 500 ETF data, ranging from 
October 14, 2016, to October 16, 2017 (11). Using this data, the 
model predicted the price five minutes into the future based 
on the previous 30 minutes of data (11). The model used by 
Selvin et al. was given timestamp, transaction ID, price, and 
trading volume information from 1721 stocks on the National 
Stock Exchange of India (12). The dataset used ranged from 
July 2014 to June 2015, and the model was trained to predict 

prices 10 minutes ahead based on the previous 90 minutes 
of data (12). Finally, Gülmez’s LSTM variants were trained 
and tested on a dataset comprising the prices of stocks 
from the Dow Jones Industrial Average index, spanning from 
January 1, 2018, to January 1, 2023 (26). The models were 
programmed to predict the price 1 day into the future based 

Figure 2: LSTM and TimesFM model predictions for Apple and Amazon stock prices. The blue line represents the actual historical stock 
prices used to train the model (up to the prediction range). The green line shows the actual stock prices during the prediction period, and the 
orange line displays the model's predicted prices for the same period. The LSTM model was trained using both 100 and 200 epochs with a 
univariate time series of Apple and Amazon stock prices. TimesFM does not require dataset-specific training, instead leveraging a pre-trained 
architecture to make predictions directly from the provided historical stock data. Results represent a single run of the model; replicates were 
not performed in this experiment.
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on the previous 20 days (26). To compare our models to other 
studies that evaluate their models using percent error, we 
calculated the mean absolute percent error (MAPE) for our 
LSTM and TimesFM models. We then multiply the MAPEs 
by 100 to calculate the MAPE percentage. While MAPE 
percentage and percent error are not identical metrics, they 
are closely related, making MAPE percentage a suitable and 
comparable alternative for this evaluation. The performances 
of the models from each study are summarized in Table 1.
	 There are many potential reasons for the Autoformer’s 
inaccurate results. Firstly, the version used in the study was 
pre-trained on traffic data from an open-source company 
called Hugging Face to predict future traffic jams (22). Despite 
the Autoformer’s transfer learning abilities, we believe the 
volatile behavior of stock prices in the technology sector is 
too different compared to traffic data, which tends to be more 
predictable (27). Because of this, the Autoformer likely did not 
understand how these new values would impact the values 
it was trying to predict. Moreover, when feeding data to the 
Autoformer, the data had to be fed in tensors of a specific 
shape, which prevented 550 rows or 5.25% of Apple stock 
data and 749 rows or 11.18% of Amazon stock data from being 
accessed by this model. This resulted in a gap and large price 
jump in the data that may have also contributed to the model’s 
poor performance.
	 Unlike both transformer models, the LSTM was the only 
one trained solely on the selected stock’s data, which may 
be the reason why it performed the best out of the three 
when predicting future stock prices for Apple. However, 
since the LSTM only performed the best when predicting 
future Apple stock prices, the LSTM’s performance may be 
company-dependent. While this model was not as accurate 
as those in previous studies, we still obtained promising 
results considering the study’s limitations and its three-month 
timeframe. The higher accuracy observed in prior studies may 
be attributed to the inclusion of additional information being 
provided to their models (e.g., trading volume) and the use 
of substantially shorter prediction horizons—such as minutes 
or a single day—compared to the six month window used in 
this study (11, 12, 26). Improving the accuracy of models with 
longer prediction periods is an area where future research 
may be able to improve upon. The TimesFM model does not 
require dataset-specific training, which allowed for immediate 
input of stock data. Its ability to leverage patterns learned 
from other types of time series data likely contributed to its 
accurate predictions.
	 To our knowledge, this study is the first to test the 
TimesFM model and evaluate its ability to predict stock 
values. Additionally, all experiments were conducted within a 
Google Colab environment, supporting ease of replication and 
accessibility for others in both the research and non-research 
communities. This study demonstrates the accessibility of 
capable time series models that the public can leverage, 
though the performance of these models should be improved 
before seriously considering using them for personal trading. 
Nevertheless, we believe that the results of our approaches 
using the LSTM and TimesFM models demonstrate that 
combining domain-specific training with the LSTM’s memory 
architecture does not yield better predictions of a stock’s 
future closing prices compared to transfer learning models. 
As such, our findings do not support our original hypothesis.
	 In the future, some steps can be taken to improve the 

accuracy of these models. For the Autoformer model, 
restructuring the Autoformer’s data loader to not require strict 
tensor shapes will optimize the process of feeding the model 
with training and testing data for datasets beyond stock values. 
Additionally, because each model was only provided historical 
stock data to make its predictions, factoring in common stock 
indicators used by human analysts, such as MACD and EMA, 
and including other factors that affect a stock’s price may 
produce better results (8, 9). Furthermore, more factors such 
as the state of the stock market and investor sentiment should 
be considered for more accurate predictions. Improving the 
accuracy of models with longer prediction horizons is another 
area where future research could expand on. In addition, 
more in-depth experimentation with hyperparameters such 
as per core batch size and the number of layers of TimesFM 
may improve accuracy. Ultimately, the success of each model 
came down to how each model was trained. Future research 
could also work on optimizing the transfer learning strategies 
of the Autoformer model to enhance its predictive capabilities.
We set out to evaluate the effectiveness of pairing the LSTM’s 
memory-based architecture with exclusive training on 
historical stock data, hypothesizing that this approach would 
result in superior predictions compared to transfer learning 
models. However, our results did not support our hypothesis. 
We found that the LSTM performed the best when predicting 
future stock prices for Apple, TimesFM performed best for 
Amazon stock prices, and the Autoformer performed the 

Table 1: Comparison of Stock Price Prediction Models Using 
LSTM and TimesFM. Comparison of various studies that applied 
machine learning models for stock price prediction. The first column 
lists the study being referenced, while the second column identifies 
the predictive model used in each study. The third column describes 
the dataset, including the specific stocks analyzed and the time 
span of the data. The fourth column reports model performance in 
terms of mean absolute percentage error (MAPE). The fifth column 
includes additional notes, such as the input features used and the 
prediction horizon.
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worst out of the three. These findings suggest that neither 
training a model specifically on stock data nor applying 
transfer learning guarantees better performance.

MATERIALS AND METHODS
	 For each experiment, we used Google Colab to take 
advantage of its graphics processing unit for handling 
computations. Additionally, each model predicted the daily 
closing price of the selected stock. The Autoformer used an 
Apple stock dataset from Hugging Face and extracted stock 
data for Amazon through Yahoo Finance. For the LSTM and 
TimesFM models, stock data of both Apple and Amazon were 
extracted using Yahoo Finance. The source code of this study 
is available on GitHub (28).

Autoformer
	 We first adapted the necessary code from Rasul et al. 
for a functioning Autoformer (22). Once the model was 
functional, we formatted the daily historical open, high, low, 
adjusted close, and trade volume of Apple’s stock into the 
past and future time features tensors. Next, we filled the past 
values tensor with the daily closing prices. Additionally, the 
Autoformer required a “past observed mask” tensor. This 
indicated which elements of a sequence to process. We 
then created and filled this tensor with ones using PyTorch’s 
torch.ones() function. Afterward, we put all the tensors in 
a dictionary and inputted them into the pre-existing data 
loader for the Autoformer to make its predictions. We then 
modified the evaluation code to calculate the MAE and ran it. 
Afterward, we repeated the process with Amazon. With the 
initial testing complete, we tried tuning the model by changing 
the pre-set parameters but achieved the same performance.

Long short-term memory (LSTM)
	 Unlike transformers, which immediately look at the entire 
time sequence, LSTMs analyze sequences one part at a 
time (14, 15). To set it up, we used code found on Kaggle and 
gathered the necessary stock data (18). Then, we manually 
divided the data into an 80/20 training and testing split. The 
training data was fed into a sequence splitter and fitted with the 
model. Once fitted (trained), the model made its predictions 
with steps set to three, i.e., three days. We also tested the 
LSTM on 100 and 200 epochs to see how the results differ 
(Figure 2). Finally, we compared the predictions against 
the testing data and scored the model’s performance using 
the MAE. We then fine-tuned the model by experimenting 
with various step sizes ranging from 3-15, with three steps 
resulting in performance seen in the results section.

Google’s time series foundation model (TimesFM)
	 TimesFM is a type of transformer that was trained on 100 
billion time-series data points and does not require dataset-
specific training (19, 20). This allowed us to skip the training 
process, immediately input historical stock data, and begin 
forecasting (21, 29). To use it, we first downloaded the 
repository and installed TimesFM into the notebook. Then, 
we retrieved the model’s code from GitHub and modified the 
model to predict values from January 2024 to the present day 
(June 2024), ensuring we could evaluate its entire prediction 
using the MAE (21, 29, 30). Finally, we set codelist to “AAPL” 
and dropped all the data except the closing prices. To repeat 
the process with Amazon, we changed codelist from “AAPL” 

to “AMZN.” The initial model’s parameters were context_len 
of 2048, horizon_len set to January 2024 to June 2024, per_
core_batch_size of 32, num_layers of 50, use_positional_
embedding set to False, and backend set to ‘cpu.’ After 
hyperparameter-tuning, TimesFM achieved its best score for 
Apple with context_len changed to 672. For Amazon, its best 
performance was achieved with context_len set to 608.
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