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Abstract

Graph Neural Networks (GNNs) are a natural fit for stock
market prediction, where a stock’s behavior depends on its
interactions with others, but they only reach their potential
when the underlying graph reflects the true relations between
stocks. No such ground-truth graph exists: prior graph-based
predictors hand-craft a fixed structure from naive statistics
(e.g., correlation) that is decoupled from the task and can-
not evolve over time. We cast market-graph construction as a
graph structure learning problem and propose TGSL, a model
that jointly learns, end-to-end, a daily graph of a set of stocks
and a GNN classifier of each stock’s next-day movement.
TGSL combines the temporal information of each stock (via
recurrent encoders) with its structural information (via a
graph encoder), and disentangles structure from feature gen-
eration in two parallel branches. On 93 large-cap NASDAQ
stocks, TGSL improves accuracy by 1% over the strongest
baseline, is robust to the initial graph it is seeded with,
and learns sparse, time-varying, label-homophilic structures,
showing that learning the graph, rather than fixing it, helps
both accuracy and interpretability.

1 Introduction

The stock market, as a dynamic and complex financial
ecosystem, has long captivated the interest of investors,
economists, and researchers [26]. Understanding and pre-
dicting price movements in this domain is of paramount im-
portance, as it directly impacts investment decisions, risk
management, and financial stability. The movement of stock
prices is influenced by a multitude of factors, including eco-
nomic indicators, geopolitical events, news sentiment, and,
most notably, the intricate relationships that exist between
different stocks. Because the volume of relevant data is enor-
mous and many factors act on prices either directly or indi-
rectly, producing accurate forecasts is extremely challenging,
and a wide range of models, from machine learning to game
theory and dynamical systems, have been brought to bear on
the problem.

In recent years, network modeling of stocks has emerged
as a promising approach to capture these kinds of relations,
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due to the fact that understanding the behavior of an econ-
omy requires examining the interactions among its various
components rather than studying them in isolation [4]. By
constructing graphs that represent the connections between
stocks, we gain the ability to extract hidden patterns and de-
pendencies, and we can further leverage external knowledge
bases to augment the structural insights derived from these
graphs. Such network modeling has been used both to ana-
lyze markets, e.g., to find influential stocks or compute cen-
trality measures, and to predict the future behavior of stocks
treated as nodes in a graph [10, 4].

Graph Neural Networks (GNNs) have become an impor-
tant tool for processing graph-based datasets by considering
both the underlying graph structure and the attributes associ-
ated with nodes (or edges) [37]. GNNs generate node embed-
dings by aggregating information from neighboring nodes,
and as a result, having access to an accurate structure signif-
icantly influences the quality of node representations. How-
ever, in real-world scenarios there are cases in which the pro-
vided graph is incomplete or noisy; indeed, even impercep-
tible perturbations, so-called adversarial attacks, can easily
fool a GNN [36]. The stock market graph, which aims to
model stocks as nodes in a graph, falls squarely into this cat-
egory, as there is no clear and definitive ground-truth struc-
ture that comprehensively captures the relationships among
stocks. Prior research has often relied on the manual con-
struction of the input structure through correlation or causal-
ity calculations, frequently involving a trial-and-error pro-
cess [10, 13, 12]. These structures are typically computed
from low-level stock features such as price; they may not be
optimally suited for the downstream prediction task, and, be-
ing static, they lack the capability to adapt and evolve as time
progresses. We refer to this mismatch as the gap between the
raw graph and the optimal graph for prediction.

Hence, we propose TGSL, a model that learns an opti-
mal graph structure for a set of stocks by jointly exploit-
ing their temporal and structural information, depicted in
Figure 1. TGSL follows the deep graph structure learning
paradigm [38], in which the adjacency matrix is parameter-
ized with learnable weights and trained, end-to-end and un-
der the supervision of a downstream task, together with the
parameters of a GNN. Concretely, we begin from a (possi-



bly empty) initial graph for a given set of stocks, encode
a sliding window of past daily graphs with a shared graph
encoder, and feed the resulting temporal sequences into two
parallel recurrent branches: one that builds the day-specific
adjacency matrix and one that builds the node features for
classification. A GNN classifier then predicts the next-day
movement of each stock from the learned structure and fea-
tures. To the best of our knowledge, this is the first work to
apply graph structure learning to financial market prediction,
where the constructed graph is allowed to differ from day to
day rather than remaining fixed over time.

Our experiments, conducted on a dataset of 93 NASDAQ
stocks with the highest market capitalization, reveal that
TGSL enhances next-day movement prediction accuracy by
1% compared to the state-of-the-art baseline. Moreover, we
show that the accuracy of TGSL is essentially independent
of the initial graph it is seeded with: it can start from isolated
nodes and still recover a competitive structure, whereas the
predictive variants of our framework remain sensitive to the
input graph, underscoring the value of the structure-learning
component. An analysis of the learned graphs further shows
that they are sparse, time-varying, and homophilic with re-
spect to price-movement labels.

Contributions. In summary, this paper makes the following
contributions:

* We formulate market-graph construction for stock move-
ment prediction as a graph structure learning problem, and
present TGSL, an end-to-end model that jointly learns a
day-specific graph and a GNN predictor from both the tem-
poral and structural information of stocks.

* We disentangle structure generation from feature genera-
tion into two parallel recurrent branches, and we introduce
a label-aware target-smoothing regularizer that sparsifies
the learned graph while improving classification.

* We study three progressively simpler variants of the frame-
work that ablate its temporal and structural components,
clarifying the contribution of each design choice.

* We show on real NASDAQ data that TGSL outperforms
strong graph-based and graph-structure-learning baselines,
is robust to the choice of the initial graph, and produces
interpretable, time-varying market structures.

2 Related Work

Existing work related to ours can be grouped into three cate-
gories: classical and deep predictors for financial markets,
graph-based stock market prediction, and graph structure
learning.

Stock market prediction. The literature on forecasting fi-
nancial markets is vast [26]. Classical approaches rely on
traditional machine-learning models such as random forests,
support vector machines, naive Bayes, and k-nearest neigh-
bors applied to historical prices and technical indicators [15,

22, 27]. A recurring finding is that the choice and num-
ber of technical indicators strongly affects accuracy, and that
combining heterogeneous data sources (e.g., news sentiment)
with price data tends to help [9, 24]. With the advent of deep
learning, recurrent architectures, in particular Long Short-
Term Memory (LSTM) networks, became dominant because
of the sequential nature of stock data, often augmented with
attention mechanisms [25]. CNNpred [8] instead applies
convolutional neural networks to a diverse set of financial
variables, organized as 2D and 3D tensors, and aggregates
information across several related markets to predict a target
market. These methods, however, treat each asset (or market)
largely in isolation and do not explicitly model the relations
between assets.

Graph-based stock market prediction. Network modeling
for stock prediction is a relatively recent approach [4], where
typically each stock is treated as a node and the edges encode
relationships between pairs of stocks. The correlation net-
work is the most commonly employed construction: edges
are weighted by a correlation coefficient (Pearson, Spear-
man, or Kendall) computed between the time series of stock
pairs [17, 20, 19]. Because the resulting graph is complete,
many works filter it with a maximum spanning tree to keep
only the most important edges [12]. Beyond correlation, sev-
eral works build causality or information-theoretic networks
using transfer entropy [23, 21] or (partial) mutual informa-
tion [6, 35] to capture nonlinear, directed influence between
assets. Patil et al. [19] additionally derive a co-mention graph
from financial news, connecting stocks that appear together
in the same article. Peng [20] compares three stock graphs
(correlation, sector, and dynamic time warping) and reports
that the correlation graph performs best, while noting that
clipping correlations to non-negative weights discards poten-
tially useful negative correlations.

A second line of work focuses on the predictor built on
top of a fixed graph. HATS [13] constructs a relational graph
between companies from a knowledge base (e.g., Wiki-
data) and uses a hierarchical graph attention network that
learns the importance of neighbors and of relation types.
Price Graphs [30] converts the price time series of each
stock into a visibility graph, extracts structural embeddings,
and predicts the trend with recurrent and attention layers.
Other works build correlation- or sector-based graphs and
run GCN/GAT predictors over them [34, 32]. Because la-
beled samples are scarce, graph-based semi-supervised learn-
ing is common: Kia et al. [12] propagate labels over a corre-
lation network of market indices, exploiting time-zone lags
between markets, and report that a better network struc-
ture improves accuracy. The closest baseline to our work,
GCNET [10], introduces an influence network (built by
checking, for each node, whether adding a neighbor’s fea-
tures improves a linear classifier) and trains a GCN semi-
supervisedly with plausible (pseudo) labels generated by
classical models for unlabeled nodes. We reuse GCNET’s



influence graph and its plausible-label discovery procedure
as components in our pipeline. Crucially, all of these meth-
ods rely on a predefined, static graph that is decoupled from
the prediction objective; in contrast, we learn a day-specific
graph driven directly by the prediction loss.

Graph structure learning. Graph structure learning (GSL)
aims to jointly learn an optimal graph structure and the asso-
ciated GNN parameters, typically under the supervision of a
downstream task [38]. Methods are commonly organized by
how they model the structure [38]: (i) metric learning, where
an edge weight is a learned distance/similarity between the
two endpoints’ embeddings, optionally followed by post-
processing (e.g., k-NN sparsification or symmetrization).
Kernel- and attention-based similarities are typical [28, 2];
for instance, Cosmo et al. [2] use a multi-layer perceptron
to produce edge weights, and Egilmez ef al. [3] use cosine
distance. A limitation of metric-learning methods is that
they refine the weights of existing relations but cannot, on
their own, create entirely new edges. (ii) Probabilistic mod-
eling, where edges are assumed to be sampled from a dis-
tribution whose parameters are learned; the main challenge
is to make sampling differentiable. LDS [7] models edges
as Bernoulli variables and optimizes their parameters jointly
with the GCN through a bilevel formulation. (iii) Direct op-
timization, where the adjacency matrix itself is treated as a
free parameter learned alongside the GNN, often guided by
graph regularizers that explicitly encode desired properties
such as sparsity, smoothness, or low rank. IDGL [1] alter-
nates between structure modeling and message passing us-
ing spectral and sparsity priors; Yang et al. [33] use node
labels to connect same-class nodes; Pro-GNN [11] and low-
rank methods [31] regularize the learned adjacency to be ro-
bust to noise and attacks. Two methods are particularly rel-
evant. SLAPS [5] observes that edges far from any labeled
node receive no supervision (“supervision starvation”) and
adds a self-supervised denoising auto-encoder task to guide
structure learning. SUBLIME [16] learns the structure in a
fully unsupervised manner via contrastive learning between
an anchor view and a learner view, together with a structure-
bootstrapping mechanism.

Notably, GSL has been studied almost exclusively on
static benchmarks such as citation networks, and prior eval-
uations seldom consider temporal data. A handful of works
consider time-varying structures in other domains, e.g., dy-
namic structure learning for soil moisture forecasting [29].
Our work bridges these two literatures: we bring deep graph
structure learning to financial market prediction, learning
a temporal, day-specific structure tailored to the prediction
task. Tables comparing the surveyed structure-learning and
graph-based prediction methods are summarized in the dis-
cussion of Section 5.

3 Background and Problem

We first review the building blocks used by our model and
then formalize the stock graph structure learning problem.

3.1 Preliminaries

Graph neural networks. A graph is denoted by G = (V, E)
with a set of nodes V' (n = |V|) and edges F, summarized
by an adjacency matrix A € R"*™ and a node feature ma-
trix X € R™*/. A graph neural network (GNN) computes a
representation of each node by iteratively aggregating infor-
mation from its neighbors [37]. For the Graph Convolutional
Network (GCN) [14], one propagation layer is

H) —o(DHAD T HOWO), ()

where A = A + I is the adjacency with self-loops, D is
its degree matrix, H(") is the node representation at layer [
(with HO = X), WO is a learnable weight matrix, and
o(-) is a non-linear activation. Stacking L layers lets each
node aggregate information from its L-hop neighborhood.
The Graph Attention Network (GAT) [28] replaces the fixed
normalization in Eq. (1) with learnable attention coefficients
o computed for each edge from the endpoints’ transformed
features, so that the contribution of a neighbor depends on its
learned importance. Both operators only refine representa-
tions given a structure; their output quality is therefore tightly
coupled to the quality of A.

Recurrent encoders. Stock data is inherently sequential, so
we encode temporal information with recurrent neural net-
works (RNNs), which feed the output of one step as input
to the next. We use the Long Short-Term Memory (LSTM)
network [18], which maintains a cell state regulated by in-
put, forget, and output gates and is able to capture long-range
temporal dependencies. Given a sequence of per-day vectors
for a node, we take the last hidden state of the LSTM as the
node’s temporal summary. The Gated Recurrent Unit (GRU)
is a lighter variant that merges the forget and input gates; ei-
ther can be used interchangeably in our model.

3.2 Problem formulation

We are given a set of n stocks S = {s1, S, ..., s, } observed
over a sequence of trading days. For each stock s; and each
day ¢ we extract a feature vector xgt) € R/ from its market
data (e.g., open/close/high/low prices, volume) and technical
indicators (Section 5). The next-day price movement of stock
s; at day ¢t defines a binary label ygt) € {0,1}, where 1 (resp.
0) denotes that the next-day closing price is higher (resp. not
higher) than the current one.

A stocks graph for day t is G®) = (V, E(Y)) where the
node set V' represents the stocks and the edges F(*) encode



(signed or weighted) relations between pairs of stocks, sum-
marized by an adjacency matrix A(Y) € R"*". Unlike prior
work, we do not assume that a single, time-invariant A is
given; instead we wish to construct, for every day, a graph
that is most useful for predicting that day’s labels.

Problem 1 (Stocks graph structure learning) Given the
per-day feature matrices of a window of the T most re-
cent days, {XUT+D XOY} with X1 ¢ R,
and optionally an initial structure Ay, learn a structure-
generation function that outputs a day-specific adjacency
matrix A®) € R" " q feature matrix X e R™"*4 and
a GNN classifier f : R™" x R"*4 — [0,1]", such that
the predicted labels v\ = f(A® X®)) match the true
next-day movement labels y®.

The structure-generation function and the classifier f are
trained jointly, end-to-end, under the supervision of the pre-
diction task. This is in contrast to graph-based predictors that
fix A a priori (e.g., from correlation or causality) and only
train f. Because A (®) is produced from the temporal features
of day ¢, the learned graph naturally varies over time. In the
next section we describe TGSL, which instantiates this for-
mulation, together with three simpler variants that ablate its
components.

4 The TGSL Model

We design TGSL to simultaneously learn a day-specific ad-
jacency matrix and the GNN parameters for predicting next-
day stock price movement. As presented in Figure 1, the
TGSL model consists of an initializer GNN that encodes a
window of past daily graphs, followed by two parallel recur-
rent branches: one that generates the learned adjacency ma-
trix A and one that generates the node features X. A classi-
fier GNN then predicts the next-day movement label of every
node (stock) from (A, X). We first describe the components
of TGSL (Section 4.1), then its loss function and training
(Section 4.2), and finally three simpler variants used in our
ablation (Section 4.3).

4.1 TGSL Components

Initializer GNN. As input, we take a window of initial
graphs G = {G*-TH+D  G®} of size T, where G(7)
is the graph of stocks for day 7. All graphs in the window
share a common structure, a fixed initial graph A that can
be chosen among the constructions used in prior work (e.g.,
correlation or influence network), or even an empty graph,
but they differ in their node features. The initializer GNN
is a two-layer network whose weights are shared across all
T graphs in the window; applied to each day, it produces a
structure-aware embedding of every node. At the end of this

stage, each stock has 7' feature vectors v(") € R? one per
day 7, that summarize both its own attributes and its position
in the (initial) market structure.

Structure-learning branch. After deriving the per-day node
embeddings, we treat the 1" vectors of each node as a tem-
poral sequence. To exploit the sequential characteristics of
this signal, we use a two-layer LSTM that receives all node
embeddings V € R™"*T*9 from the previous step and out-
puts, as the updated embedding of each node, its last hidden
state u € R?. Stacking these gives an embedding matrix
U € R"*?, Based on the updated embeddings we construct
a similarity matrix by the inner product of every node pair,

A=UU", )

which models each edge weight as the similarity between its
endpoints. This aligns with the network homophily assump-
tion, which posits that similar nodes are more likely to be
connected. Because the inner product yields both positive
and negative values, and because A isin general neither nor-
malized nor symmetric, we post-process it into a valid adja-
cency matrix:

A= iDH(PA)+PA)T )DL @)

where P is an element-wise non-linearity with non-negative
range (e.g., ReLU) and D is the degree matrix used to nor-
malize A. The symmetrization term %(P(A) + P(A)T) is
only required when the matrix is sparsified with a k-nearest-
neighbor graph: if v; is among the £k nearest neighbors of v;
and vice versa, averaging leaves their connection unchanged;
if only one direction holds, averaging halves the weight and
distributes it symmetrically. The dot-product graph is other-
wise complete and is sparsified by the regularizer described
below.

Feature-learning branch. In parallel, a second LSTM with
the same architecture processes the same sequence of node
embeddings to produce the node features X used for classi-
fication. Disentangling the node features that feed the clas-
sifier from those that build the adjacency matrix gives the
model more flexibility: if a single network produced both,
then any two stocks with similar features would necessarily
be connected with a large weight, whereas a stock with rela-
tively distant features may still be informative for prediction
over a given time window.

Classifier GNN. Finally, a two-layer GCN performs node
classification given the learned adjacency matrix A and fea-
ture matrix X. A single layer computes

h{D = cr(b +3 eunl W(l)), @)
JEN ()

where e;; is the (numeric) weight of the edge connecting

node j to node i, h'

;i 1s the normalized message of node
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Figure 1: Overview of TGSL. A window of T' daily graphs of the same set of stocks is encoded by a shared initializer GNN.
Two paralle]l LSTM branches then process the resulting temporal sequences: the upper branch builds a similarity matrix that,
after adjacency processing, yields the day-specific adjacency matrix A; the lower branch produces the node features X. A
classifier GNN predicts the next-day movement of each stock from (A, X).

j at layer [, and b is a bias. The output layer returns, for
each node, the probability of belonging to each of the two
movement classes.

4.2 TGSL Loss Function

The main objective of the model is to minimize the prediction
error of the classifier, for which we use the cross-entropy loss
Lprediction OVer the labeled nodes. Since the dot-product graph
of Eq. (2) is complete, we additionally regularize the learned
structure. We consider two regularizers.

Target smoothing. Following the intuition that message
passing between same-label nodes helps node classification,
we penalize edges connecting two nodes with different la-

bels:
2
> (Aylsi—sil) 5)
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where s; is the (binary) label of node 7. Since labels are in
{0, 1}, the term |s; — s;| acts as a mask that keeps only the
weights of edges between differently labeled nodes; mini-
mizing the resulting norm both improves classification and,
in practice, drives the adjacency matrix toward sparsity.

L1s =

Sparsity. Alternatively, a generic sparsity penalty on the ad-
jacency matrix can be used,

Lp(A) = [|All2, (6)

whose minimization shrinks the entries of A and thereby
sparsifies the graph; this regularizer has also been used in
prior structure-learning work.

Total loss. The overall objective combines the prediction loss
with one of the regularizers above,

ETotal = EPrediclion +a ERegularizen (7)

where « controls the strength of the regularizer and the reg-
ularizer is chosen according to the input data. All operators
in the architecture are differentiable, so the whole model is
trained end-to-end by gradient descent, updating the param-
eters of every network simultaneously.

Training and inference. TGSL is trained in a supervised
fashion on days whose true labels are available; after train-
ing, the model has learned how to turn the last 7" days of a set
of stocks into a graph structure that performs well on node
classification. At test time, the best results are obtained by
continuing to train only the classifier GNN on the test day in
a semi-supervised manner, freezing the weights of the other
networks, using plausible labels for a subset of nodes whose
true next-day labels are not yet available. The plausible la-
bels are produced by the procedure of [10], described in Sec-
tion 5.

4.3 Model Variants

To clarify the contribution of each component, we study three
progressively simpler variants of TGSL.

TGSL-S2 (single-LSTM). This variant simplifies TGSL by
using a single LSTM instead of two (Figure 2b). The window
of graphs is first encoded by a shared initializer GNN, and
the single LSTM then summarizes the temporal sequence of
node embeddings; its output is used along two paths: an up-
per path that builds the similarity matrix and, after adjacency
processing, the adjacency matrix, and a lower path that is fed,
unchanged, as node features to the classifier GNN. Compar-
ing TGSL-S2 with TGSL isolates the effect of the second
LSTM, i.e., of disentangling structure and feature generation.

TGSL-S1 (feature-only). The simplest structure-learning
variant takes only the stock feature matrix as input, no ini-
tial graph and no initializer GNN (Figure 2a). Its core is
a generator function G : R™*/ — R™*™ with parameters
O that maps the node features to an adjacency matrix. The
generator can be realized in different ways: full parameter-
ization optimizes the adjacency directly as free parameters
(6 € R™*™); an MLP, as in SLAPS [5], maps node features
to a new space. Because we wish to exploit the temporal
features of each stock, we use an LSTM as the generator: it
receives the last ¢ days of each stock, produces a node embed-
ding, and the similarity matrix A = UU is post-processed
as in Eq. (3). A classifier GNN then performs node classi-
fication. TGSL-S1 can be trained semi-supervisedly (using
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Figure 2: The three variants of TGSL used in our ablation.

plausible labels) or supervisedly. When trained supervisedly,
the optimal graphs produced for past days can be reused for
prediction in several ways, e.g., averaging the graphs of the
previous few days, taking the union of past adjacency ma-
trices, inferring the graph for the target day from the trained
model, or continuing to train the previous day’s model semi-
supervisedly on the target day; we compare these strategies
in Section 5.

TGSL-P (prediction-only). This variant performs no struc-
ture learning and serves purely as a predictor (Figure 2c).
From a fixed, predefined input graph it extracts structural in-
formation of the nodes with a GNN, summarizes the resulting
sequence with an LSTM, and predicts each stock’s next-day
movement with a fully connected layer. It thus uses both
structural and temporal information but with a static graph,
and serves to quantify the benefit of generating an optimal
structure (versus fixing it) and the benefit of network model-
ing over single-stock prediction.

S Experiments

In this section we evaluate TGSL on next-day stock move-
ment prediction. We first introduce the dataset and prepro-
cessing (Sections 5.1-5.3), then the evaluation metrics, base-
lines, and implementation (Sections 5.4-5.6). We then report
results (Section 5.7), discuss the ablation across our variants
(Section 5.8), and analyze the learned graphs (Section 5.9).

5.1 Dataset

To evaluate the proposed models and the baselines, we col-
lected the 100 stocks with the highest market capitalization in

Table 1: Technical indicators used as input features.

Indicator Role

RSI (Relative Strength Index)
MACD

SAR (Parabolic Stop-and-Reverse)
ADX (Average Directional Index)
Stochastic

MFI (Money Flow Index)

CCI (Commodity Channel Index)

strength/direction of price trend
trend, from two exponential MAs
trend and reversal points

strength of the trend

momentum vs. support/resistance

deviation of price from its mean

overbought/oversold from price+volume

the NASDAQ index. Seven stocks without enough history for
the training procedure were removed, leaving n = 93 stocks.
For each stock and each day, the data contains the opening,
closing, high, low, and adjusted closing prices, as well as the
trading volume. The dataset was downloaded from Yahoo Fi-
nance and spans 2011/10/01-2021/10/01. For a fair compari-
son, the test period for all models is 2020/09/30-2020/12/31,
comprising 64 trading days (5,952 daily records). The
dataset is publicly available.!

5.2 Preprocessing

Feature selection. Beyond the five raw price features and
the volume, we follow common practice in technical analy-
sis and augment each stock’s daily record with a set of tech-
nical indicators that apply mathematical transformations to
price and/or volume. We use the indicators listed in Table 1,
covering trend, momentum/oscillator, and volume families.
We use the signals extracted by these indicators as input fea-
tures. After computing the features, the label of each day is
set according to whether the next day’s closing price is higher
(class 1) or not (class 0) than the current one.

Plausible label discovery. Because our graph-based mod-
els are semi-supervised, predicting the labels of all nodes in
a day’s graph requires correct labels for a subset of nodes;
yet on the target (prediction) day the true next-day labels
are unavailable. To address this, we adopt the plausible la-
bel discovery (PLD) procedure of GCNET [10], which as-
signs reliable pseudo-labels (“plausible labels™) to a subset
of nodes. PLD splits the historical data into a training and a
validation set, where the validation set consists of the d days
immediately before the test period. For each stock, it trains
classical, retrospective classifiers (decision tree, naive Bayes,
linear and quadratic discriminant analysis, and random for-
est) and ranks them by their validation performance, select-
ing the best model per stock to generate that stock’s plausible
label. Following GCNET, the per-stock predictability score
is multiplied by the node’s clustering coefficient, under the
assumption that nodes with denser neighborhoods are better
seeds for propagating information through the network; the
highest-scoring nodes are then chosen to receive plausible la-
bels. In our experiments, 20 of the 93 nodes are selected.

'https://github.com/ut-kdd/GCNET-Dataset
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5.3 Initial Graphs

TGSL can be seeded with any initial graph. We study three
choices. (i) Correlation graph: a complete graph whose edge
weights are the correlation between the price-movement di-
rections of two stocks; following prior work, we also eval-
uate its maximum spanning tree to prune redundant edges.
(ii) Influence graph: the influence network introduced by
GCNET [10], which on our data contains 93 nodes and 1,355
edges. (iii) Isolated graph: a graph with no edges, used to
probe how much the initial structure matters.

5.4 Evaluation Metrics

As in prior work, we report two standard classification met-
rics for the movement-direction task: accuracy and F1-score.
We first compute the confusion matrix from each stock’s
daily prediction and then obtain

TP+TN TP
ACC = i

Table 2: Next-day movement prediction on 93 NASDAQ
stocks (meanztstd over 25 runs). Best in bold, second best

TP+TN+FP+ FN’
®)

5.5 Baselines

We compare against two families of methods. The first
are general-purpose graph structure learning models, SUB-
LIME [16] (unsupervised) and SLAPS [5] (self-supervised),
which we adapt to our data using their public implementa-
tions with parameters tuned for our setting; for SUBLIME
we report the structure-refinement task seeded with the influ-
ence graph. Comparing against these clarifies the value of
an architecture tailored to temporal data. The second family
are graph-based stock predictors that use a predefined graph:
GCNET [10] (the closest baseline, influence graph + GCN +
plausible labels), HATS [13] (relational graph + hierarchi-
cal attention), Price Graphs [30] (visibility graph + recur-
rent/attention layers), CNNpred [8] (CNN over a target series
and its three nearest neighbors in the correlation graph), and
a GAT [28] that performs node classification over the com-
plete stock graph. Comparing against these clarifies the value
of the input graph for graph-based prediction.

5.6 Implementation Details

All models are implemented in PyTorch; GNNs use the DGL
library and graph analyses use NetworkX. Every neural com-
ponent is a two-layer network with 16 hidden units, except
the fully connected classifier (16—2). The temporal window
is T' = 15 days. All models are trained with Adam (learn-
ing rate 0.001, weight decay 0.0005, dropout 0.2). Except
for TGSL-S1, which is trained independently per day and
therefore uses a fixed number of nodes for validation, we use
the last day of the training set as the validation set and keep

1= .
TP+ L(FP+FN)

underlined.

Model Accuracy Fl-score

SUBLIME [16] 0.510 £ 0.024 0.437 £ 0.045
SLAPS [5] 0.532 £ 0.016 0.442 £ 0.020
CNNpred [8] 0.534 £ 0.006 0.443 £ 0.015
GAT [28] 0.522 £ 0.003 0.492 £ 0.004
Price Graphs [30] 0.552 £ 0.003 0.461 £ 0.008
HATS [13] 0.551 £ 0.002 0.453 £ 0.007
GCNET [10] 0.567 £ 0.011 0.503 £ 0.003
TGSL-S1 (ours) 0.577 £ 0.007 0.474 £ 0.027
TGSL-S2 (ours) 0.564 £ 0.008 0.502 £ 0.009
TGSL-P (ours) 0.557 £0.017 0.466 £ 0.069
TGSL (ours) 0.579 £ 0.006 0.520+0.012

the checkpoint with the best validation performance. To ob-
tain robust estimates, we run the PLD procedure 5 times to
produce 5 independent plausible-label sets, run each model 5
times on each set, and report the mean and standard deviation
of accuracy and F1 over the resulting 25 runs.

5.7 Results

Table 2 reports the comparison between our models and
the baselines. TGSL attains the best accuracy (0.579) and
F1 (0.520), improving over the strongest baseline, GCNET
(0.567 accuracy, 0.503 F1), by about 1% on both metrics; the
improvement is statistically significant. The general-purpose
structure-learning baselines SUBLIME and SLAPS perform
worst, as they ignore the sequential nature of the data and
learn a single static graph; SUBLIME, being fully unsuper-
vised, is the weakest, indicating that label information is es-
sential for structure learning on this task with our features.
GAT outperforms some predictors but, despite learning per-
edge attention coefficients, cannot create or remove edges
and so trails TGSL. CNNpred, HATS, Price Graphs, and GC-
NET all rely on predefined, static graphs; the superiority of
TGSL over them highlights the benefit of learning the struc-
ture for the input set of stocks.

Effect of the initial graph on TGSL. Table 3 reports
TGSL seeded with the isolated, influence, and correlation
graphs. The differences are not statistically significant:
TGSL reaches essentially the same accuracy regardless of the
initial structure, and even the empty (isolated) graph yields
the best mean accuracy and the lowest variance. We conclude
that TGSL can recover a good structure independently of the
input graph, directly addressing the challenge of choosing a
stock graph, although a noisy input graph does make conver-
gence somewhat harder.



Table 3: TGSL with different initial graphs.

Initial graph Accuracy F1-score

Isolated 0.579 £0.006  0.520 £ 0.012
Influence 0.578 £0.011  0.514 £0.017
Correlation 0.577 £ 0.010 0.502 + 0.016

Table 4: TGSL-S1 under different training/inference strate-

gies.

Strategy Accuracy Fl-score
Semi-supervised 0.551 +£0.010 0.461 £0.019
Avg. graph, 3 prev. days (sup.) 0.571 £0.005 0.469 £+ 0.014
Avg. graph, 5 prev. days (sup.) 0.577 £0.007 0.474 £ 0.027
Inferred graph, prev.-day model (sup.)  0.562 +0.009  0.462 4 0.022
Continue prev.-day model (semi-sup.)  0.564 +0.007  0.470 £+ 0.010

Table 5: TGSL-S2 (top) and TGSL-P (bottom) with different

initial graphs.

Initial graph Accuracy F1-score
TGSL-S2

Isolated 0.549 + 0.007  0.489 + 0.004
Influence 0.564 +0.008  0.502 % 0.009
Correlation 0.550 + 0.008  0.495 % 0.007
TGSL-P

Isolated 0.538 £ 0.016  0.363 &+ 0.050
Influence 0.557 £ 0.017  0.466 + 0.069
Correlation 0.548 +0.015  0.390 + 0.026

5.9 Network Analysis

5.8 Ablation: Model Variants

Our four models form an evolution toward the final architec-
ture, which lets us isolate the effect of each component.

TGSL-S1 training/inference strategies. Table 4 compares
the strategies for using TGSL-S1 introduced in Section 4.3.
The semi-supervised mode is hampered by the noise of the
plausible labels. The best results come from supervised train-
ing followed by reusing the average of the previous five days’
learned graphs for prediction; the five-day window carries
more useful information than three days. Continuing to train
the previous day’s model semi-supervisedly on the target day
improves the Fl-score by about 1% over inferring the graph
directly, by letting the model see the current day’s features.

TGSL-S2 and TGSL-P vs. the initial graph. Unlike TGSL,
the simpler structure-learning variant TGSL-S2 (Table 5, top)
is sensitive to the input graph: the influence graph performs
best, then the correlation graph, then the isolated graph: more
accurate inputs lead to better predictions. The prediction-
only TGSL-P (Table 5, bottom) shows the same ordering and
the lowest accuracies overall, as expected for a model that
does not learn the structure.

Discussion. Among the proposed models, TGSL performs
best, and its advantage is statistically significant. Remov-
ing one of its two LSTMs gives TGSL-S2, the second-best
model: although its accuracy is 1% below TGSL-S1, its F1-
score is about 3% higher, indicating better prediction qual-
ity. Further removing the initializer GNN from TGSL-S2
recovers the TGSL-S1 architecture, which operates directly
on sequential features; the drop from TGSL-S2 to TGSL-
S1 confirms the importance of extracting structural features
through the shared initializer GNN applied over the window
of graphs. Finally, TGSL-P is the weakest of our models,
reaffirming the value of the structure-learning component,
yet it still outperforms HATS, Price Graphs, and CNNpred,
underlining the benefit of jointly using structural and tempo-
ral information even without learning the graph.

We finally inspect the graphs produced by TGSL, separately
for the test and training periods, to verify that the learned
structures are meaningful.

Test period. TGSL builds a distinct graph for each of the 64
test days. The number of edges ranges from 1,813 to 3,578
over 93 nodes (Figure 3a), confirming that a different graph
is generated per day. Figure 3b shows the time series of the
edge weight between Apple (AAPL) and Amazon (AMZN),
and Figure 3c the trend of the Frobenius norm of the adja-
cency matrix, whose average is 16.4. To probe homophily,
for every pair of nodes we count how often they share a la-
bel over the test period and plot it against their average edge
weight (Figure 3d, a random sample of 300 pairs): the up-
ward trend shows that pairs of stocks that more frequently
share a movement label are connected with larger weights.
The distribution of edge weights (Figure 3e) has mean 0.26
and median 0.16, with extremes at 0 and 1.

Training period. Repeating the analysis on 110 training
days, the number of edges ranges from 2,140 to 3,065 and
the average Frobenius norm is 30.4; the edge-weight distri-
bution has a lower mean (0.19) and median (0.05) than on the
test set. Because the model fits the training data better, the
homophily trend is even more pronounced than on the test
set. Together, these observations show that TGSL produces
sparse, time-varying, and label-homophilic structures rather
than collapsing to a trivial or static graph.

6 Conclusions

We introduced TGSL, a temporal graph structure learning
model for stock market prediction whose ultimate goal is
to forecast the next-day price-movement direction of each
stock. TGSL jointly exploits the temporal information of
each stock, through LSTM encoders, and its structural in-
formation, through graph neural networks, and is able to pro-
duce, for every day, an optimized graph on which the GNN
classifier performs well. Two parallel LSTMs, one generat-
ing the adjacency matrix and one generating the node embed-
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Figure 3: Analysis of the graphs learned by TGSL on the test
period.

dings, give the model more flexibility than its single-LSTM
variants, and a label-aware target-smoothing regularizer both
improves classification and sparsifies the learned graph. Cru-
cially, TGSL is largely independent of the input graph: it at-
tains its best results even when seeded with an empty graph,
thereby resolving the long-standing challenge of choosing a
stock graph through learning rather than hand-crafting.

Through an ablation across three progressively simpler
variants, we quantified the contribution of each component:
removing the second LSTM, the initializer GNN, and fi-
nally the structure-learning module each degrades perfor-
mance, yet even the prediction-only variant outperforms sev-
eral graph-based predictors that rely on static graphs. On
93 NASDAQ stocks, TGSL improves next-day movement
prediction accuracy by 1% over the strongest baseline, and
our analysis shows that the learned graphs are sparse, time-
varying, and homophilic with respect to movement labels.
These results validate our central hypothesis: the graphs cho-
sen in prior network-based predictors are sub-optimal, and
learning the structure end-to-end increases both the accuracy
and the interpretability of the predictions.

Future work. Recent graph-based stock predictors increas-
ingly incorporate auxiliary signals such as news or social
media; extending TGSL to learn heterogeneous graphs with
multiple node and edge types is a natural and promising di-
rection, as most structure-learning methods (including ours)
target homogeneous graphs. Because the prediction loss in
our models drives both the classifier and the structure learner,
the reliability of the (semi-supervised) labels is critical; ob-
taining trustworthy labels, choosing which nodes to label,
or removing the dependence on labels altogether via self-
supervised structure learning all merit further study. Higher-
quality node embeddings, e.g., from transformer-based en-
coders, would likely yield higher-quality graphs, especially
for metric-learning constructions. A fundamental difficulty
remains the absence of a ground-truth optimal graph, which
complicates both learning and evaluation; as a step in this
direction we experimented with a “same-label” graph as a
proxy ground truth, but more investigation is needed. Fi-
nally, the information contained in the learned graphs can
itself serve as input to other models, for instance, by extract-
ing features from the time series of the edge weight between
two stocks.
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