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Abstract

Financial prediction from Monetary Policy Conference (MPC) calls is a new yet challenging task, which targets at
predicting the price movement and volatility for specific financial assets by analyzing multimodal information including
text, video, and audio. Although the existing work has achieved great success using cross-modal transformer blocks,
it overlooks the potential external financial knowledge, the varying contributions of different modalities to financial
prediction, as well as the innate relations among different financial assets. To tackle these limitations, we propose
a novel Modal-Adaptive kNowledge-enhAnced Graph-basEd financial pRediction scheme, named MANAGER.
Specifically, MANAGER resorts to FinDKG to obtain the external related knowledge for the input text. Meanwhile,
MANAGER adopts BEiT-3 and Hidden-unit BERT (HUBERT) to extract the video and audio features, respectively.
Thereafter, MANAGER introduces a novel knowledge-enhanced cross-modal graph that fully characterizes the
semantic relations among text, external knowledge, video and audio, to adaptively utilize the information in different
modalities, with ChatGLM2 as the backbone. Extensive experiments on a publicly available dataset Monopoly verify

the superiority of our model over cutting-edge methods.

Keywords: Financial Prediction, LLM, Multimodal Learning

1. Introduction

Forecasting the fluctuation of prices for a finan-
cial asset over a specific period is a crucial task
in financial analysis, essential for both investors
and policymakers (Lewellen, 2003). Accurate pre-
diction results can assist investors in making in-
formed decisions regarding investment returns,
while policymakers can implement prudent mon-
etary measures to uphold a robust economy (Cai
et al.,, 2021; Shapiro and Wilson, 2019). In
early work, researchers made efforts to solve fi-
nancial prediction for textual financial data, such
as BloombergGPT (Wu et al., 2023b) and Fin-
GPT (Wang et al., 2023b).

Despite their promising performance, the above
models can only solve text-based financial tasks.
With unprecedented advances in multimodal learn-
ing, investors now have access to a vast amount
of unstructured data for financial prediction (Jiang,
2020). Moreover, the non-verbal information in-
volved in the visual and acoustical modalities (e.g.,
vocal tone and facial expressions) can be indicative
and correlated with trading activities in the finan-
cial market. One such abundant source of multi-
modal information is the Monetary Policy Confer-
ence (MPC’s) call. Previous work (Boukus and
Rosenberg, 2006) has underscored the influence
of MPC calls on financial stock markets. There-
fore, Mathur et al. (2022) curated a public Mon-
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! lower energy prices.

: The central tendency of the inflation projections for this year is below 1 percent,
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Figure 1: An example of the financial prediction
from MPC calls. We also present the external
knowledge inferred by FinDKG for the given text.
Notably, the words in blue are the anchor entities
while those in green are the relations and those in
red are the related entities.

etary Policy Call Dataset named Monopoly and
proposed to predict the price movement and volatil-
ity for six principal financial assets (i.e., Stock In-
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dex (Small), Stock Index (Large), Gold Price, Cur-
rency Exchange Rate, Long-term bond yield (10-
years), Short-term bond yield (3-months)) based on
MPC calls. The authors adopted cross-modal trans-
former blocks and modality-specific attention fusion
to conduct price movement and volatility predic-
tion. Although this pioneering study has achieved
promising performance, it still suffers from three
key limitations.

1) Overlook the potential external knowledge
in the financial domain. The pioneering study fails
to utilize the related knowledge contained in the
external public knowledge base in the financial do-
main. As shown in Figure 1, the related knowledge
obtained from FinDKG (Li, 2023) can strengthen the
context comprehension (e.g., “impact S&P 500”)
and promote the financial prediction.

2) Overlook the varying contributions of differ-
ent modalities to financial prediction. The exist-
ing work equally feeds the multimodal features (i.e.,
text, video and audio) into the model, and treats
them as the equal source of information to con-
duct multimodal information fusion with the same
weights. In fact, the content of given text is the
prime cue for the financial prediction, while the non-
verbal cues such as facial expressions and vocal
tone involved in the video and audio play a minor
role in comprehending the context. How to adap-
tively utilize the information residing in the multiple
modalities merits our attention.

3) Overlook the innate relations among differ-
ent financial assets. The former method predicts
the price movement and volatility of six financial
assets independently, ignoring the potential rela-
tionships among different financial assets. Actually,
the price changes of a financial asset may provide
useful information to predict price trend of the other
financial assets.

To tackle these limitations, we propose a novel
Modal-Adaptive kNowledge-enhAnced Graph-
basEd financial pRediction scheme, MANAGER
for short. In detail, MANAGER consists of four
components: external financial knowledge acqui-
sition, video-audio feature extraction, knowledge-
enhanced modal-adaptive context comprehension
and task-specific instruction tuning for financial pre-
diction, as shown in Figure 2. In the first module,
we focus on acquiring the external related knowl-
edge for the given text, where a large-scale finan-
cial knowledge base FinDKG (Li, 2023) is used. In
the second module, we utilize BEiT-3 (Wang et al.,
2022) and Hidden-Unit BERT (HUBERT) (Hsu et al.,
2021) to extract the video and audio representa-
tions, respectively. In the third module, we con-
struct the knowledge-enhanced cross-modal graph
to aggregate the given text, input video, audio and
inferred external knowledge through two types of
relations (i.e., intra-modal and inter-modal seman-
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tic relations). We then employ the commonly used
graph neural networks (GCNs) (Kipf and Welling,
2017), which have shown great performance in
NLP tasks (Jing et al., 2023; Ouyang et al., 2024),
to adaptively utilize the different modalities for cross-
modal context comprehension. In the last module,
considering that up-to-date Large Language Mod-
els (LLMs) have shown promising performance in
multimodal context learning (Zhang and Li, 2023;
Wu et al., 2023a), the potential of LLMs in the mul-
timodal financial prediction task is increasingly ev-
ident. Therefore, we adopt ChatGLM2 (Du et al.,
2022) as the backbone and feed the cross-modal
representation into ChatGLM2 with a task-specific
instruction devised for the certain financial asset to
predict the price movement or volatility, respectively.
Unlike previous work, we do not conduct prediction
for different financial assets independently, but uti-
lize ChatGLM2 to capture the innate relation among
the financial assets. Finally, we conduct exten-
sive experiments on a publicly available Monopoly
dataset, on which our method outperforms the best
baseline across all the metrics for both price move-
ment and volatility prediction. Our contributions
can be concluded as follows.

* We propose a novel modal-adaptive
knowledge-enhanced graph-based financial
prediction scheme, where the text, external
knowledge, video and audio are aggregated
for cross-modal context comprehension.

+ As far as we know, we are the first to intro-
duce an up-to-date LLM named ChatGLM2 to
solve the financial prediction task for Monetary
Policy Conference (MPC) calls, which contain
multiple modalities (i.e., text, video and audio).

» The results of extensive experiments on the
Monopoly dataset demonstrate the superior-
ity of our MANAGER over other cutting-edge
methods, and prove the effectiveness of each
component of MANAGER. As a byproduct, we
release our code and parameters’ to facilitate
the research community.

2. Related Work
2.1. Large Language Models (LLMs) in
Finance

In early work about the application of LLMs in
Finance, researchers resorted to BERT (Devlin
et al., 2019) to conduct financial tasks, such as
FinBert (Liu et al., 2020), which is dedicated for
financial sentiment analysis with under one billion

"https://github.com/OuyangKunl0/
MANAGER.
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Figure 2: The architecture of MANAGER, which consists of four key components including External
Financial Knowledge Acquisition, Video-audio Feature Extraction, Knowledge-enhanced Modal-adaptive
Context Comprehension and Task-specific Instruction Tuning for Financial Prediction.

parameters, fine-tuned on a rich financial corpus to
excel in finance-specific tasks. Although it achieves
promising performance, it falls short of compre-
hending the long and complex financial text. In
recent years, there has been a surge in research
dedicated to integrating financial datasets with GPT-
based models (Brown et al., 2020), aimed at en-
hancing Natural Language Processing (NLP) appli-
cations. For example, BloombergGPT (Wu et al.,
2023b) is a closed-source model, trained exten-
sively on diverse financial datasets, thereby encap-
sulating a broad spectrum of the financial domain.
FinGPT (Wang et al., 2023b) is an open-source
LLM, fine-tuned from a general LLM using low-rank
adaptation method (Hu et al., 2021), fostering ac-
cessibility for the broader community.

2.2. Multimodal Financial Prediction

Existing work in the financial realm utilize vocal and
textual cues from earnings conference calls (Qin
and Yang, 2019; Sawhney et al., 2020), and merg-
ers and acquisitions calls (Sawhney et al., 2021)
for stock volatility prediction. Multimodal architec-
tures that use these cues for financial predictions
have seen significant improvements in their perfor-
mances (Sawhney et al., 2020; Yang et al., 2020).
However, the vision modality, which may offer im-
portant cues that correlate with the performance
of financial markets (Cao, 2021) remains under-
explored. Therefore, Mathur et al. (2022) first
introduced video modality in the financial predic-
tion task and released a dataset named Monopoly.
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They adopted cross-modal transformer blocks and
modality-specific attention fusion to forecast the
financial risk and price movement. Despite its
promising performance on financial prediction, it
overlooks the potential external knowledge, the
varying contributions of different modalities, the
innate relations among different financial assets,
which are the major concerns of our model.

3. Task Formulation

Suppose we have a training dataset D com-
posed of Ny samples, i.e., D = {di,dz, - ,dn,}.
Each sample d; = {T;,V;, A4;,Y;}, where T;
{ui,ub,---ul;} denotes the input text containing
N utterances, V; {v},vi, - v} and A;
{a},dl,---a%} are the set of the input video and
audio clips, respectively. Each utterance u; con-
tains N, tokens. i.e., u; = {t{,th,- -ty } And

Y = {pZ ,ol } denotes the target labels over a pe-
riod of 7 days where p? is the price movement and
ol is the volatility, respectively. Our target is to learn
a multimodal financial prediction model F that is
able to predict the price movement and volatility
for six principal financial assets (i.e., Stock Index
(Small), Stock Index (Large), Gold Price, Currency
Exchange Rate, Long-term bond yield (10-years),
Short-term bond yield (3-months) ), based on the
given multimodal input as follows,

Y, = F(T;, Vi, A;]©) (1)



where O is a set of learnable parameters of the
model F. Y; = {p7,67} is the labels (i.e., price
movement and volatility) predicted by F. For sim-
plicity, we omit the subscript ¢ that indexes the train-
ing samples.

4. Method

In this section, we detail the four components of
our proposed MANAGER, as shown in Figure 2.

4.1. External Financial Knowledge

Acquisition

As aforementioned, the external financial knowl-
edge inferred by the input text can assist the finan-
cial prediction since it can introduce corresponding
financial entities as well as the relations, and pro-
vide some external factors to analyze the financial
environment, leading to more informed predictions.
Specifically, we resort to FinDKG (Li, 2023), which
provides dynamic knowledge graph data in the fi-
nancial domain, as the source of external knowl-
edge. Notably, FinDKG changes dynamically over
time. In detail, it contains 13, 645 financial entities
and 15 types of relations. Given the input text, we
adopt the period-specific FinDKG? that only con-
tains the knowledge before the date of the input text,
to prevent our model from obtaining the information
beyond the date. The ration is that the information
beyond the date can influence the prediction.

To acquire the related external knowledge for
the given text, i.e., T = {u1,us, - -un}, we first
identify all the entities in FinDKG that exist in the
input text. Let {e;,---,en.} be the set of identi-
fied entities, where N, is the total number of the
identified entities. We then use these identified
entities as the anchors to obtain the related enti-
ties and corresponding relations as the external
knowledge for the input text. Notably, for each
anchor entity e, we retrieve all its one-hop neigh-
boring entities, as well as the corresponding rela-
tions that are treated as the edges, from FinDKG
and deem them as the external knowledge for e.
Mathematically, let V'(e) = N (e) UN?(r) be the
set of external knowledge (i.e., N'(e) is the set
of neighboring entities and N?(r) is the set of
corresponding relations between each neighbor-
ing entity and the anchor entity, respectively.) of
the entity ¢ in FinDKG. Then the related external
knowledge for the input text can be represented as
{Nell ’Nelgv T aNelNE} U {NglaNei? e 7N€2NE}' Ne
is the number of the neighboring entities as well as
the number of the relations.

2https://xiachui-victor-1li.github.io/
FinDKG/.
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4.2, Video-audio Feature Extraction

To obtain the global feature of video and audio
clips, we choose BEIT-3 (Wang et al., 2022) and
Hidden-Unit BERT (HUBERT) (Hsu et al., 2021) as
the visual and acoustical encoder, respectively.
Video Encoding, to encode the video clips, we
resort to BEIT-3, which is an advanced general-
purpose multimodal foundation model pre-training
for all vision and vision-language tasks and
shows great performance in visual modality en-
coding (Wang et al., 2022). Specifically, we embed
each frame v in the video clip v; as the arithmetic
mean of visual tokens representations of that frame.
We then average over all the frames to obtain the
aggregated encoding feature z{, € R”, where D is
the feature dimension. Mathematically, we have

Ny
. 1
al, = ; > BEiT-3(v}),Vj € [ILN], (2
k=1

where N is the number of frames in the clips v;.
And we represent the sequence of video features
as Xy =[x}, 22, z]].

Audio Encoding, we extract the feature of the
audio clips via the self-supervised speech repre-
sentation model named HUBERT, which has shown
significant power for extracting audio features for
speech language understanding tasks (Yoon et al.,
2022). We embed each audio utterance af in the
audio clip a; as the arithmetic mean of the represen-
tation derived by HUBERT and obtain the encoded
acoustical feature =7, € RP. Formally,

o’y = HuBERT(a%),Vj € [1, V], (3)

we represent the sequence of audio features as

XA = [I}I,Ig,-- : 7'r¢]1V]'

4.3. Knowledge-enhanced
Modal-adaptive Context

Comprehension

In this module, we aim to enhance the cross-modal
context comprehension utilizing the inferred exter-
nal knowledge in the financial domain. In fact, there
are rich relations (i.e., intra-modal semantic relation
and inter-modal semantic relation) existing in the
multiple input including the text, video, audio and
external knowledge. Therefore, to adaptively utilize
different modalities via these semantic relations for
boosting cross-modal context comprehension, we
resort to the widely used graph neural networks
(GCNs). Specifically, we first build a knowledge-
enhanced cross-modal graph G.

4.3.1. Nodes Initialization

In particular, the nodes in the knowledge-enhanced
cross-modal graph G come from four kinds of



sources, the given text T, input video clips V, in-
put audio clips A and inferred external knowledge
N (e). We define all the nodes as {ny, - ,nn, } =
{T,N(e),V, A}, where N, is the total number of
nodes. To initialize the nodes, we feed the textual
input {7', /' (e)} into the encoder of ChatGLM2 (Du
et al., 2022) to extract their features. Specifically,
we first concatenate them into a sequence of to-
kens, denoted as X1 = {T, N(e)}, and then feed
X into the encoder £ as follows,

H = £(Xr), (4)
where H = [hy,--- ,hy, oxn,] € ROVeH2XNe)xD
is the encoded representation matrix, V; is the to-
kens number of the whole utterances and each
column of which corresponds to a token. Accord-
ingly, nodes of the textual part (utterances and exter-
nal knowledge) in the knowledge-enhanced cross-
modal graph G can be initialized by H, where the
j-th token node is initialized with h;. In addition, the
other nodes are initialized by the extracted video
feature sequence Xy and the extracted audio fea-
ture sequence X 4, respectively.

4.3.2. Semantic Relation Construction

To enhance the cross-modal context comprehen-
sion with related external knowledge, we consider
two kinds of semantic relations: intra-modal se-
mantic relation and inter-modal semantic relation.
The former captures the basic information flow of
the multiple modalities input, also incorporates the
related external knowledge into the text. The lat-
ter enables the injection of non-textual information
from video and audio into the context and achieves
cross-modal information fusion.

Intra-modal Semantic Relation. To capture the
information flow in the specific modality, we de-
sign three types of intra-modal semantic edges. a)
Token-token edges. We introduce an edge between
each pair of adjacent nodes in given text to repre-
sent the neighboring relations among the tokens
of text. b) Token-knowledge edge. We connect
the tokens that act as an anchor entity in the afore-
mentioned external knowledge retrieval process,
relation token and the related entity token sequen-
tially. ¢) Video-video edge and d) Audio-audio edge.
We link each pair of adjacent video nodes and con-
nect each pair of adjacent audio nodes to repre-
sent the adjacency relations of the video and audio
modalities, respectively. The above edges are char-
acteristics of the information flow, and weighted by
1. Formally, we introduce the corresponding adja-
cency matrix A! for representing these edges as

follows,
1
1 b
A= {

0,

Zf Dl (’I’Li, n])7
otherwise,

()
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where N, denotes the total number of nodes in
G and i,j € [1,N.]. D;i(n;,n;) denotes that the
nodes n; and n; have the certain above defined
intra-modal semantic relation.

Inter-modal Semantic Relation. To compre-
hensively utilize the multiple modalities to promote
cross-modal context comprehension, we devise
two types of inter-modal semantic edges. a) Token-
video edges. For each video node, we connect it
to each token in the corresponding utterance. The
ration is to inject the visual information (e.g., facial
expressions and hand gestures) that can help se-
mantics understanding and hence improve financial
analysis, into the context. b) Token-audio edges.
For each audio node, we link it with each token in
the corresponding utterance. In this way, we can
incorporate the acoustic information (e.g., vocal
tone) that is also useful for context comprehen-
sion, into the context. The weight of all the above
edges is set to 1. Accordingly, the adjacency matrix
A? ¢ RNxNe for capturing the above inter-modal
semantic relations can be constructed as follows,

2 _

where Ds(n;,n;) indicates that nodes n; and n;
have certain above inter-modal semantic semantic
relation, i € [1, N;Jand j € [Ny +2 x N, + 1, N.].

Ultimately, by combing the adjacency matrices
for intra-modal and inter-modal semantic relations,
i.e., Al and A%, we can derive the final adjacency
matrix A for the knowledge-enhanced cross-modal
graph.

L,
0,

if Da(ni,n;),
otherwise,

(6)

4.3.3. Graph Convolution Network

Towards the final cross-modal context comprehen-
sion, we adopt L layers of GCN to extract the mul-
timodal fusion feature of the cross-modal context.
Then the node representations are iteratively up-
dated as follows,

G, = ReLU(AG,_1W)),l € [1, L], (7)
where A = (D)~ zA (D)= is the normalized sym-
metric adjacency matrix, and D is the degree matrix
of the adjacency matrix A. In addition, W; € RP*P
is a trainable parameter of the I-th GCN layer. G,
are the node representations obtained by the [-th
GCN layer, where G, = H is the initial node repre-
sentation.

4.4. Task-specific Instruction Tuning for
Financial Prediction

The final nodes representation G, obtained by the
L-th layer GCNs absorb rich semantic information
from their correlated nodes and can be used as the



Model | Stock Index (Small) | Stock Index (Large) | Currency Exchange Rate Model | Gold | 10-Year Bond Yield | 3-Month Bond Yield
[Fi1 F3 F7 F_15[ FI1 F13 F7 FI15] FI1_ F13 F_7 FI_15 [Fi1 F3 F7 F_15[ Fi1 F13 F17 FI_15| FI1_F13 F17 FI_15
HistPrice | 0.390 0.470 0400 0.420 | 0430 0430 0410 0420 | 0190 0260 0210 0230  HistPrice | 0.360 0.390 0350 0400 | 0.310 0.290 0220 0.390 | 0.220 0.160 0.340 0.330
P-SVM 0400 0480 0340 0530 | 0433 0490 0338 0500 | 0.190 0270 0190 0370  P-SVM 0390 0.420 0370 0380 | 0.340 0310 0330 0330 | 0370 0220 0310 0.390
P-LSTM 0410 0473 0291 0546 | 0.399 0391 0421 0442 | 0.123 0232 0165 0341  PLSTM 0365 0352 0371 0346 | 0.320 0.201 0342 0258 | 0377 0234 0332 0314
MLP 0349 0435 0209 0539 | 0.267 0319 0331 0351 | 0101 0201 0124 0311  MLP 0243 0215 0288 0315 | 0244 0299 0234 0174 | 0332 0157 0248 0394
LSTM 0449 0435 0269 0527 | 0414 0596 0371 0432 | 0.137 0229 0199 0369  LSTM 0361 0337 0304 0345 | 0.364 0311 0255 0394 | 0381 0.168 0382 0444
MMIM 0435 0653 0302 0.605 | 0.392 0631 0329 0601 | 0296 0217 0142 0385  MMIM 0209 0508 0412 0318 | 0411 0318 0345 0138 | 0417 0306 0417 0379
MDRM 0449 0419 0462 0355 | 0409 0392 0494 0324 | 0177 0161 0379 0152  MDRM 0434 0383 0214 0317 | 0287 0.242 0314 0149 | 0346 0.198 0478 0.505
HTML 0490 0645 0458 0541 | 0431 0504 0557 0482 | 0484 0531 0298 0626  HTML 0441 0654 0379 0526 | 0529 0278 0466 0389 | 0424 0314 0397 0450
MULT 0491 0630 0536 0629 | 0443 0625 0572 0612 | 0499 0547 0473 0521  MULT 0329 0590 0454 0533 | 0.53¢ 0.364 0485 0400 | 0428 0.171 0466 0.493
MPCNet | 0501 0590 0565 0.638 | 0460 0590 0.559 0.620 | 0520 0570 0329 0450  MPCNet 0444 0668 0413 0637 | 0.386 0.327 0560 0625 | 0493 0556 0374 0.537
MANAGER | 0.548" 0.694° 0.610° 0.659° | 0.517° 0.652° 0.589° 0.646" | 0.564° 0.608° 0.511° 0.681° MANAGER | 0.486° 0.696° 0.507° 0.672° | 0.612° 0.391" 0587° 0.649° | 0.521° 0.583° 0519° 0.574°

(a) Stock Indices and Currency Exchange Rate

(b) Gold Prices, Long-term (10-Years) and Short-term (3-
Months) Bonds

Table 1: Performance comparison with baselines for movement prediction in terms of F1 score r-days
after the call (r € {1,3,7,15}). The best results are in boldface, while the second best are underlined. *
denotes that the p-value of the significant test between our result and the best baseline result is less than

0.01.

Model Stock Index (Small) Stock Index (Large) Currency Exchange Rate Model Gold 10-Year Bond Vield 3-Month Bond Yield
MSE, MSE; MSE; MSE;; | MSE; MSE; MSE; MSEys | MSE; MSE; MSE; MSEss MSE, MSE; MSE; MSE;s | MSE; MSE; MSE; MSE;s | MSE; MSE; MSE; MSEss
HistPrice | 2486 2234 1880 1664 | 3397 3316 2934 2972 | 2709 3187 3.127 3291  HistPrice | 3.193 3039 2675 2683 | 4132 4020 3472 3334 | 3899 3665 3063 2913
2489 2220 1915 1753 | 2568 2921 1.971 2012 | 2104 2534 1921 2231  P-SVM 2568 2543 1967 2104 | 3212 3589 2986 3141 | 3235 3.143 2922 2874
P-LSTM 2421 2217 1.845 1.731 2.128 2194 2.108 1.456 1.424 1.867 1.015 1.569 P-LSTM 1.965 1.998 1.043 1.764 2212 1.699 2340 1.453 3.433 2909 2678 2477
MLP 2524 2214 1899 1680 | 1469 1597 0937 0981 | 1.060 1441 0802 1159  MLP 1431 1654 0904 0955 | 1811 1743 1288 1382 | 2582 2523 2239 2.231
LST™M 2.290 2210 1.750 1.680 1.346 1.304 0.724 0.779 1.219 1.296 0.762 0.558 LST™M 1.472 1.484 0.703 0.508 1.735 1.801 1.169 1.235 2421 2439 2.044 2013
MMIM 2290 2092 1779 1598 | 1.287 1.133 0718 0622 | 0975 1.081 0500 0510  MMIM 1202 1292 0565 0486 | 1698 1.604 1080 1.053 | 2345 2392 1.977  1.902
MDRM 2.065 2,511 1.748 1.597 1.281 1.578 0.683 0.612 1.183 1.627  0.769 0.512 MDRM 1.436 1.843 0.710 0.483 1.729 1.699 1.126 1.223 2.406 2622 2.096 1.993
HTML 2296 2133 1771 1611 | 1302 1.127 0766 0.609 | 0988 1.118 0588 0498  HTML 1277 1291 0589 0524 | 1685 1612 1103 1149 | 2342 2356 1962  1.998
MULT 2,073 2179 1.768 1.605 1.288 1.133 0.672 0.742 1.022 1.018  0.549 0.497 MULT 1.314 1.335 0.579 0.503 2122 1.837 1.104 1.087 1174 2515 1.973 1.903
MPCNet | 2233 2089 1732 1594 | 1.269 1046 0.806 0607 | 1.176 1.001 0469 0470  MPCNet 1342 1275 0562 0477 | 1767 1602 0979 1442 | 2431 2319 1.948  1.901
MANAGER | 1.819° 1.725° 1.608" 1.471° | 1.126° 0813° 0584° 0572° | 0.906° 0.957° 0416° 0.402° MANAGER | 1.106" 1.144° 0527° 0419° | 1.452° 1574’ 0825 0.917° | 1.049° 2.076° 1.804" 1.276

(a) Stock Indices and Currency Exchange Rate

(b) Gold Prices, Long-term (10-Years) and Short-term (3-
Months) Bonds

Table 2: Performance comparison with baselines for volatility prediction in terms of MSE r-days after the
call (r € {1,3,7,15}). The best results are in boldface, while the second best are underlined. x denotes
that the p-value of the significant test between our result and the best baseline result is less than 0.01.

input for the following financial prediction. Consid-
ering that we need to solve a couple of tasks (i.e.,
prediction of the price movement and volatility), we
resort to the advanced large language model Chat-
GLM2, which shows great performance in context
comprehension (Du et al., 2022), and fine-tune it
for each task independently. In addition, construct-
ing proper instructions is pivotal for task-specific
tuning, with each task being guided by a unique
instruction prompt. Therefore, we adopt the instruc-
tion template (Wang et al., 2023a) structured as
follows:

Instruction: [prompt] Input: [input] Answer:
[output]

This template provides a standardized format,
facilitating consistency across different tasks. No-
tably, we utilize the aforementioned final nodes rep-
resentation G as input. Next, we design prompt
for specific task.

Movement Prediction. In this task, we aim to
predict the price movement for the financial assets.
Therefore, the movement-oriented prompt is de-
signed to guide ChatGLM2 to judge the price move-
ment (e.g., “increase” or “decrease”) of the given
asset based on the multimodal input. The prompt
template is “Please predict the price movement
of O in 7 days after the date according to the in-
put”, where O is the to-be-predicted financial asset,
T €{1,3,7,15} and date is formatted as YYYY-MM-
DD.

Volatility Prediction. In this task, we aim to
predict the volatility, a float number that measures
the instability of an asset. Therefore, the volatility-
oriented prompt is designed to guide ChatGLM2
to output the volatility of the given financial asset
based on the multimodal input. Similar to the above
prompt template, we just replace “price movement”
with “volatility”.

We then utilize encoder of ChatGLM2 to em-
bed the prompt and concatenate it with the in-
put. [output] is the prediction result that is an-
swered after we feed the instruction into ChatGLM2.
And we can obtain the task-specific instruction
(i.e., Movement-oriented instruction I,, and volatility-
oriented instruction I,,). Finally, we feed I,, and I,
into ChatGLM2 independently to guide it to conduct
the two financial prediction tasks. For optimizing
our MANAGER, we adopt Binary Cross-Entropy
(BCE) loss and Mean Squared Error (MSE) loss to
train the output for price movement prediction and
volatility prediction, respectively.

5. Experiment

5.1. Dataset

In this work, we conducted extensive experiments
on Monopoly (Mathur et al., 2022) dataset for fi-
nancial prediction. It is a collection of public mon-
etary conference call videos along with their cor-
responding audio recordings and text transcripts

64



Model | Stock Index (Small) Stock Index (Large) Currency Exchange Rate Model Gold 10-Year Bond Yield 3-Month Bond Yield
FI.1 F1.3 F1.7 F1.15| F1.1 F1.3 F1_7 F1_15| F1I_.1 F1.3 F1.7 F1_15 F11 F1.3 F1.7 F1.15| FI.1 F1.3 F1.7 F1_15|F1_1 F1.3 F1_7 F1_15
w/o-Text 0.479 0.590 0.513 0.544 | 0.437 0.556 0.436 0.549 | 0.483 0.510 0.433 0.609 w/o-Text 0369 0.571 0448 0525 | 0498 0.328 0467 0.583 | 0.460 0516 0.428 0.502
w/o-Knowledge | 0.530 0.677 0.592 0.631 | 0485 0.630 0.574 0.628 | 0.547 0.591 0.497 0.670 w/o-Knowledge | 0470 0.659 0.488 0.656 | 0.593 0.370 0.562 0.627 | 0.504 0.576 0.498 0.557
w/o-Video 0.509 0.664 0.581 0.627 | 0.477 0.606 0.562 0.611 | 0.530 0.573 0484 0.657 w/o-Video 0451 0639 0471 0646 | 0589 0.352 0.550 0.617 | 0.501 0.537 0.500 0.545
w/o-Audio 0.527 0.671 0586 0612 | 0493 0.639 0.570 0.620 | 0.546 0.588 0.494 0.660 w/o-Audio 0456 0662 0479 0631 | 0573 0.362 0.554 0.619 | 0496 0.553 0481 0.521
w/o-Graph 0.533 0.679 0491 0608 | 0.492 0.611 0.560 0.627 | 0.532 0.570 0.483 0.654 w/o-Graph 0.457 0.681 0457 0650 | 0593 0.359 0.559 0.624 | 0.503 0.551 0.487 0.540
w/-FullGraph 0.499 0.582 0.548 0601 | 0429 0.627 0451 0595 | 0.510 0.521 0448 0.639 w/-FullGraph 0397 0592 0461 0620 | 0519 0.317 0512 0607 | 0495 0.532 0413 0518
MANAGER 0548 0694 0610 0.659 | 0.517 0.652 0589 0.646 | 0.564 0.608 0.511 0.681 MANAGER 0.486 0.696 0.507 0.672 | 0.612 0.391 0.587 0.649 | 0.521 0.583 0.519 0.574

(a) Stock Indices and Currency Exchange Rate

(b) Gold Prices, Long-term (10-Years) and Short-term (3-
Months) Bonds

Table 3: Ablation study results of our proposed MANAGER for movement prediction. The best results are

highlighted in boldface.

Model | Stock Index (Small) Stock Index (Large) Currency Exchange Rate Model Gold 10-Year Bond Yield 3-Month Bond Yield

MSE; MSE; MSE; MSE;; | MSE; MSE; MSEr MSEi | MSE; MSE; MSE; MSEss MSE; MSE; MSE; MSEy | MSE; MSE; MSE; MSEy | MSE: MSE; MSE; MSEis
wio-Text 2146 2048 1795 1613 | 1379 1016 0879 0926 | 1.198 1348 0702 0617  wio-Text 1451 1400 0796 0794 | 1812 1910 1110 1173 | 1400 2403 2090 1.498
wio-Knowledge | 1.930 1908 1784 1536 | 1291 0905 0670 0713 | 0977 1019 0474 0566  wioKnowledge | 1222 1215 0593 0427 | 1594 1708 0886 1092 | 1237 2211 1900 1467
wio-Video 2101 1997 1.891 1741 | 1324 1089 0851 0854 | 1122 1141 0668 0609  wio-Video 2184 1351 0576 0704 | 1641 1.850 1.070 1101 | 1344 2280 1979 1510
wio-Audio 1959 1893 1.748  1.609 | 1.287 1.003 0776 0790 | 1.035 1.124 0603 0593  wio-Audio 1307 1358 0.639 0549 | 1.588 1758 1.024  1.127 | 1.264 2213 1.943  1.419
wio-Graph 1941 1929 1754 1712 | 1331 1.004 0750 0755 | 1136 1.180 0603 0449  wio-Graph 1347 1278 0742 0540 | 0674 1861 1.013 1.164 | 1.275 2226 1.937 1.494
wiFullGraph | 2144 1962 1919 1791 | 1495 1.022 0898 0904 | 1175 1.306 0681 0640  w-FulGraph | 1.365 1.367 0795 0680 | 1.816 1.834 1.073 1168 | 1234 2373 2075 1463
MANAGER 1819 1725 1.608 1471 | 1126 0813 0584 0572 | 0.906 0957 0416 0402  MANAGER 1106 1144 0527 0419 | 1452 1574 0825 0917 | 1.049 2076 1.804 1276

(a) Stock Indices and Currency Exchange Rate

(b) Gold Prices, Long-term (10-Years) and Short-term (3-
Months) Bonds

Table 4: Ablation study results of our proposed MANAGER for volatility prediction. The best results are

highlighted in boldface.

released by six international banks between 2009
and 2022. Overall, it consists of 24,180 samples,
and each sample includes the corresponding text,
video and audio clips with the annotated price
movement and volatility. We adopted the original
dataset split setting, the ratio of data split for train-
ing/validation/testing setsis 7: 1: 2.

5.2. Experimental Setup

We adopted ChatGLM22 as the backbone of our
model. The total number of tokens in each sample,
i.e., N, is unified to 768. The feature dimension D
is set to 768. We used AdamW (Loshchilov and
Hutter, 2017) as the optimizer and set the learn-
ing rate of GCN layers to 1e-3. Following Mathur
et al. (2022), we use a learning rate of 1e-4 for
movement prediction and 1e-3 for volatility predic-
tion, respectively. The batch size is set to 1 due
to GPU limitation, and the maximum number of
epochs for model training is set to 10. Following the
previous work, we employed mean squared error
(MSE) to evaluate the predicted volatility and used
F1 score to measure the predicted price movement,
respectively, for 7 € {1,3,7,15}.

5.3. Baseline methods

5.3.1. Text-only baselines

¢ HistPrice (Du and Budescu, 2007). It uti-
lizes the ARIMA model to perform regres-
sion/classification.

Shttps://huggingface.co/THUDM/
chatglm2-6b.

+ P-SVM (Chatzis et al., 2018). This model ap-
plies Support Vector Regression (SVR) and
Classifiers (SVC) for volatility and price move-
ment prediction, respectively.

¢ P-LSTM (Yu and Li, 2018). It uses LSTM to
extract forecast patterns from 30-day historical
price time-series.

5.3.2. Multimodal baselines

* MLP (Tolstikhin et al., 2021). It is a simple
multi-layer perceptron where multimodal fea-
tures are aggregated across a time series and
concatenated for prediction.

* LSTM (Poria et al., 2017). It feeds the mul-
timodal time series to individual LSTMs and
averages them before the final prediction.

* MMIM (Han et al., 2021). In this model, LSTMs
are employed to encode the video and audio
sequences, while BERT is utilized for text pro-
cessing. Subsequently, the encoded features
are fused for prediction.

« MDRM (Qin and Yang, 2019). It adopts BiL-
STM layers to encode unimodal sequences,
which are then fused together for prediction.

* HTML (Yang et al., 2020). HTML utilizes
fused multimodal feature representations be-
fore passing through Transformer layers for
final prediction.

* MULT (Tsai et al., 2019). It employs trans-
former encoders to align text, video, and audio
sequences for prediction.
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* MPCNet (Mathur et al., 2022). It adopts
cross-modal transformer blocks and modality-
specific attention fusion for prediction.

5.4. Experimental results

We reported the experiment results in Table 1 and
Table 2. From the above tables, we have the fol-
lowing observations. 1) Our model MANAGER
consistently exceeds all the baselines in terms of
all the metrics for both price movement and volatility
prediction, which thoroughly demonstrates the su-
periority of our model. 2) Overall, the second best
model is always multimodal baseline which verifies
that the video and audio modalities can provide
useful information for the financial prediction. 3)
Notably, multimodal models not always outperform
text-only models. For example, HistPrice, P-SVM
and P-LSTM exceed MLP in the movement predic-
tion of Stock Index (Large). It imples that improper
use of non-verbal information in video and audio
may lead to worse performance.

6. Analyses

6.1. Ablation Study

We introduced the following variants to explore the
contribution of each component.

+ w/o-Text, w/o-Knowledge, w/o-Video w/o-
Audio and w/o-Graph. To prove the effec-
tiveness of the input text, inferred knowledge,
video, audio and constructed knowledge-
enhanced cross-modal graph, we eliminated
the text, external financial knowledge, video,
audio and graph in these variants, respectively.

w/-FullGraph. To further investigate the se-
mantic relations of our knowledge-enhanced
cross-modal graph, we erased all the semantic
relations and transformed the semantic graph
to a full connection graph.

The ablation study results are shown in Table 3
and Table 4. From this table, we have the following
observations. 1) w/o-Text performs terribly com-
pared with MANAGER. This is reasonable since
the caption is the main source for delivering infor-
mation to predict the price movement or volatility.
2) MANAGER exceeds w/o-Knowledge. It proves
that external knowledge in the financial domain can
assistin comprehending the context. 3) MANAGER
consistently outperforms w/o-Video and w/o-audio
across different evaluation metrics. It demonstrates
the non-verbal information residing in the video
and audio can improve context comprehension and
hence boost financial prediction. 4)w/o-Text per-
forms worse than both w/o-Video and w/o-Audio.
It implies that the given text contributes more to
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the financial prediction than video and audio. 5)
MANAGER outperforms w/o-Graph, denoting that
the graphs are essential to capture the semantic
relations among text, knowledge, video and audio,
which help comprehend the cross-modal context.
And 6) w/-FullGraph performs worse than MAN-
AGER, which verifies the utility of proposed seman-
tic relations.

«® Federal Reserve Bank |
11 of USA

17 June 2015

opny

For economic growth, participants reduced their projections for this year, in line with
the disappointing data for the first quarter.

The central tendency of the growth projections for 2015 is now 1.8 to 2.0 percent,
down a little more than %: percentage point from the March projections.

The central tendency rises to 2.4 to 2.7 percent next year, somewhat above estimates
of the longer-run growth rate.

X9,

O9PIA

Economic Growth: impact U.S. Dollar impact Stock

Market
@ }l 24 June 2015

' (J[j\ 17 June 2015

: Ground Truth: U.S. Dollar Price Movement I Volatility 95.264

Knowledge

| MPCNet: U.S. Dollar Price Movement 1 Volatility 109.910

:MANAGER: U.S. Dollar Price Movement I Volatility 93.600
Figure 3: Comparison between the results pre-
dicted by MANAAGER and the best baseline MPC-
Net on one testing sample.

6.2. Case Study

To get an intuitive understanding of how our model
works on financial prediction from MPC calls, we
showed one testing sample in Figure 3 due to the
limited space. For comparison, we also displayed
the prediction results of the best baseline MPCNet.

As you can see, our MANAGER predicted the
price movement of U.S. Dollar correctly, while MPC-
Net failed. In addition, the volatility 93.600 fore-
casted by MANAGER is closer to the ground truth
95.264 than 109.910 predicted by MPCNet. This
may be attributed to the fact that the external knowl-
edge (e.g., relation: “impact”, entity: “U.S. Dollar”
and “Stock Market”) inferred by the entity “Eco-
nomic Growth” may guide our model to pay atten-
tion to “Economic Growth” existed in the text, since
it may provide some useful information for the price
movement or volatility of U.S. Dollar. Overall, this
case shows the benefit of incorporating external
knowledge into the context of financial prediction
from MPC calls.



7. Conclusion and Future Work

In this work, we propose a novel modal-adaptive
knowledge-enhanced graph-based financial pre-
diction scheme. Experimental results on a public
dataset demonstrate the superiority of our model
over existing cutting-edge methods, and validate
the advantage of utilizing external knowledge in the
financial domain, as well as the benefit of construct-
ing the knowledge-enhanced cross-modal graph to
characterize the intra-modal and inter-modal rela-
tions among the multiple input (i.e., text, external
knowledge, video and audio). In the future, we plan
to explore the Multimodal Large Language Models,
such as VisualGLM, in financial prediction.
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