














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° 0.587° 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 2.234 1880 1664 | 3397 3316 2934 2972 | 2709 3187 3127 3291  HistPrice | 3193 3.039 2675 2683 | 4.132 4020 3472 3334
2489 2220 1915 1753 | 2568 2921 1.971 2012 | 2104 2534 1921 2231

P-LSTM 2421 2217 1.845 1.731 2.128 2194 2.108 1.456 1.424 1.867 1.015 1.569

MLP 2524 2214 1899 1680 | 1469 1597 0937 0981 | 1.060 1.441 0802  1.159

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

MMIM 2290 2092 1779 1598 | 1.287 1.133 0718 0622 | 0.975 1.081 0500 0.510

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

HTML 2296 2133 1771 1611 | 1302 1.127 0766 0.609 | 0988 1.118 0588  0.498

MULT 2,073 2179 1.768 1.605 1.288 1.133 0.672 0.742 1.022 1.018  0.549 0.497

MPCNet | 2233 2089 1732 1594 | 1.269 1046 0.806 0607 | 1.176 1.001 0469 0470

MANAGER | 1.819° 1.725" 1.608° 1.471° | 1.126° 0813° 0584° 0572° | 0.906° 0.957" 0.416° 0.402"

(a) Stock Indices and Currency Exchange Rate



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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