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Motivation
Seed sequence of words Predicted word . ositive :’ _____ 1; i _1_._ i _ _______ \:
Step 1: the man is walking : - ; ;
Predicted O negative !+ Epidemiology !
Seed sequence of words Predicted word : * Social network :
_ . : Step 2 . ¢ Internet of Things ,
Step 2: the { man IS walking down ]“ Predicted : . Brain Network :
Seed sequence of words Predicted word : * efc :
S ’
Seed sequence of words Predicted word Predicted
Step 4: the man is [ walking down the street ] - Step 4
Question : : : .
- Optimal option for graph-text interaction Graph is quite different Images: no style, only structure with attributes
Natural Input Formats
Visual? | E.g., take each snapshot of dynamic graph as an image
Textual? | E.g., “I have a Renyi graph with size of 30 nodes, the first node is activated....”
Unnatural Input | Adjacency Matrix/List? || Graph Markup Language? w
(Professional setting)

Task: Dynamic Graph

Direction and step size combination

FW1: Step differences is 1 and forward prediction. including step 1-2, 2— 3 ...
Cé%) *@%) '.\%D o : BW2: Step differences is 2 and backward prediction. including step 3— 1, 5— 3 ...
How long can LLM predict?
Forward [——————""—"—==> FW1_2: mixed with FW1 and FW2

Oé%) ’65-.0 : E ) How long under the reverse task? Data and Metrics
—

- Backward Graph: Watts-Strogatz small-world graphs Diffusion: SIR
Implementation: https://github.com/XGraph-Team/XFlow
Flow Tasks __ SharedInput Variable Input Output LLM: ChatGPT-4, GUI version, 10 results for each test
Forward graph G, diffusion model D, observation intervals I | source nodes {2 | target nodes w . . q
Backward | graph G, diffusion model D, observation intervals / | target nodes w | source nodes {) Metrics: count the distance to real results; count the total number
Backward ,
Results Q Forward
Intervals
{ —— Mean \ _______ Predlcted ———- Actual — Mean _______ PredICted A ACtual
0.75 250 '\
1.0' PRea 10 T 8 8 /,” S
e T : 1 0751 | PNy —( 0.751 T P ~
o T % " T [ TN N - . 0550 n 2001° k.
[e) *— — = ﬂ 200 "\ RS A — | (@) o+ S
0 0.4 \K 0 0.5 .///\\T §O >0 N S 5 0.5 v \\ §0'5O T g & [ . T § '
9 0 | S : g 9 o i '0.251 ah 150
g O 2 o \\\T o' \\ | E O 25 \\—-r @) 100 tOtal numb\g\r o }]_‘ 025 o///.\xi'\i‘ E O 5 '// \\‘\ 8 o /// x
0.0 L 0.0/ l 1L D 0.00 J J g Sinegle mode |L = 000t == L T "= p.00l - L \L 1001 == 4 | |
A A 1 EWa A A ‘ : A A / . y 8 2 BW4 BWS BW1 BW2 BW4 BWS BW1 BW2 BW4 BWS BW1I BW2 BW4 BWS
—e— Mean ke Predicted —a—  Act R ean ks Predicted —=— ACTUa
- o Mixture mode | —— 1.0/ - Jeo.
T T S | 0.751 | t 275 —— — ° 0.6 | 1 7
c Q T - G'L) wn J e ——A
8 \j\\. §0.5 .// \ 9 .\\ §250- 8 0.5 / \T 50 5 T T ﬁl ot | =
o g | ~e @) v o’ o’ — | / e O 150
& 0-25] =025, O , w & ~ ] - 0.21 | y
Z l l J 225 ,,'/ e J i l //
0.00{ - : , 0.01 - | /\ | | — 7 0.00 - | T 0.0 ! /\ d 0.00 = | | T — ‘ |
FW1  FW2 FW1 2 FW1  FW?2 II lO de FW2 FW1 2 FW1 FW2 FW1 2 BW1  BW2 BWI_2 B | | | O e BW1  BW2 BWI1_2 BW1 BW2 BW1_2
—— Mean e e Predicted  --+- Actual —— Mean | e Predicted  -=— Actual
_ 250
T 1.0 _ A 1.01 T g 0.75 g /-/_/.A-- \\\\\\\ —
0.6 % —I' 1 0.75] T 250 ‘/‘/‘/‘ \'\-\,\\\A w w 0.75 e s T ////_/- —a
= w ? 7 < _ ; 0 0.50- n 2001
o N = S bl JZaRe S e, = ' | =
5 0.4 \ ©0.5 | : 30201 1 ; c2001 " T X D05 % 0.50- [ T S [ c (R — |
@ - 2 \\ 7 \ T o 3 g T : 3 ~10.25 - 5
& 0.2] T | T = 0.25; Nl T O & 0.25 ._\:/,. —0. — O 150
l — J — 150 =
0.0 -+ , 0.0f - T , 0.004 - T - | | A 0.0t — T T 0.001 = + 0.001 = T = 100 | |
FW1  FW4 FW1 4 FW1 FW4 FW1 4 FW1  FW4 FW1 4 FW1 FW4 FW1 4 BW1 BW4 BWI1 4 BW1 BW4 BW1 4 BWL BW4 BW1 4 BW1 BW4 BW1 4
- Mean e Predicted —=— Actual —— Mean 1 e Predicted —=+— Actual
T 1'0_ d y —_.— 7 1'0- 8 0.75' d /./‘/A
0.6l T 1 v mO e o 200 ""'—'-'—,7’-* w | T \/ mO e 75 1 _/_,./'
c N / - _ 200- ) -
p— ﬂ AN / ®) _— 0.50_ 4('3
% 0.4 h\ 80 . L §O .50 N w g \\ // zo 5 8 §0.50- —|7 , g
O , 0 T o) \ / O = _e ) | O
v 0 o 1 D [N oc . P 1 So=x
a 0.2 i\OL//‘ l\3//. EO-25' J\// o 100 o \{l{ 0.25 .\\i// - 0.25] .\\%/ N |
0.0{ - — < 0.0{ - , ! 0.00{ - = ~ | ¥ | 0.01 5 — F 0.001 =~ a3 0.001 = — s 1005 | |
FW1 FW8 FW1 8 FW1 FW8 FW1 8 FW1 FW8 FW1 8 FW1 FW8 FW1 8 BWLI BWS BW1 8 BWL BWS BW1 8 BWL BWS BW1 8 BW1 BWS BW1 8
—e— Mean e Predicted —=— Actual —e— Mean e Predicted —=— Actual
0.75- 1.0 T 0.75; K3 N 1.0{ o 1.0{ ¢ 500 %
T | . 0.75 N e 1
S 0.50- — £ 0.501 n 250/ \\ . S = T - " \\‘_\,_ ,,,,, P
@ ©0.5] : 0 g E Ry @0 5] Cos| | 3050 I Sa00lT ™
U LN o n o =2 200 N Tk U S o , n > 200 AN
g 0.25 \\.—-/”’ - .\\ T //. EIO'ZS_ \ T //' S . g o—/*/ = I E— :IO.ZS- — | S .
N A T 150 2 T N A e e L e N B
0.00{ L , 1 0.0{ L | L 0.00{ L = | | ¥ | 0.0{ T T T 0.0{ - T - 0.00{ & T - 1501 |
FW1 2 FW1 4 FW1 8 FW1 2 FW1 4 FW1 8 FW1 2 FW1 4 FW1 8 FW1 2  FW1 4  FW1 8 BW1 2 BWI1 4 BW1 8 BW1 2 BW1 4 BW1 8 BW1 2 BW1 4 BW1 8 BW1 2 BW14 BWI1S8

* Long dependency is still limited with text input, even with short intervals.
* Single-mode performance drops down significantly as the interval increases.

F Pl  Text mode: GPT API; Other LLMs;
* Mixture-model: from mixing interval 1 with 2/4/8: from V to flat and then to A uture FPlan s Professional mode: graph format & Customized Transformer




