A Algorithms

Complexity Analysis. Here, we analyze the computational complexity of one layer in HAMP-|
and HAMP-II. Analytically, the time complexity is O (|V||€]c* + |V|c), where [V, |€] and c are the
number of nodes, number of hyperedges and number of hidden dimension, respectively. However, the
incidence matrix H is a sparse matrix, so the time complexity is O ((tr(D,) + tr(D.))c? + [V|c),
where tr(D,) is the sum of the degrees of all nodes and ¢r(D..) is the sum of the number of nodes
contained in all hyperedges. The detailed process of HAMP-I and HAMP-II are shown in Algorithm
1 and Algorithm 2.

Algorithm 1 The HAMP-| Algorithm for Hypergraph Node Classification.

Input: the incidence matrix H, the node feature X, and the node labels Y .

—_

2: Output: the model prediction accuracy .

3: Initialization: the time 7', the step size 7 and all parameters of model .

4: while not converged do

5:  Node feature mapping X = Linearmap(X) ;

6:  Set the initial time ¢ = 0, the initial node representation X (0) = X;

7:  whilet < T do

8: Message passing from V to £: Xy_,¢(t) = ©1(X(¢), H) ;

9: Message passing from € to V: Xe_,p(t) = ¥ (X(t), P2 (Xy_e(t), H));
10: Compute particle dynamics as

X(t+71)=X(t)+70 | Xeoy(t) — wX(t)+ 0fa(X(t)) +eB(t)+6X(0) | ;
—_—— ——
Interaction Force Allen-Cahn Force Noise

11: Updatat =t + 7;

12: end while
13:  Input the node representation into the classifier X°“* = MLP(X(T));
14:  Compute the model prediction labels Y = Softmax(X°“") and compute the loss function ;

15:  Update all parameter by back propagation using the Adam optimizer ;
16: end while

Algorithm 2 The HAMP-II Algorithm for Hypergraph Node Classification.

Input: the incidence matrix H, the node feature X, and the node labels Y .

1:

2: Output: the model prediction accuracy .

3: Inmitialization: the time 7T, the step size 7 and all parameters of model .

4: while not converged do

5:  Node feature mapping X = Linearyy,(X) ;

6:  Set the initial time ¢ = 0, the initial node representation X (0) = X ;

7:  Set the initial velocity V(0) = Linear(X(0)) — X(0);

8: whilet < T do

9: Message passing from V to £: Vy_,g(t) = ©1(V(t),H);
10: Message passing from € to V: Ve, (t) = ¥ (V(¢), P2 (Vy_e(t), H));
11: Compute the velocity of particle dynamics system as

Vit+7)=V(@t)+ 70 | Veop(t) —w V(@) + 6fa(V(t)) +eB(t)+8V(0) |
——— ——
Interaction Force Allen-Cahn Force Noise

12: Compute the representation by X (¢t + 7) = X(t) + 7V (t + 7);
13: Updatat =t +7;

14:  end while
15 Input the node representation into the classifier X%t = MLP(X(T));
16:  Compute the model prediction labels Y = Softmax(X°“) and compute the loss function ;

17:  Update all parameter by back propagation using the Adam optimizer ;
18: end while
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Limitations Discussion. Our particle dynamics-based hypergraph message passing framework
assumes a static hypergraph topology. While this assumption is valid for social and biological
hypergraphs with slowly evolving interactions, it may not hold in highly dynamic scenarios like fi-
nancial transaction networks, where hyperedge topologies change abruptly. Consequently, effectively
modeling temporal hypergraphs with evolving structures remains an open challenge.

B Theoretical Results and Proof

Technically, we suppose there exists { f§} such thatZ = {1,--- , N'} can be divided into two disjoint
groups with N1, Ny particles respectively: fg(h ;) > 0, for {i,j} € Z; or Iy and fz(hs ;) < 0,
otherwise. We designate

(e} = {xilie T}, {2} = {x;]j € ). (11)
The model is channel-wise, hence we use x instead of x in the proof.
First, let’s define the relevant notation,

The mean value:

1
Ti= ; ;. (12)
The deviation values:
The variance of values within each group:
1 1
Dy — ~(1)y2 @2y _ + ~(2)12
var(z'') = N, Z(xl )%, var(z\?) = N, Z(xl ). (14)
The second moments:
N1 N2
Ma(z W) =3V, My(a®) =Y ()2, (15)
i=1 i=1
And others: .
My := My () 4+ My(2?) = var(zV) + var(z®). (16)
e, e,+
=R =YY m (a7
jEe ecf jce
k= max{[£(0)]). (18)
D = mkax{i/),i’_}, D™ :=max{D_ }. (19)
e
D = max{ [ o} 0)

Technically, we set N; = Ny := Njy. This assumption is that N; is comparable to Vs, i.e., there
exists a positive constant x satisfying %Nl < Ny < kNVg.

We can rewrite Eq. 4 as

i 2 thi % = SR 6~ al) 4 821 (20

ec&(a) v ec&(i) j=1
2 2 2 1 2 2 2
()7722}1 () () Zz () g))+5xg)(17(x§))2).
ees(J)J’ 1 eEf(J)Z 1
(21)
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Set the matrix A€ as

€

Ae . — h’i,i
,j e
—h

NE

and and designate C4 := nrlelg{F(Ae)}7 where F'(A°) is the Fiedler number of A°.

Lemma B.1 (L, estimate for Ms). There exists a positive constant M35° such that

sup My(t) < Ms®

0<t<o0
Proof. Note that hf”i hS; =, then
d
el (1)
dtM2 Zm i
e, + €= 2
= Z > D Z > D hiy (]
i=1ec&(i)t'€e 1=1 ec&(i) jE€e
25
1 1
g L@@
2D _ (1) (1) (2) COAMES)
lezhlll Z; ZZ i )xl
ecf i,i’'€e 668 i,j€e
Ny
20 1 1
+ EZ( P21 (V)2
_ _72 Z hf:,r (1) (1) Z Z (2) EU)xgl)
66511 Ee eef i,j€e
20 1 1
+ EZ@E D21 - (2(")?).
i=1
Similarly,
d 2 2 252
& Q(I( )) 5 4 _] ]
7j=1
1 2 2 1 2y (2
A h13(§) () ZZ ‘ ())é)
2 ecf j,j'€e eeé'j i€e
N2
20 2 9
N = )
=1

Define the total second moment My := My(2™1)) + My(2(?). Tts time derivative is:

d d d
— My = — My(2W) + — My(2?).
q M2 = g M @) + Mo (2)

By discarding the non-positive squared terms (first two sums), we obtain the inequality:

% < NIZZ 22— o)) - ZZ 2 — o) ®

ecf i,jce eef,'g i€e
No
20 (12 (1)y2y , 20 (2)\2 (2)2
+N1i§:;<wi P @)+ 5 Sl - @),
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(23)

ENGING

(24)

(25)

(26)

27)



By the Cauchy-Schwarz inequality,

Ny 2 Ny
(37 = (Z(d”)?) <N Y (@)

Then we have

S (1 )+ RS (1 )

N1 N, N>
_252 (1)y2 252 (1)y4 252 (2)\2 252 (2)y4

i=1 i=1 i=1 i=1

B Shop B () B 2 (St )
ST (& Np ™t 7 (V2P ’ (28)

i=1

2 2
M M MY M
=26 [ =2+ =2 | -26 | [=Z| + (3
N1 NQ Nl N2

1) (2) (1) @)\ 2
<2 M72+M2 s M, +M2
N1 NQ Nl N2

SELIVA.

—N/ N (MQ) ’
where N’ = min{Ny, No} and N/ = max{Ny, Na}.
So we have

M2 7N1 Z Z ( (2) _ (1) ) + (! (1) ) Z Z ( n _ (2) +(x§2))2>

ecf i,jEe 668] i€e

sfzm LaPP) + 2 zz( <52>>>+%‘3M2 s

ecfi,jEe ecf i,j€e
(29)

These relations yield a Riccati-type differential inequality:

%Mg <5D~ max{]\lf D3P (@2 + @) + 200 - 5(M)?
ecfi,jEe

5D~k 26 1) 30
§7M2+FMQ N//(M2) ( )
5Dk +26 4]
<= Mam R
Let y be a solution of the following ODE:
y = ay —by”. 31)
Then, by phase line analysis, the solution y(¢) to Eq. 31 satisfies
5Dk +25)N”
Ma(t) < y(0) < max { . 40(0)} = ma { CZELZNE a o} e )

which yields the desired estimate.
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Proposition B.2. For Eq. 4, the distance of the centers of the two clusters is finite.

Proof of Propostion B.2. By Lemma B.1

LS5 o
~(1) _ =2 _ ey 2
20 -2 = | - Lo - 3o
j=1
¢ 2(V)2 (2))5 33
<V2,| —
<V2 7, 21 Pt Z
< V2y/Ms®,
where the first inequality used the Cauchy-Schwarz inequality. |
Lemma B.3. Ler u, v be the solution to Eq. 21. Then ||z — 2|2 satisfies
2¢ 4Dy )% —~
@25 (Z6m Yz _ gz - HD)T 34
55l = o 2 (B - ) 1ot - 2 @p - 202 L i, 64

Proof. The time evolution of Z(!) is given by

g*c“):—z S het e - 2) Z S her @ - 2)

i=14'€E(i) V=1 jeg)
P I ILACEEY
eES?,jEP (35)
__1 e (2 1 e~ (1)
_szj J +ﬁzwl i
ecé ecé
_ 1 e~ (2 e (1)
N
where the first equality uses the relation i @(-1) =0
i=1
Then we have
1d
(1) _ =(2))2 36
SRTAE (36)
=(z 1) _5(2))@(1) _§(2)) (37)
—@V = 7®) |3 (—ye 2+ a0 ) = 3 (D + 2
Ny Ny i Ny i Ny 4 i
ec& ecé
(38)
1 1 1 1
(1) _ &2 _ e,— (2) e,— (2) e,— (1) e,— (1) 39
(@M -z )2( N ey i el e ) (39)
1 1 1
— (1) _ 5(2) _ (2) A(2) - (2) A(2) Lope— (=) A1)
(70 —z )%( NV @ 27 - e T @ + 87+ T (@ + 8
(40)
1
e,—(=(1) 4 (1)
@ ) “n
1 1
— (1) _ 5(2) e | %(2) il e—| (1)
=(x x + + ; x
6050 | (4 ) D2+ | () DT
ecf jee eef ice
(42)
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(Nl ¥ ) S|

(e i)E

ecf ice

ecf jee

v =33 e

ecf jee
= O 3 [ S - S S usa
0 ecf ice ecf jee
n Nlo D — 7)) ZZ%@’_@(‘U Sy g
ecf ice
We denote
Pes(z x(2) Z
ecé
and
Pes(z (2) Z
ecé

i€e ecf jEe

e—x(1) _ e~ =(2)
DoviTa =3 Y upa®.
i€e ecf jeEe

Assume there exist constants ¢,,, ¢, such that

Pes(zV),2?)) > ¢, (V) — £?).

Then, by Cauchy’s inequality, for any c;, we have

1d

M _ 7(2)2
S l8® =5

1 2
1) _ 722
|2 - =5

2
— 2 pes(z(M 7@z _ 52y 1 2L (1) 2@y (z1) _ 52
N Pes(z\", z'9)(z ')+ OPes(x 39 (z z'\9)

2
Hf(l) — 55(2)H2 + ClHj(l) — 55(2)H2 + F1363(55(1)753(2))(5(1) _ 5(2))
0

(Pes( a >,53<2>))2

2

ice jEe

_ _ 4 e 1 o 2
um<1>—x<2>u2—mz leem P 32 + e 1P o)’

ec& ice j€Ee

c1Ng

c1Ng

Lemma B.4. Let u, v be the solution to Eq.

1d—~
2dt

where

—\2
Hx(l) —(2)H2 _ M

(o)

(o) _
zxﬁ>>|mwa;;z<zwwﬂ:-zwﬂm
(%)

(%)

(

2¢ 4(D;)?
_ Cl) Hi,(l) _ f'(2)H2 o ( 2 )

ST oE?+3 @)

ecf | ice jEe

k(M.

21. Then ]\72 satisfies

M2 < OQMQ + 202”33(1 (2)”2,

Coi= —k <CA—D+ (D7) —5>,

and cy is an arbitrary positive constant.

2 482 k
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A(1

Proof. Subtracting Eq. 35 from Eq. 21 gives &, ). Then we have

1
m( Z“?)
L0050
~(1) 2(1
:ﬁlZwi i

=1

Z YO Do e = Y hey @ —al)

eEE(z) i’E€e j€Ee

Z A(l) (1))2)

50
ZA(U Z ZheJr (D A(l))th ~(z 2 _ (1)) 50
7,1’ Z; 7,7 ] Ly
ecE(i) |i'€e j€Ee
0 RN Lm0 (1)
L(1) (1 1)\2
+ — 2,2, (1= (x;
3 2l )
Ny
Z D30 dohral - ) Z ZZ i~ &)
e€& (i) i/ e i=1 €&(i) jEe
Z (1) Z Zhe, (2)_£(1) Z (1) (1 (1)))
e€&(i) jEe =
=L+ 1L+ 13+ 14
I, can be defined by
ZA(l) Z thej (1) Az('l))
ec&(i)i' e
1
NZthi,» M) (51)
ecf i,i’Ee
1 - e e[z, €
= ST A,
1 ec&
where (£(0)¢ .= (& (1), e AE‘I)l) and A° is given by Eq. 22 for each e. Thus I; is bounded by
e - (1)
- (1) TAe (1) CA (1) 2 e CA (ﬁ.l 27 (52)
; Ze; 1@ < M; [l

where c, is a constant larger than 1 related to the repetition of {il(-l)} in all hyperedges.

I5 can be controlled by

Z DS S - a) (53)

ec&(i) jee
Z S ongy @ -t (54)
568 i,j€e
- T S S e e
EEE i,j€e eGE i,j€e
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ﬁzzh@ 125212 + 127 1%) + ZD >l (56)

ecfi,jce eef,' i€e
e — 3D~ ~(1
<o 2 sl IIQ+WZZH$§-)H2 (57)
Lees j€e L cesice
2 1
_2N =SSR+ ZZH s (58)
ecf jce ecf i€e
2 3D k 1)
sz Zn 21+ Zn i) (59)

I3 has the below estimate for any constant co > 0:

ROWELD DD IR

eeé‘()jee
— ~(1
<callat® = 2@ + e 30 3 sy P
eGSZJEe (60)
<eo|lz® — 7@ 2 1 ~(1))12
<es|z 12+ 46N ZZH [
_ _ 1
<callz® —2®|? + 40N ZZH I
ecf i=1
Define
1 ) (1)
=—9 WM M2
4 NZ W - 22
5 X
=y, 2o @ )= @)
1°.—
l];1 N N N (61)
DI SEDNE LI S LR SRR
Ny i=1 ' Ny i=1 ' ' N1 i=1 ' Ny i=1 Y
5 (1) 0
~(1) 2 1)
=— T,
NZ - Z [
Note that
Ny
3 &Ml |22 Zux”u (|l2D)? = 2N zm)
=1
1
an 12(1|{7 )12 — 2@)%)
N1 (62)
1 1)
52 )t - an( RESIE
; Ny
1
Z D - Z(||x§>||2>2
— i=1
>0.
Hence,
Iy < 6My(u). (63)
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Then
N
d 1 ~(1))12
S ENEY
i=1

CA 3D (D)) <&, . D™ & 0
k<‘+ ’ )Z:ci”2+km2ux§2>n2+c2nx<l>—x<2>||2 (4
i=1 j=1

IN

N1 2N1 4CQN1

IN

3D~ D)2 —~ D™ —~
[k (—CA + =+ ( 403 ) - 5] Mo (u) + k== Ma(v) + collzM) — 2|2

Similarly,

No
d 1 ~(2))12
% QNQZH%- |
j=1

(65)
< {k (-cA L3 (D)2> + 5} V() + k2T () + cal 2V — 22,
2 4co 2
Summing them together gives
3 m) < -k (ot = Do BE Y (i) +2aa a0 o)
This gives an exponential growth estimate or > up to an error term of [|z(1) — (2|2, [ |

Proposition B.5 (L, separation of HAMP-I). For Eq. 4, suppose the above assumptions are satisfied.

N N

Define the mean value X := % 3 x;, and the second moments Ma(x) := > x7. Then for sufficiently
i=1 i=1

large N1, No, there exist constants A_, A4, such that if the initial data satisfies

M,(0)
A(0) = <\ 67
0= zoE - @O < (©7
then, there holds that the Lo separation
My(t
2(t) <A+ (A0) = A)e™H, (68)

Alt) ==
W= o - =@ ©
with a positive constant (i, where ]/\/Tg(t) i= Mo (x(M (1)) + Ma(xP)(t)).

Proof of Proposition 5.2. Lemma B.3 gives an exponential growth estimate of ||z(") — z(®)||2 up to
an error term of Ms. If Ny is large enough, the coefficient of the error term is small.

Lemma B.4 gives an exponential growth estimate or M up to an error term of [|Z(1) — z(2)||2. If N,
is large enough, the coefficient of the error term is small.

Set
2¢ 4(D5 )2k D~ (D7)?
App = =2 —y, Apz o= =20 = Ay =2c3, Ay =k [ C4 — — . (69
11 N, 1, Az aN, A o, Ao C 5+ 1o (69)
If Ny is large enough, Eq. 69 is satisfied.
(A1 + A12)? — 4A9 A3 > 0. (70)
Apply Lemma 4.1 in [27] then we obtain the Ly separation. ]

Remark B.6. We can alternatively prove Theorem 5.2 by the method of [[44] Proposition 2 and 3].

Proposition B.7 (Lower bound of the Dirichlet energy). If the hypergraph H is a connected one, for
Eq. 4 with the conditions of Theorem 5.2, or for Eq. 5 with conditions of Theorem 5.1 in [19], there
exists a positive lower bound of the Dirichlet energy.
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Proof of Proposition 5.4. The relative size between ||z(1) — z(2)||2 and M is an indicator of group

separation in the sense of Lo: if ||Z(!) — z(?)||? is much larger than M>, then the two groups are
well-separated in average sense. Since the hypergraph is connected, there is a positive bound between
different clusters, hence the Dirichlet energy does not decay to zero.

Remark B.8. The proof for the second-order system Eq. 5 can be proved in a similar way.
Remark B.9. The separability of Eq. 6 which is the Eq. 4 or Eq. 5 with a stochastic term also holds.

C Experiment Details

C.1 Dataset Details

We selected the most common hypergraph benchmark datasets, and the statistics of nine datasets
across different domains are summarized in Tab. 3. The key statistics include the number of nodes,
hyperedges, features, classes, average node degree d,,, average hyperedge size |£|, and CE ho-
mophily [36]. These variations highlight the diversity in dataset scales and structural patterns, which
may influence model performance in hypergraph-related tasks.

Table 3: The summary of data statistics.

Dataset #nodes #hyperedges # features #classes avg.d, avg. || CE homophily

Cora 2708 1579 1433 7 1.767 3.03 0.897
Citeseer 3312 1079 3703 6 1.044 3.200 0.893
Pubmed 19717 7963 500 3 1.756 4.349 0.952
Cora-CA 2708 1072 1433 7 1.693 4.277 0.803
DBLP-CA 41302 22363 1425 6 2411 4.452 0.869
Congress 1718 83105 100 2 427.237 8.656 0.555
House 1290 340 100 2 9.181 34.730 0.509
Senate 282 315 100 2 19.177 17.168 0.498
Walmart 88860 69906 100 11 5.184 6.589 0.530

C.2 Additional Ablation Studies

Impact of Hidden Dimension on HAMP-l and HAMP-Il. We explore the tolerance of our model
to different hidden dimensions, as shown in Tab. 4. For simplicity, we only vary the size of hidden
dimension, while other parameters remain fixed. Overall, these results demonstrate the robustness of
our methods with varying hidden dimensions. It is worth noting that high hidden dimension is key to
achieving the best performance of HAMP.

Table 4: Impact of hidden dimension evaluated on the hypergraph datasets.

HAMP-I | HAMP-II
128 256 512 1024 | 128 256 512 1024

Cora 80.19 80.55 81.18 79.85 | 79.59 79.54 80.80 79.60
Citeseer 73.39 72.89 7522 7240 | 7395 7436 7533 75.19
Pubmed 88.49 88.85 89.02 88.82 | 88.48 88.48 89.05 88.78
Senate 6324 6535 6944 66.62 | 63.52 63.10 70.14 62.96
House 7121 70.62 72.66 7272 | 68.30 6947 72.60 7121

Impact of Repulsion, Allen-Cahn Force, and Noise on HAMP-l and HAMP-Il. We summary
ablation studies to investigate the individual and combined effects of repulsion f;, Allen-Cahn

force fy, and noise B; on both HAMP-I and HAMP-II. Tab. 5 reports the average node classification
accuracy with a standard deviation across seven standard hypergraph benchmarks over 10 runs.
Models with the repulsion term enabled outperform their counterparts in some dataset, indicating
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enhanced ability to distinguish node representations in complex hypergraph structures. The synergy
between the repulsion and Allen-Cahn terms further boosts performance, confirming that these particle
system-inspired mechanisms play complementary roles. Overall, these improvement confirm the
validity of the HAMP construction and further highlight the significant advantages of incorporating
particle system theory into the hypergraph message passing learning process.

Table 5: Ablation studies on some standard hypergraph benchmarks. The accuracy (%) is reported
with a standard deviation from 10 repetitive runs. (Key: fg : repulsion; fy: Allen-Cahn; B;: noise.)

Homophilic  fz° fa B: ‘ Cora Citeseer Pubmed Cora-CA
X X X |76.09+£1.22 70.53+1.56 87.98+0.38 83.13+1.26
v X X | 7640+1.56 70.85+1.65 88.25+0.50 83.15+1.36
X v X |8031+£141 7483+1.70 88.90+£0.45 84.77k1.16

HAMP-I X X | 7567£1.71 70.59+£1.40 87.93£0.52 82.70£1.01
v v X |8049+£1.26 7496+1.56 88.87+£0.40 85.21+1.49
X ¢ v |8059£125 74.67£1.69 88.77+£0.44 84.59+1.03
v ¢ « | 8118+130 7522+1.62 89.02+0.49 85.23+1.15
X X X | 7742+1.44 71.50£1.49 88.68+0.62 83.60+1.45
v X X | 77.08£1.73 7220+1.14 88.59+0.50 82.95+1.35
X v X | 80.13£1.26 7437£1.59 88.86+0.55 84.37+£1.45

HAMP-II X X v | 77.18£1.61 71.75+1.68 88.68+£0.59 82.91+1.28
v v X | 7970£1.36 73.99+1.75 88.82+0.48 84.30+1.32
X v v |7950+£125 74254128 88.80+0.40 83.31f1.44
v ¢ « | 8080+t1.62 7533+1.61 89.05+0.41 84.89+1.14

Table 6: Node Classification on standard hypergraph benchmarks. The accuracy (%) is reported with
a standard deviation from 10 repetitive runs. (Key: fﬁ_ : repulsion; f;: Allen-Cahn; B;: noise.)

Heterophilic  f5  fa Bt ‘ Congress Senate Walmart House
X X X | 9351£1.08 60.70+8.38 69.64+0.35 70.50+1.45
v X X | 93.70£1.02 60.00£8.66 69.80£0.45 70.56£1.96
X v X | 9479£1.14 66.76+544 69.77£0.28 71.55%1.53

HAMP-I X X « | 9347£1.13 60.14£7.54 69.86+£0.35 69.88+2.48
v v X | 9458+1.25 67.7548.82 69.76+£0.37 71.58+1.87
X v | 94.67£1.02 65.63£298 69.73£0.49 71.55+£2.58
v v Vv | 95.09£0.79 69.44+6.09 69.90+0.38 72.72+1.77
X X X | 9479+0.73 58.73+7.03 69.84+0.25 69.85+1.61
v X X | 9402+1.10 61.554598 69.91+0.30 69.35+1.87
X v X | 9419£1.07 62.82+6.44 69.89+0.31 70.96+2.06

HAMP-II X X | 9435£1.14 60.14£5.10 69.84+0.37 70.46£2.08
v v X | 9458+0.86 61974842 69.92+0.33 71.36+1.68
X v v | 941240.63 64.51+4.19 69.86+0.34 70.96+2.76
v Vv Vv | 9526134 70.14+6.08 69.94+0.37 72.60+1.23

C.3 Time-Memory Tradeoff Analysis

We intuitively reveal the differences of different methods with a single-layer network in the time-
memory trade-off on Walmart dataset. As shown in Fig. 5, HAMP-I and HAMP-II methods demon-
strate a notable trade-off between time efficiency and memory consumption. The experimental results
reveal:

* Memory usage: HAMP-| and HAMP-II maintain memory consumption within 11000-12000
MiB, achieving a 20-26% reduction compared to ED-HNN, while being comparable to
HDS?%.

* Time efficiency: Although the time consumption for HAMP-I and HAMP-II runtime slightly
exceeds ED-HNN (0.1s), it outperforms the baseline HDS?%.
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Figure 5: Time-Memory tradeoff analysis of different methods on Walmart dataset. SD denotes the
standard deviation of time consumption.

C.4 Hyperparameters

To ensure fairness, we follow the same training recipe as ED-HNN. Specifically, we train the model
for 500 epochs using the Adam optimizer with the learning rate of 0.001 and no weight decay during
the training phases. And we apply early stopping with a patience of 50. For the stability, we run 10
trials with different seed and report the results of mean and the standard deviation. All experiments
are implemented on an NVIDIA RTX 4090 GPU with Pytorch.

We explore the parameter space by grid search, where the search ranges for each critical hyperparam-
eter are delineated below:

* Dropout rate in {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9};

* Layer number of classifier in {1, 2, 3};

* The hidden dimension of classifier in {128, 256, 512};

* Hidden dimension of model in {128, 256, 512, 1024};

* step size of solver in {0.09, 0.1, 0.15, 0.2, 0.25};

* v of repulsive force in {0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.1, 0.11, 0.12,
0.13,0.14, 0.15};

* Initial values of learnable parameters § of damping term in {0, 1, 2, 3,4, 5, 6,7, 8,9, 10, 11,
12, 13, 14, 15};

* Initial values of learnable parameters € of noise term in {0, 0.1, 0.3};
Tab. 7 and Tab. 8 summarize the best hyperparameters on standard hypergraph benchmarks using
HAMP-1 and HAMP-II, respectively. For fairness, a linear layer is added to perform feature mapping

when conducting HDS?% experiments. The optimal hyperparameters for node classification on
standard hypergraph benchmarks is achieved by the HDS? algorithm, as demonstrated in Tab. 9.
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Table 7: The best hyperparameters of Node Classification on standard hypergraph benchmarks using
the HAMP-| algorithm.

Dataset model. hd  cls. hd and # layers  time step size 0 o dropout €
Cora 512 128, 1 1 0.1 12 0.05 0.4 0
Citeseer 512 512,1 0.6 0.1 6 005 0.2 0
Pubmed 512 256, 1 0.2 0.1 15 0.1 0.5 0
Cora-CA 512 512,2 0.4 0.2 4  0.05 0.9 0
DBLP-CA 256 128,2 1.1 0.1 11 0.12 0.2 0
Congress 128 128,2 14 0.1 1 0.08 0.3 0
House 1024 512,3 1.05 0.15 3 005 0.8 0
Senate 512 256, 2 0.6 0.1 10 0.05 0.7 0
Walmart 256 128,2 1.75 0.25 0 002 0.3 0

Table 8: The best hyperparameters of Node Classification on standard hypergraph benchmarks using
the HAMP-II algorithm.

Dataset model. hd  cls. hd and layers  time step size 0 ¥ dropout €
Cora 512 512, 1 1.9 0.1 5 012 0.3 0.1
Citeseer 512 512,1 1.8 0.15 8 0.13 0.6 0
Pubmed 512 256, 1 0.6 0.09 5 0.09 0.3 0
Cora-CA 512 128,2 0.75 0.25 3 001 0.7 0
DBLP-CA 256 128,2 3.45 0.15 7 0.09 0.3 0
Congress 128 128,2 6.25 0.25 0 0.01 0.3 0
House 512 256, 2 1.6 0.1 8 0.14 0.8 0
Senate 512 256, 2 3 0.2 13 0.05 0.3 0.3
Walmart 256 128,2 2.5 0.25 0 0.02 0.3 0

Table 9: The best hyperparameters of Node Classification on standard hypergraph benchmarks using
the HDS?%¢ algorithm.

Dataset model. hd cls. hd and layers  # layer model.  alpha, alpha. step

Cora 512 256, 2 10 0.05 0.9 20
Citeseer 512 512,1 5 0.05 0.9 20
Pubmed 512 256, 1 12 0.05 0.9 20
Cora-CA 512 512,2 9 0.05 0.9 20
DBLP-CA 256 256, 2 15 0.05 0.9 20
Congress 256 128,2 7 0.25 0.9 5
House 512 256, 2 10 0.05 0.9 20
Senate 512 256, 2 9 0.05 0.9 20
Walmart 256 128,2 6 0.25 0.9 5
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