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Figure 1: Two ways of introducing hierarchy informa-
tion. (a) Previous work model text and labels separately
and find a mixed representation. (b) Our method incor-
porating hierarchy information into text encoder for a
hierarchy-aware text representation.
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Fligure 2: An overview of HGCLR under a batch of 3. HGCLR adopts a contrastive learning framework to reg-
ularize BERT representations. We construct positive samples by masking unimportant tokens under the guidance
of hierarchy and labels. By pulling together and pushing apart representations, the hierarchy information can be
injected into the BERT encoder.
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Problem Definition

r = {xy,%2,...,2,}, subsety of label setY

Y are predefined a Directed Acyclic Graph (DAG) G = (Y, E).

Text Encoder
z = {|CLS], x1, T2, ---,Tn—2, [SEP]} (1)
H = BERT(x) 2)
2 s Rnxdh

he = hicLg]



Chongging ATAI

) _ Advanced Technique
University of of Artificial
Method
( Multi-label Classifier Gouph Encoder “{o‘ézg !
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Push apart Pull together. 3 D‘ B
Graph Encoder el LT ot e r
}’ BERT Encoder ] =
kxd ' J— ‘ 5
fi = label_emb(y;) + name_emb(y;). (3) F € RF*% E—?.—f.:@ i Fam
PO;Z;:;?L?IE\ | §81;Ct & Sum | J
(f-WG)(f-WG)T ,
i J K G dp xd
Ag = o + Cij "|— b({b(yi,yj) (4) WQ € R o Taxonomic hierarchy\
vV Wg € Rénxdn, - )
|
1 D Graph Encoder <| I
where Cij = D Zn:l We,, and D = gb(ytayj) v I\ J
- s Lab;el_ re_pr;salati_(;ns
node y; and y;, one and only one path (e1,e2,...,ep) we, € R ; N

¢(yi, y;) denotes the distance between two nodes y; and Yi

by(y:,y;) is a learnable scalar indexed by ¢(vi, y;)

L = LayerNorm(softmax(AS)V+F) (5
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Positive Sample Generation

{eq,e9,...,e,} = BERT_emb(z)

Qikf

vy

g = eWq, kj = [iWk, Aj; =

P;; = gumbel_softmax(A;1, A2, ...,

9)

Pi:ZPij

J€Y
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Text representations

| BERT Encoder ]

Input tokens

o _ 4 - = Y + + * - —
Positive sample\
generation \_ Select & Sum .

(6)

(7)

the positive sample 2 1s constructed as:

 if P; > v else 0}

B=4m; (10)

Air); (8)

H = BERT (%) (11)
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positive pairs (h;, h;).

a batch of N there are 2(/N — 1) negative pairs.

C; = WQRBLU(Wl hi)

p (12)
¢ = WaReLU (W1 h;)
Z={z € {c}U{c})
me — _log ZeNXP(SIm(zma.ﬂ(zm))/T)
Zz’:l,i-—,ém exp(sim(2m, 2i)/T)
(13)

- i, if 2 = 6 14)

ﬂ(zm = B i = (
1 2N

m=1
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[News, Sports], [News, Music], [Travel] [News, Sports], [News, Music], [ Travel]

[ Multi-label Classifier J
) 1 t
Push apart / [r ]: Pull roger}zerE'r ]]]

Text representations T T

[- BERT Encoder ‘

Input tokens Positive samples

pij = sigmoid(W,h; + be) ; (16)
L§; = —yijlog(pij) — (1—ij) log(1—pij) (17)

N k
I°=Y Yy I (18)

=1 9=1

L=1LC + IC 4 AL (19)
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Dataset | |Y| Depth Avg(ly;|) Train  Dev Test
WOS 141 2 20 30,070 7518 9397
NYT 166 8 7.6 23345 5834 7,292

RCV1-V2 | 103 4 3.24 20,833 2,316 781,265

Table 1: Data Statistics. |Y| is the number of classes.
Depth is the maximum level of hierarchy. Avg(|y;|) is
the average number of classes per sample.
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Model WOS NYT RCV1-V2
Micro-F1 Macro-F1 Micro-FI Macro-F1 Micro-F1  Macro-F1
Hierarchy-Aware Models
TextRCNN (Zhou et al., 2020) 83.55 76.99 70.83 56.18 81.57 59.25
HiAGM (Zhou et al., 2020) 85.82 80.28 74.97 60.83 83.96 63.35
HTCInfoMax (Deng et al., 2021) 85.58 80.05 - - 83.51 62.71
HiMatch (Chen et al., 2021) 86.20 80.53 - - 84.73 64.11
Pretrained Language Models
BERT (Our implement) 85.63 79.07 78.24 65.62 85.65 67.02
BERT (Chen et al., 2021) 86.26 80.58 - - 86.26 67.35
BERT+HIAGM (Our implement) 86.04 80.19 78.64 66.76 85.58 67.93
BERT+HTCInfoMax (Our implement) 86.30 79.97 78.75 67.31 85.53 67.09
BERT+HiMatch (Chen et al., 2021) 86.70 81.06 - - 86.33 68.66
HGCLR 87.11 81.20 78.86 67.96 86.49 68.31

Table 2: Experimental results of our proposed model on several datasets. For a fair comparison, we implement
some baseline with BERT encoder. We cannot reproduce the BERT results reported in Chen et al. (2021) so that
we also report the results of our version of BERT.
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Ablation Models Micro-F1 Macro-Fl 3 . '__

BERT 8575  79.36 , SEsd b R pRTE
HGCLR 8746 8152 e e, ., BEgE AR
-rp. GCN 87.06 80.63 i o T e U

-rp. GAT 87.18 81.45 LR A e ale

-rm. graph encoder 86.67 80.11 (a) (b)

-r.m. contrastive loss 86.72 80.97

Figure 3: T-SNE visualization of the label representa-
tions on WOS dataset. Dots with same color are labels

components of HGCLR on the development set of oy 5 came father, (a) BERT model. (b) Our approach.
WOS. r:p. stands for replace and r.m. stands for remove.

We remove the contrastive loss by setting A = 0.

Table 3: Performance when replace or remove some
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Variants of Graphormer Micro-F1 ~ Macro-F1

Base architecture 87.46 81.52
-w/o name embedding 86.40 80.40
-w/o spatial encoding 86.88 80.42
-w/o edge encoding 87.25 80.54

Table 4: Performance with variants of Graphormer on
development set of WOS. We remove name embed-
ding, spatial encoding, and edge encoding respectively.
“w/0” stands for “without”.
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Generation Strategy Micro-F1  Macro-F1

Hierarchy-guided 87.46 81.52
Dropout 86.94 79.91
Random masking 87.19 81.16
Adversarial attack 86.67 80.24

Table 5: Impact of different positive example gen-
eration techniques on the development set of WOS.
Hierarchy-guided is the proposed method. We control
the valid tokens in positive samples roughly the same
for random methods. We select FGSM as the attack
algorithm following Pan et al. (2021).
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