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Multi-hop QA

» Task
= |dentify the correct answer from the set of supporting documents.
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- TInput Pmang \
The Sum of All Fears is a best-selling ttriller novel by

was the fourth of Clancy's Jack Ryan books to be turred into a fllm

Dr. John Patrick Jack BRyan Sr.y KCVO .), Ph.D. is a fictional
character created by Tom Clancy who appears in many of his novels

and their respective film adaptations ...

.t

Net Force Explorers |s a series of young adult novels created by Tom
Qlangy and as a spin-off of the military fiction series
T

___________________________________________________________________

Ouestlnn What fiction character created by JTom Clancy was turned
into a film in 20027

Answer: Jack Ryan



Multi-hop QA challenges

Previous workflow

Construct Aoolv GNN Extract Answer
S
Entity Graph PPY from the graph

Limitations
« Hard to filter out noises and extract useful information from static entity graph

« Answers may not reside in the entity graph

In this work...
« Dynamic entity graph : update entity graph through masks
* Fusion process : find answers from documents
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Dynamically Fused Graph Network

Paragraph Construct Encoding Query
Selection Entity Graph & Context

)

Reasoning with
Fusion Block

> Prediction >

» Paragraph selection
= Pre-trained BERT
= Relevance score via sentence classification
= Generate Context

» Construct Entity Graph
= Node from NER (Named Entity Recognization)
= Edge
= Sentence level
= Context-level (links across multiple documents)
= Paragraph-level

* Encoding Query and Context
= BERT
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Dynamically Fused Graph Network
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» Token2Entity module
« Mean-max pooling in each text span
° Ml,] —_
1if ith is within the span of the jth entity
{ 0 otherwise
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Dynamically Fused Graph Network
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Dynamically Fused Graph Network
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Dynamically Fused Graph Network
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Dynamically Fused Graph Network

Paragraph Construct Encoding Query Reasoning with -
. . . Prediction
Selection Entity Graph & Context Fusion Block

* Prediction
= Supporting sentences Oyup = Fo(CW)
» The start position of the answer Ot = Fi1([CD, O,0])

* The end position of the answer

Oen = F -C(t): Osu :Os ar
= Answer type i 2(l p Ostart])

Otype — FB(C(t)a Osupa Oend])

ﬁ — Esta'rt —|— Eend _|_ A.‘J‘JCS’LL}IJ —|_ )\tﬁtype
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Experiments

= Dataset
= HotpotQA

= BERT Tokenizer
= Pre-trained BERT
= NER from Stanford CoreNLP Toolkit



Results

Answer Sup Fact Joint
Moded EM FI _EM FlI _EM  FI
Baseline Model 45.60 59.02 2032 6449 1083 40.16

GRN* 5292 66.71 5237 84.11 31.77 5847
DFGN(Ours) 55.17 68.49 4985 81.06 31.87 58.23
QFE* 33.86 68.06 57.75 84.49 34.63 59.61

DFGN(Ours)T 56.31 69.69 5150 81.62 33.62 59.82

Table 1: Performance comparison on the private test set of HotpotQA in the distractor setting. Our DFGN 1is the
second best result on the leaderboard before submission (on March 1st). The baseline model is from Yang et al.
(2018) and the results with * is unpublished. DFGN(Ours){ refers to the same model with a revised entity graph,
whose entities are recognized by a BERT NER model. Note that the result of DFGN(Ours){ 1s submitted to the
leaderboard during the review process of our paper.



Ablation study

Setting EM Fl

DFGN (2-layer) 5542 69.23
- BFS Supervision 54.48 68.15
- Entity Mask 54.64 68.25
- Query Update 5444 67.98
- E2T Process 5391 6745
- 1 Fusion Block 54.14 67.70
- 2 Fusion Blocks 3344 67.11
- 2 Fusion Blocks & Bi-attn ~ 50.03  62.83
gold paragraphs only 55.67 69.15
supporting facts only 57.57 7T1.67
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Reproducing



Reproducing the experiment

= | failed to write the codes for reproducing the experiment in the paper. So | forked the source
code from the author github repository and analyzed the code structure instead.

= Forked repo: https://github.com/jennybae1024/DFGN-pytorch

» The table below is the result of the HotpotQA experiment I've run with the author’s code.
» \WWe assume that the learned paragraph selection module checkpoint is provided.

Results

=4
=2
=

EM: exact matching
PR: precision

RE: recall

SP: supporting facts
JT: Joint performance

2m
.
a.
a.
a.
.
.
@.
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=2 8 32 e 3 e & 23D
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Seesesese
cesessese
csesessses
Seesesesse
cesessese

Best score at epoch
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https://github.com/jennybae1024/DFGN-pytorch

Code analysis overview

» DFGN is composed of three modules

» Paragraph selection
= Text classification

= Fusion block
= Doc2Graph : generate node feature vectors from docs embeddings
= GAT
» Graph2Doc : update docs embeddings based on node feature vectors from GAT
= Update query : update query embeddings

» Prediction layer
= LSTM

= Layers in Fusion Block
» MeanMaxPooling (Doc2Graph)
= AttentionLayer (GAT)
= InteractionLayer (Graph2Doc / Context update)
» BiAttention (Query update)



Code analysis — BasicBlock (Fusion block unit)

BasicBlock(nn.Module):
{ hidden_dim, g _dim, layer, config):
super(BasicBlock ). ()

.conflig = config

« layer = layer

.gnn_type = config.gnn.split ) [8]
config.tokZent = :

input_dim = hidden_dim =*

input_dim = hidden_dim

.tok2ent = tok_to_ent{config.tok2ent)() mbeddings
.query_weight = get_weights((g_dim, input_dim))

.temp = np.sart(ag dim * input dim)

.gat = AttentionLayer(input_dim, hidden_dim, config.n_heads, config , GAT, GraphZDoc
.int_layer = InteractionLayer(hidden_dim =* hidden_dim, config)

forward( doc_state, query_wvec, batch):
context _mask = batchl

entity_mapping = batchl

entity_length = batchl

entity_mask = batch[

doc_length = batchl

adj = batchl

entity state = .tokZent (doc_state, entity mapping, entity_length)

guery = torch.matmul{query_vec .query_weight)|

guery_scores = torch.bmm(entity_state, query.unsqueeze(2)) / . temp
spftmask = query_scores * entity_mask.unsqueeze(2)

adj_mask = torch.sigmoid(softmask)

entity state = .gat(entity_state, adj, entity_mask =ad]j_mask =query_vec)
doc_state = int_layer({doc_state, entity_state, doc_length, entity_mapping, entity_length, context_mask)
doc_state, entity_state, softmask




Code analysis - Layers in Fusion Block (tok2ent : MeanMaxPooling)

» MeanMaxPooling is used in a tok2ent module, which transforms documents embeddings to entity
embeddings.

mean_pooling(input, mask):
mean_pooled = input.sum(din=1) / mask.sum(
mean_poo Led

MeanPooling(nn.Module) tok2ent mapping was given
( ):
super(MeanPooling ). ()

forward( doc_state, entity_mapping, entity_lens):

entity states = entity mapping.linsqueeze(3) * doc_state.unsqueeze(l)

mean_pooled = torch.sum{entity states =2) / entity lens.unsqueeze(2)
mean_pooled

MeanMaxPooling (nn.Module):

( )
super{MeanMaxPooling ). ()

forward( doc_state, entity_mapping, entity_lens):

entity_states = entity_mapping.unsqueeze(3) * doc_state.unsqueeze(l)
max_pooled = torch.max(entity_states =2) [@]

mean_pooled = torch.sum(entity_states =2) f entity_lens.unsqueeze(2)
output = torch.cat( [max_pooled, mean_pooled] =2)

output output : entity graph’s node feature vectors
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Code analysis - Layers in Fusion Block (AttentionLayer)

« softmax: filter out noise by implementing
an attention mechanism with Q

AttentionLayer(nn.Module): GATSelfAttention (nn.Module):
{ in_dim, hid_dim, n_head, config, layer_id=0): ( in_dim, out_dim, config, layer_id=0, head_id=0):...
super(AttentionLayer ). ()
hid _dim % n_head = @
.dropout = config.gnn_drop

forward( input_state, adj, entity_mask, adj_mask= query_vec=
zero_vec = torch.zeros_like(adj)
scores = @

.attn_funcs = nn.ModuleList() i range( .n_type):

i range(n_head): h = torch.matmul(input_state MW_typelil)
.attn_funcs.appendl( h = F.dropout(h .dropout .training)
GATSelfAttention( =in_dim =hid_dim // n_head N, E» d = h.shape

il =Layer_id =i)) a_input = torch.cat([h.repeat(l, 1, E).view(N, E * E, =1), h.repeat(1l, E, 1)]

a_input = a_input.view(-1, E, E, Zxd)
in_dim != hid_dim:
.align_dim = nn.Linear(in_dim, hid_dim) .g_attn:
nn.init.xavier_uniform_|( .align_dim.weight 414 q_gate = F.relu(torch.matmul(query_vec -qattn_W1[i]))
:I g_gate = torch.sigmoid(torch.matmul(g _gate .gattn_W2[i]))
.align_dim = B a_input = a_input * q_gatel: : H _ )
score = act(torch.matmul{a_input a_typelil).squeeze(3))
forward( input, ad), entity_mask, ad)_mask= query_vec= ): score = .act(torch.matmul{a_input .a_type[il).squeeze(3))
hidden_list = [] scores += torch.where(adj = i+1, score, zero_vec)
attn Attn_funcs:

h = attn{input, adj, entity_mask =adj_mask =query_vec) zero_vec = -9el5 * torch.ones_like(scores)
hidden list append{h} scores = torch.where(adj > @, scores, zero_vec)

torch.cat(hidden_list =-1) adj_mask
F.dropout(h «dropout «training) h = h * adj_mask
= F.relulh)
h coefs = F.softmax(scores =2 )
h = coefs.unsqueeze(3) * h.unsqueeze(2)
h = torch.sum(h
h




Code analysis - Layers in Fusion Block (InteractionLayer)

InteractionLayer(nn.Module):
( input_dim, out_dim, config):
super(InteractionLayer ). ()
.config = config
«use_trans = config.basicblock_trans

config.basicblock_trans:

bert_config = BertConfig(input_dim, config.trans_heads, config.trans_drop)
.transformer = BertLayer(bert_config)
transformer_linear = nn.Linear(input_dim, out_dim)

. 1stm = LSTMWrapper(input_dim, out_dim //

forward( doc_state, entity_state, doc_length, entity mapping, entity_length, context mask):

expand_entity state = torch.sum{entity_state.unsqueeze(2) * entity_mapping.unsgqueeze(3)
input_state = torch.cat( [expand_entity_state, doc_state] =2)

Use_trans:
extended_attention_mask = context_mask.unsgqueeze(l).unsgueeze(2)
extended_attention_mask = ( - extended attention_mask) * -

transformer(input_state, extended_attention_mask)
.transformer_linear{doc_state)

doc_state =
doc_state =

doc_state

« Lstm{input_state, doc_length)

doc_state

- tok2ent mapping was given.

- The output shape should be compatible
with the previous context embedding
matrix.

Context embedding update via LSTM
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Code analysis - Layers in Fusion Block (BiAttention)

BiAttention{nn.Module):
( input_dim, memory dim, hid_dim, dropout):

forward( input, memory, mask):

bsz, input_len, memory_len = input.size(@), input.size(1l), memory.size(1)

input = F.dropout(input «dropout «training)
memory = F.dropout(memory «dropout «training)

input_dot = self.input_linear_1(input) - input_linear_1/2, memory_linear_1/2
memory_dot = .memory_linear_l(memory).view(bsz memory_len) . Linear prO_jeCtion

ross_dot = torch.bmm(input, memory.permute( ).contiguous()) / .dot_scale

- Dot-product attention mechanism

input_dot + memory_dot + cross_dot
att = att - #* (1 - mask[: 1)

input = «dinput_linear_2(input)
memory = .memory_linear_2({memory)

weight_one = F.softmax(att =1}

output_one torch. bmm(weight_one, memory)

weight_two = F.softmax({att.max(din=-1) [@] =-1).view(bsz input_len)
output_two = torch.bmm{weight_two, input)

torch.cat( [input, output_one, inputxoutput_one, output_twokoutput_one] =-1), memory




