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Abstract. As an essential sub-task of frame-semantic parsing, Frame Identifica-

tion (FI) is a fundamentally important research topic in shallow semantic pars-

ing. However, most existing work is based on sophisticated, hand-crafted fea-

tures which might not be compatible with FI procedure. Besides that, they 

usually heavily rely on available natural language processing (NLP) toolkits 

and various lexical resources. Thus existing methods with hand-crafted features 

may not achieve satisfactory performance. In this paper, we propose a two-stage 

attention-based convolutional neural network (TSABCNN) to alleviate this 

problem and capture the most important context features for FI task. In order to 

dynamically adjust the weight of each feature, we build two levels of attention 

over instances at input layer and pooling layer respectively. Furthermore, the 

proposed model is an end-to-end learning framework which does not need any 

complicated NLP toolkits and feature engineering, and can be applied to any 

language. Experiments results on FrameNet and Chinese FrameNet (CFN) 

show the effectiveness of the proposed approach for the FI task. 

Keywords: Frame Identification,  FrameNet,  Convolutional Neural Network. 

1 Introduction 

As the core task of Natural Language Processing (NLP), shallow semantic parsing 

abandons the complexity of deep components and relationships and has attracted great 

attention. In recent years, more semantic knowledge bases such as WordNet, Prop-

Bank, and HowNet have been built and widely used in the shallow semantic parsing 

task. Among these semantic knowledge engineering projects, FrameNet (Baker et 

al.,1998) is a rich linguistic resource containing considerable expert knowledge about 

lexical and predicate-argument semantics, and frame-semantic parsing has been prov-

en to be an effective way that  extracts a shallow semantic structure from text. 
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According to the theory of frame semantics (Fillmore,1982), one semantic frame 

represents an event or scenario, and possesses a set of targets (namely lexical units or 

predicate) that can evoke the semantic scenario and some frame elements (or semantic 

roles) that participate in the event (Hermann et al., 2015). Most work on frame-

semantic parsing (Das et al., 2010; Das et al., 2014) has divided the task into two 

subtasks: (1) the first one is frame identification, which  identifies the most suitable 

semantic frame for a given target in a sentence; (2) the second one is  argument iden-

tification (or semantic role labeling), which performs semantic role labeling for the 

identified frame. However, current researches on frame-semantic parsing mostly fo-

cus on argument identification for given target and its frame (Carreas et al.,2008), 

skipping the frame identification step, which leads to the failure to automatically im-

plement frame-semantic analysis task. This is also the main reason why frame-

semantic parsing can’t be widely used in many NLP tasks. We argue that the first 

subtask is an essential step in the frame-semantic parsing task. In this paper, we focus 

on the FI for given targets. 

At present, FI task is treated as a multi classification task, and virtually all of the 

state-of-the-art approaches for this task are based on sophisticated, hand-crafted fea-

tures, such as conditional random fields (CRF), support vector machine (SVM), max-

imum entropy (ME). In addition, extracting these features usually heavily rely on 

available NLP toolkits and various lexical resources, which might lead to the error 

propagation. Thus pre-existing methods with hand-crafted features may not achieve 

satisfactory performance. 

In order to reduce the manual labor in feature extraction, recently, deep learning is 

used to learn features in many NLP tasks, and convolutional neural networks (CNN) 

have shown to be efficient to capture syntactic and semantic context features between 

words within a sentence for NLP tasks such as sentence modeling (Kalchbrenner et 

al., 2014), sentence classification (Kim, 2016) and relation classification (Zeng et al., 

2014), event extraction(Chen et al., 2015), question answering (Li et al., 2015), short 

text ranking (Severyn et al., 2015), text chunks matching (Yin and Schütze, 2015). FI 

can also be considered as a sentence-classification task for a marked target. In this 

paper, we propose a novel attention-based conventional neural networks model for 

frame identification. 

FI can also be considered as a sentence-classification task for a marked target . In 

this paper, we propose a two-stage attention-based convolutional neural network 

(TSABCNN) to alleviate this problem and capture the most important context features 

for FI task. In order to dynamically adjust the weight of each feature, we build two 

levels of attention mechanism over instances at input layer and pooling layer respec-

tively. Furthermore, the proposed model is an end-to-end learning framework which 

does not need any complicated NLP toolkits and feature engineering, and can be ap-

plied to any language. Experiments results on FrameNet and Chinese FrameNet 

(CFN) show the effectiveness of the proposed approach for the FI task. 

Our main contributions are: (1) we analyze  the problem of exiting models on the 

task of FI, and propose an end-to-end FI method based on CNN, which does not need 

any complicated NLP toolkits and feature engineering;  (2) In order to make the 

weight of important features bigger, we introduce a supervised attention based FI 
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model on input layer and pooling layer respectively. (3) we improve the performance 

of  FI and achieve better performance than the baselines. 

2 Related Work 

Since Gildea and Jurafsky (2002) pioneered  semantic role labeling(SRL),  particular-

ly followed by the CONLL2004 (Carreras, 2004) and CONLL2005 (Carreras  and Mà

rquez, 2005) treat SRL as a shared evaluation task, frame-semantic analysis has re-

ceived a boost in attention. The FrameNet lexicon contains abundant linguistic infor-

mation about lexical items and predicate-argument structures. In a frame-analyzed  

sentence, predicates evoking frames are known as targets, and a word or phrase filling 

a role is known as an argument. Figure 1 shows frame-semantic annotations for a 

sentence. In this figure, the target buy.V evokes the Commerce_buy frame. Buyer and 

Goods are some arguments (semantic roles) for this frame. 

 

                             Figure 1. frame-semantic annotations for a sentence 

Most early work on frame-semantic parsing  used a supervised machine learning 

method. Fleischman, Kwon and Hovy (2003) used maximum entropy models to iden-

tify arguments and their roles for a given frame. Erk et. al. (2006) used the traditional 

word disambiguation method to conduct experiment on German FrameNet frame 

disambiguation. The LTH system presented by Johansson and Nugues (2007) 

achieved the best performance in the SemEval 2007 task of identifying frame. They 

adopted a series of SVMs to classify the frame for a given target, associating unseen 

lexical items to frames and identifying and classifying a word or phrase as various 

semantic roles. Adrian Bejan and Hathaway (2007) selected 556 ambiguous target 

words which can evoke two or more semantic frames and have more than five anno-

tated sentences for each frame. They trained a multi-classifier for ambiguous targets 

from the FrameNet lexicon. 

Recently, a tool called SEMAFOR was presented (Das et al., 2010), with a proba-

bilistic models for FI that used a latent-variable log-linear model to capture frames for 

unseen targets. The feature set of this model leads to better performance on the Se-

mEval 2007 data. The FrameNet project released a new version of annotating data in 

2010. Das et al., using a two-stage statistical model (Das et al., 2014) on this dataset, 

improved their prior work and set the new state of the art. A few salient aspects of this 

updated version of SEMAFOR involved handling unseen targets by using a graph-

based semi-supervised learning approach and a dual decomposition algorithm. Subse-
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quently, Hermann et al. (2014) presented a novel model using distributed representa-

tions of the word context and dependency path for better FI, outperforming the 

aforementioned SEMAFOR. 

Unfortunately, above work is mostly based on sophisticated, hand-crafted features. 

Besides that, they usually heavily rely on available natural language processing (NLP) 

toolkits and various lexical resources. Thus existing methods with hand-crafted fea-

tures may not achieve satisfactory performance. Sample Heading (Third Level).Only 

two levels of headings should be numbered. Lower level headings remain unnum-

bered; they are formatted as run-in headings. 

3 TSABCNN Model 

 

Figure 2. The architecture of TSABCNN . 

The aim of FI is to choose a correct frame for the given target in a sentence.  Be-

cause targets are usually ambiguous, a target may arouse multiple frames, which  

poses challenges for FI tasks. Traditional statistical machine learning method is based 

on sophisticated, hand-crafted features. In recent years, CNN has been proved to be 

able to learn more advanced contextual features, and has been applied to many NLP 

tasks(Chen et al., 2015; Li et al., 2015; Severyn et al., 2015; Yin and Schütze, 2015; 

Wenpeng Yin et.al., 2016). Inspired by Wenpeng Yin, we here propose a novel gen-

eral two-stage attention-based convolution neural network model for FI. Our network 

architecture is shown as Figure 2. The input sentence is transformed into a vector by 

looking up word embedding. To acquire the word order, we here combine word em-
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bedding with relative position vector between the word and target. In input layer, an 

attention mechanism is used to acquire relevance of words and the target. In order to 

obtain context information such as n-gram, we use multiple kinds of filters with dif-

ferent region size (Zhang and Wallace, 2016), and next is a maximum pool layer. 

Another attention is used to determine more important n-gram features for FI. Finally, 

a 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 classifier is used, and the highest scoring frame is regarded as the best 

frame. Our model will be further described in the remainder of this section.  

3.1 Word Representation 

Before entering the network, each word wi  is mapped into a real vector viϵRd  (d de-

note the word embedding dimension) by looking up the word embedding table V, 

which can be trained by word2vec (Mikolov et al., 2013) model. In addition, in order 

to embed the position information of a word in a sentence for FI, we introduce the 

relative distance between i − th word and the target marked by a word position em-

bedding P (Collobert et al.,2011). For example, given sentence in Figure 2, the rela-

tive distances of "He" and "company" to "runs" are -1 and 2 respectively. Every rela-

tive distance is randomly initialized a position vector pi , and the dimensionality of the 

word position vector is q. Finally, combining the word embeddings vi and the relative 

position embedding pi , the word feature(WF) is represented as wi
f . Thus, a given 

sentence or the sequence of n words can be encoded into a matrix as follows:   

                            𝑺 =  𝒘𝟏
𝒇

, 𝒘𝟐
𝒇

, . . . , 𝒘𝒏
𝒇
 𝒘𝒊

𝒇
∈ 𝑹 𝒅+𝒒                              (1) 

3.2 Input-attention Mechanism 

Attentive neural networks have been successfully applied to natural language process 

(NLP) tasks such as machine translations, question answering, relation extraction, and 

sentence pairs modeling (Bahdanau et al., 2014; Hermann et al., 2015; Zhou et al., 

2016; Yin et al., 2016). In this subsection, we propose an input-attention mechanism 

for FI. Previous work has focused on the alignment of the input and output sequences, 

e.g. the alignment of input language and target language in machine translation. To 

make our model automatically learn the more useful features for the FI task, we pro-

pose a novel idea of applying the two-stage attention mechanism to heterogeneous 

objects, respectively input-attention and pooling-attention. The attention matrix on the 

input-layer intends to give higher weights to those words related to the target, and 

guide the convolution layer to learn more useful and higher level features. As is 

shown in Figure 2, the word "company" is very significant to FI, then the higher 

weight is allocated to it. Here, we define the input-layer Attention as a diagonal ma-

trix 𝐴. It denote that the relevance of word 𝑤𝑖  and target t in the given sentence. For-

mally, we define the diagonal attention matrix 𝐴 as : 

 𝐴𝑖𝑖 = 𝑓 𝑤𝑖 , 𝑡                                                (2) 

The function f can be computed by different ways. We here exploit  
1

0.0001 +|𝑤𝑖−𝑡|
 to 

initialize the matrix, where |𝑤𝑖 − 𝑡| is Euclidean Distance of between 𝑖 − 𝑡𝑕 word in 
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a sentence and target word 𝑡, and 𝐴𝑖𝑖  is updated during thenetwork training process. 

The relevance degree of 𝑖 − 𝑡𝑕 word in the sentence and its target word is defined as:  

   𝑎𝑖 =
𝑒𝑥𝑝  𝐴𝑖𝑖  

 𝑒𝑛
𝑘=1 𝑥𝑝 𝐴𝑘𝑘  

                                       (3) 

with n being the length of the sentence. The attention-based input is represented as 

follows:  

    𝑋 =  𝑎1𝑤1 , 𝑎2𝑤2 , . . . , 𝑎𝑛𝑤𝑛                                (4) 

subsequently, 𝑋 is fed into convolution layer of the model.  

3.3 CNN Architecture with multiple-size filters 

FI is a complicated task. In prior work, a variety of context features (e.g. n-gram fea-

tures) were extracted to solve this problem. Apparently, it is difficult to obtain these 

information only by word features. In order to enable the model to learn advanced 

features, following Collobert and Weston (2008), we regard the sentence matrix as a 

special matrix, and perform a convolution operation on it by multi-filters of different 

sizes. As columns represent discrete units (namely word or phrase) and a sentence has 

its inherent sequential structure, it is meaningful to use filters with the same height as 

the WF dimension. Therefore, we only choose the width of filters, namely adjusting 

the number of words jointed. In the subsequent section of the paper, the region size of 

the filter refers only to its width.  

Given a filer with a region size 𝑚, it is a weight matrix 𝑊𝑓  including 𝑚 ⋅ 𝑘 (𝑘 is the 

dimension of a word feature) parameters to be trained. The attention-based input ma-

trix of the sentence 𝑋 is fed into convolution layer. We use a sub-matrix 𝑋 : 𝑖, : 𝑗  to 

represent the mapping from sentence 𝑖 -𝑡𝑕  column to sentence 𝑗-𝑡𝑕  column. Input 

matrix 𝑋 is folded by the above mentioned filters, and at the same time wide convolu-

tion method is used, and phrase-level features are generated. More formally, a feature 

map 𝑕𝑖  is generated from the window of words 𝑋 :𝑖,:𝑖+𝑚−1  as follows:  

𝑕𝑖 = 𝜎 𝑊𝑓
𝑇𝑋 :𝑖 ,:𝑖+𝑚−1 + 𝑏𝑓                           (5) 

where 𝑏𝑓  is the bias of the convolution layer.  

Through convolution layer, the output length is 𝑛𝑜𝑢𝑡 = 𝑛𝑖𝑛 + 𝑚 − 1 (𝑛𝑖𝑛  is the in-

put length of the convolution).  

3.4 K-max-pooling and pooling-zttention 

The higher-level phrase features are generated by the filter windows on convolution 

layer. Some features are very important features for the target task, but others are not 

relevant to the task. To assign greater weight to those important features, we hereby 

propose a novel attention-based pooling method to extract some crucial features for 

the FI task. We firstly use 𝐾-max pooling on every feature map, which helps to obtain 

a fixed size matrix, reduces dimensionality, and keeps important features and global 

information about position. Combined with all 𝐾-max features, the context of the 

target t is represented as:  

 𝑆𝑝 =  𝑐1
𝑡 , 𝑐2

𝑡 , 𝑐3
𝑡 , . . . , 𝑐𝑙

𝑡                                         (6) 

with 𝑐𝑖
𝑡  being the i-𝐭𝐡 𝐾-max feature vector, and 𝑙 being the number of filters. Se-

condly, we use an pooling-attention strategy to determine the importance of the con-

text features of target that encoded by convolutional kernel and 𝐾 − max pooling. We 
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create a correlation matrix 𝐶  that obtains relative connections between the context 

feature of target and frames embedding 𝑊𝐹 ,𝐶 = 𝑆𝑝𝑈𝑊𝐹 , where 𝑈 is a weight matrix 

to be learned by the network, and the frame embedding is represented by the mean of 

the word embedding of the frame name. Then we normalize the matrix 𝐶, and obtain 

pooling-attention matrix 𝐴𝑝  as:  

 𝐴𝑖 ,𝑗
𝑝

=
𝐶𝑖,𝑗−𝑚𝑖𝑛𝑣𝑎𝑙𝑢𝑒

𝑚𝑎𝑥 𝑣𝑎𝑙𝑢𝑒 −𝑚𝑖𝑛𝑣𝑎𝑙𝑢𝑒
                                        (7) 

Finally, to highlight important context features, we multiply this pooling-attention 

matrix with 𝑆𝑝  to get 𝑆𝑜 . It is denoted as follows:  

𝑆𝑜 = 𝐴𝑝 ⋅ 𝑆𝑝                                             (8) 

3.5 Regularization and classification 

In order to overcome over fitting, following the works of Hinton et al. (2012) and 

Kim (2014), we execute a dropout regularization for 𝑆𝑜  and produce the dropout vec-

tor 𝑆𝑑 . What should be noted is that dropout is only performed during the training 

phase. The dropout vector 𝑆𝑑  is input into a standard neural network by fully con-

nected method, which use a weight matrix 𝑊𝑐  as model parameters. Finally, a softmax 

layer is used to implement the classification and output the vector 𝑜. The vector 𝑜 of 

𝑖-𝑡𝑕 dimension represents the probability of the 𝑖-𝑡𝑕 frame classified, computed as 

follows: 

                  𝑝 𝑓𝑖 ∨ 𝑥, 𝜃 =
𝑒𝑜𝑖

 𝑒𝑜𝑗𝐹
𝑗=1

                                                    (9) 

Where 𝜃 is a set of all network parameter to be learned, and 𝐹 is the frame number.  

 

3.6 The Network Training 

For all training examples  𝑥 𝑖 , 𝑦 𝑖   , we create the log-likelihood about the parame-

ter 𝜃 as the objective function. It is denoted as follows:  

𝐿 𝜃 =  𝑙𝑁
𝑖=1 𝑜𝑔𝑝 𝑦 𝑖 ∨ 𝑥 𝑖 , 𝜃                                                     (10) 

 

With 𝑁 is the number of all training examples, and we train 𝜃 by maximizing 𝐿 𝜃 . 

4 Experiments 

In this section, we firstly introduce the datasets and evaluation metrics, experimental 

setting, and then we present our experiments and results obtained in FI.  

4.1. Datasets and Evaluation Metrics 

Datasets. We evaluate our model on English FrameNet (FN) and Chinese FrameNet 

(CFN) respectively. For English FrameNet, we use the FrameNet 1.5 release which is 

the full-text annotations and was used by Das et al. (2014). We use the same test data 

as Das et al., containing 4,458 targets. There are 19,582 targets in training data.  

In experiment with Chinese FrameNet dataset. we select 25,000 annotated sen-

tences in CFN exemplar sentences database as the training data set, which contained 

1,567 targets and 180 frames. In order to compare with previous work in Chinese 
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frame identification (CFI), we use two test sets. The first one, named tc1, consisted of 

5000 sentences with marked targets that have not appeared in the training set. The 

second one, named tc2, used the same data set as Li et al. (2010) at the Coling 2010 

Conference. This data set contains 7 different Chinese ambiguous targets. For each 

target, sentences were collected from Sogo Corpus and Contemporary Chinese Cor-

pus of Beijing University and 940 sentences are selected for training data and 128 for 

test data.  

Evaluation Metrics. We use the accuracy =
b

r
 to evaluate our model, where b is 

the number of correct frames identified, and r is the total number of frames identified.  

4.2. Experimental Setting 

In our experiment, word embedding is 100 dimensions, trained on Wikipedia by the 

skip-gram model (Mikolov et al., 2013). Position embedding is 50 dimension and 

initialized randomly. The filter matrixes on Convolution layer and the other weight 

matrixes are initialized randomly, following a Gaussian distribution. All biases are 

initialized to 0. Hyper-parameters are tuned on the development dataset. The results 

of the final values of hyper-parameter are shown in Table 1.  

Table 1. Hyper-parameter setting. 

description Value 

filter window size 

filters number of each size 

filter height 

dropout rate 

batch size 

K-max 

Initial learning rate 

2,3,4 

100 

150 

0.5 

64 

3 

0.01 

Table 2. The result of English FrameNet 

Model SEMAFOR Lexicon 

All     Ambiguous     Unseen 

Full Lexicon 

All      Ambiguous     Unseen 

Das et al.supervised 

Das et al.best 

82.97         69.27             23.08 

83.60         69.19             42.67 

-                 -                   - 

-                 -                   - 
LOG-LINEAR WORDS 

LOG-LINEAR EMBEDDING 

WSABIE EMBEDDING 

84.53         70.55             27.27 

83.94         70.26             27.97 

86.49         73.39             46.15 

87.33          70.55             -            

86.74          70.26             - 

88.41          73.10             - 

CNN 

CNN+multifilter 

CNN+Input-att 
CNN+Input-att+multifilter 

CNN+Pooling-att 

CNN+Pooling-att+multifilter 

TSABCNN 

86.13         80.35             70.46 

86.56         81.12             72.31 

86.45         81.45             73.67 

87.25         82.03             72.64 

87.13         81.97             72.48 

87.55         82.77             74.65 

89.72         83.07             75.12 

86.54           80.43         70.66 

87.23           81.43         72.32 

86.55           81.53         73.85 

87.75           82.47         72.13 

87.43           82.39         72.65  

88.13           83.29         75.77 

91.4             83.78         76.34 
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4.3. Experimental results and analysis 

To show the effectiveness of our proposed method, several state-of-the-art methods 

are selected as baseline for comparison on English FrameNet and CFN.  

English FrameNet baseline are shown as follows:  

Das et al.: A semi-supervised learning method was used to improve upon a super-

vised latent-variable log-linear model (Das et al., 2014).  

Hermann et al.: Distributed representations of predicates and their syntactic con-

text were used (Hermann et al., 2016).  

Chinese FrameNet baseline are shown as follows:  

Li et al: A tree-structed conditional random field model was used to solve Chinese 

FI based on Dependency Parsing (Li et al., 2010).  

Zhao et al: BP neural network was used to learn the context features representa-

tion of a given target, and the selection of a frame for a given target (Zhao et al., 

2016).  

In addition, in order to analyze the effectiveness of each component of our neural 

network architecture, we use the ablation experiment on English FrameNet data set 

and CFN data set respectively, and compare with the above methods. The results are 

shown in Table 2, Table 3, Table 4.  

                       Table 3. The comparision result with Zhao et al. of CFN 

Model All Ambiguous Unseen 

Zhao et al 79.64 74.37 67.21 

CNN 

CNN+multifilter 

CNN+Input-att 

CNN+Input-att+multifilter 

CNN+Pooling-att 

CNN+Pooling-att+multifiter 

TSABCNN 

82.56 

83.34 

83.36 

84.43 

84.13 

85.3 

86.8 

78.34 

78.95 

78.82 

79.54 

79.34 

80.34 

81.76 

71.87 

72.25 

72.30 

73.15 

72.10 

73.41 

73.97 

                              Table 4. The comparision result with Li et al.. 

Model accuracy 

Li et al. 81.46 

CNN 

CNN+multifilter 

CNN+Input-att 

CNN+Input-att+multifilter 

CNN+Pooling-att 

CNN+Pooling-att+multifiter 

TSABCNN 

83.57 

84.56 

84.58 

85.65 

85.27 

87.18 

88.87 

Table 2 presents the accuracy for the state-of-the-art models on English FrameNet, 

and the comparision results with our proposed methods. Test data set is the 

SEMAFOR Lexicon and Full Lexicon. We present the results on all targets, ambi-

guous targets that evoke Multiple frames and unseen targets in the FrameNet lexicon 

or training data. As shown in Table 2, a high performance achieved on all targets and 

ambiguous word by traditional feature-based methods (Li et al., 2010), but a very low 

accuracy is obtained on unseen targets. Hermann et al (2016) used distributed repre-

sentation of targets and their syntactic context performs better results on three test 
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datasets than that of Das. For unseen targets, although the accuracy rate increased, it 

was far from being used. Simultaneously, we can see the performance is greatly im-

proved on these datasets by a convolutional neural networks, especially on ambiguous 

targets and unseen targets, which show that deep learning can automatically produce 

some useful features. By ablation studies, multi filters and attention mechanism can 

also improve the accuracy of FI, which shows multi filters can learn diversity features 

and attention mechanism can make the important features get more weight. Consider 

all components, TSABCNN model proposed in this paper achieves the best perfor-

mance, and strongly outperform other methods not only on all targets, but also ambi-

guous targets and unseen targets. On all target on FrameNet 1.5 release, our aproach 

achieves 91.4 accuracy, and beyond the best baseline nearly 4 point.  

Table 3 shows the results on Chinese tc1 dataset. The results are consistent with 

the results in Table 2. From table 3, we can see accuracy on the CFN is slightly lower 

than that of FrameNet. It may be caused by the following factors: (1) Language dif-

ferences. Chinese is more flexible and more ambiguous than English. (2) The scale of 

CFN corpus is much smaller than that of FN, and the neural network learning needs a 

large corpus support. Table 4 shows the results on Chinese tc2. On this dataset, CNN 

modelexceed that of Li et al. by 2.11 accuracy. It proves CNN can learn more useful 

context features for FI. While multi-filter, input-att, pooling-att are successively add-

ed to the model, Performance has a different degree of improvement. Finally, our 

proposed model, TSABCNN achieves 88.87 accuracy, and is higher 7.41 than the 

baseline.  

5. Conclusion 

In this paper, we propose a novel two-stage attention-based CNN model for FI. 

Our model utilizes CNN to automatically learn more important features for FI. We 

base attention mechanism to give higher weight to more important features. The expe-

rimental result shows that our model achieves better performance on three FI tasks 

than the baselines. Our model is not only suitable for the frame recognition of the all 

targets but also has a good effect on that of the unseen targets and the ambiguous 

targets. Furthermore, it is not limited to a language, so it is a general FI model. In the 

future work, we will focus on the research into joint identification of frames and ar-

guments, and realize automatic labeling of semantic roles on FrameNet.  
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