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Chinese Spelling Check

* Spelling errors in Chinese texts often occur between

_ o o Input A% (set) AL K 89 TAF .
characters with similar pronunciations and Error |Output (correct) B % iX (this) & 4 ¥ #) T4 .
morphologies. Pair |Output (model) BH 7 ¥ (relate) % A% & 89 TAF -
in Translation Because this is the principal’s job.
(Lol BOAA E() R E R BY .

pEf Sarnples = EARCEOHOMNBA R L@ -
* The purpose of Chinese Spelling Check (CSC) is to raining set X RAARCOREEH . .
detect and correct spelling errors in Chinese texts. Input % i ¥ Ak (head) T & & F 4t -
Correct |Output (correct) % 4 69 Afir(steal) T & &9 F #t .
Usage |Output (model) % 469 Ad%(cast) T & 89 F#t -
in Translation Someone nearby stole my manual.

Training A AGTRHBE.
Set |Samplesin 4 4t RTROKS.
training set JE Rk RBEALT - ..

* Challenge:
* insufficient annotated data Table 1: Examples of Chinese spelling errors, including
 underutilization of existing datasets inputs, correct outputs, outputs from model REALISE,

and related samples in the training set.

* How about using Retrieval-augmented methods?



Retrieval-augmented Text Generation

* A new paradigm known as "open-book exam®.
* Specially, algorithms based on KNN retrieval always predict tokens with a nearest neighbor classifier
over a large datastore of cached examples.
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chambre. — ? been 0.6

Figure 1: An illustration of how the NN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the £ nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

Nearest Neighbor Machine Translation, Urvashi Khandelwal ICLR 2021



Challenge and Solution

* Challenge: Both correct and incorrect tokens exist in the input text, which makes it confusing
and unreasonable to arbitrarily store the traditional semantic representations of each token
for retrieval.

* As mentioned before, incorrect tokens, namely spelling errors, are often caused by phonetic
and morphologic similarity. So we incorporate the phonetic and morphologic information of
each token itself into the calculation of the query and key. (Error Robust Information)



RERIC: Retrieval method with Error-Robust Information for Chinese Spelling Check
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Figure 1: An illustration of our RERIC method with the datastore construction and the inference process including
the KNN retrieval and reranking. The key contains the phonetic, morphologic, and contextual information of the
token obtained from the base CSC model, and the value is in the form of 3-gram here. There are both correct
(the majority) and incorrect tokens (marked in red) in the training and test data. Moreover, the target token and
corresponding positions in n-gram values are underlined. And the test sample shows the correction process for the
token "¥A(to)" , which should be corrected to " —(one)".



RERIC: Datastore Construction

* Key Design:

* The goal of our key design is to alleviate the negative impact of
mixing correct and incorrect tokens in the input and provide
sufficient information for error correction. Each target token
needs to be represented more rationally and robustly in the
same high-dimensional space.

* We use concatenation to combine and store three parts of
information.
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RERIC: Datastore Construction

* Value Design:
* we propose to extend the single target token to the n-gram
around it as the value for further matching and reranking.
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RERIC: Retrieval and Reranking

e Retrieval:
* the query is used to retrieve the k-nearest neighbors in the
datastore we constructed before based on the measure of

similarity. Keys Values
* Reranking: (00 [« Kbos>, i&, —)
g: | C0® [—| =
* We calculate the modified distance of the retrieved neighbor. | .
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Experimental Settings

* Training Data:
* SIGHAN 13/14/15 training set
* Wang271K

* Test Data:
e SIGHAN 13/14/15 test set

e Evaluation Methods:
* sentence-level metrics at both the detection level and the correction level



Results

Detection Level Correction Level

HEstoet Mbde Accuracy Precision Recall FI Score| Accuracy Precision Recall F1 Score

FASpell (Hong et al., 2019) 63.1 76.2 63.2  69.1 60.5 73.1 60.5 66.2
SpellGCN (Cheng et al., 2020) - 80.1 744 772 - 78.3 72.7 75.4
SIGHAN13| ECOPO' (Li et al., 2022b) 83.3 89.3 83.2 86.2 82.1 88.5 82.0 85.1

REALISE' (Xu et al., 2021) 82.7 88.6 82.5 85.4 81.4 87.2 81.2 84.1

RERIC' (Ours) 83.0 89.7 82.8 86.1 82.1 88.7 81.9 85.2
FASpell (Hong et al., 2019) 70.0 61.0 535 57.0 69.3 594 520 554
SpellGCN (Cheng et al., 2020) - 65.1 69.5 67.2 - 63.1 67.2 65.3

SIGHANI4| ECOPO (Liet al., 2022b) 79.0 68.8 72.1 70.4 78.5 67.5 71.0 69.2
REALISE (Xu et al., 2021) 78.4 67.8 71.5 69.6 77.7 66.3 70.0  68.1

RERIC (Ours) 79.9 72.1 70.6 713 79.6 71.3 69.8 70.6
FASpell (Hong et al., 2019) 74.2 67.6 60.0  63.5 73.7 66.6 59.1 62.6
SpellGCN (Cheng et al., 2020) - 74.8 80.7 71.7 - 72.1 77.7 75.9

PLOME (Liu et al., 2021) - 77.4 81.5 79.4 - 75.3 79.3 77.2
ECOPO (Li et al., 2022b) 85.0 71.5 82.6 80.0 84.2 76.1 81.2 78.5

REALISE (Xu et al., 2021) 84.7 71.3 81.3 79.3 84.0 75.9 79.9 77.8
RERIC (Ours) 86.1 81.1 81.3 81.2 85.6 79.9 80.1 80.0

SIGHANIS

Table 4: Sentence-level performance of our RERIC method and baseline models. REALISE is the backbone and
base CSC model for RERIC to build the datastore. Results marked with "§" on SIGHAN 2013 are post-processed

with removing all "89", "3#4", "#3" from the model output, due to the low annotation quality about them, which is to
follow the previous work (Xu et al., 2021) for convenient comparison.



Discussions with ChatGPT

* ChatGPT is not adept at performing tasks like CSC that strictly restrict the output format, and thus
there are many over-correction problem:s.

Detection Level Correction Level
Pre Rec Fl1 Pre Rec Fl

ChatGPT 36.8 79.4 503 265 57.2 36.2
RERIC 81.1 813 81.2 799 80.1 80.0

Method

Table 6: Results of ChatGPT on the SIGHAN1S5 test set
with the few-shot setting.



Ablation Experiments

» Ablation Experiments indicate that all three types
of representations in ERI are critical, especially the
phonetic information.

 When ERI or NVR are removed, the performance of
the model drops significantly at both detection and
correction levels.

Detection Level

Correction Level

Method
Pre Rec FI Pre Rec FlI

RERIC 81.1 81.3 81.2 79.9 80.1 80.0
w/o ERI-P 79.3 809 80.1 78.3 79.4 78.9
w/o ERI-M 79.5 81.0 80.2 78.7 79.5 79.1
w/o ERI-C 80.4 8I1.1 80.7 79.2 80.2 79.7
w/ ERI-S 74.6 784 76.5 72.0 75.7 73.8
w/o ERI 77.7 81.3 79.5 76.5 80.0 78.2
w/o NVR 79.7 81.2 804 784 799 79.1
w/o Retrieval 77.3 81.3 793 759 799 77.8

Table 5: Ablation results of our RERIC method on
SIGHAN2015 test set. We apply the following changes:
1) removing each component of ERI (w/o ERI-P, w/o
ERI-M, and w/o ERI-C denote the reduction of phonetic,
morphologic, and contextual information, respectively);
2) using traditional semantic representation as the com-
ponent of ERI (w/ ERI-S); 3) using the standard hidden
representation of the token as the key (w/o ERI); 4) re-
moving the reranking process and only using the single

token as the value (w/o NVR).
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Case Study

* One example is "## _Eizzh#EEH (] take my
sneakers and go out.)", which is correct, but
REALISE incorrectly changed the "#(take)" in it to "
#(wear)" which is usually used in Chinese to refer
to putting on a hat, glasses, etc. And RERIC does
not make this mistake, because there are many
similar uses of "#(take)" in the training set.

Input:
Correct:
Translation:
CSC Output:

RERIC Output:
Traing Sample:

ZWRH#BIPRT -
ZMHBABHERT -
The teacher came into the classroom -
KA ERT -
ZPHBRETERT -
LX) H— N R R ER

Input:
Correct:

Translation:
CSC Output:

RERIC Output:

Traing Sample:

K LEFHERET] .

Ko EEFHER .

I take my sneakers and go out -
KB LEEzshEE].

Ko Lzshe il .

L EFfLRER G T .
LR IR A BT K

Table 8: Some examples from SIGHAN 2015. The word
in red means an error, and the word in green means cor-
rect. "CSC Output" means the prediction from standard

REALISE model.
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Conclusion

* In this paper, we propose RERIC to improve the current CSC model with our retrieval and reranking
method.

* The key and value in the datastore for retrieval are designed according to the characteristics of CSC to
effectively make use of the training data. More importantly, we employ multimodal representation
that fuses phonetic, morphologic, and contextual information, together with n-gram matching and
reranking, to improve error robustness during retrieval.

* The experimental results and relevant analyses prove the effectiveness of our method and its
improvement over previous studies.

e Furthermore, our method can be simply applied in a plug-and-play manner without additional
training, which shows superiority.
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