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Abstract
Recent advancements in large language models have shown impressive performance in general chat. However,
their domain-specific capabilities, particularly in information extraction, have certain limitations. Extracting structured
information from natural language that deviates from known schemas or instructions has proven challenging for
previous prompt-based methods. This motivated us to explore domain-specific modeling in chat-based language
models as a solution for extracting structured information from natural language. In this paper, we present ChatUIE,
an innovative unified information extraction framework built upon ChatGLM. Simultaneously, reinforcement learning
is employed to improve and align various tasks that involve confusing and limited samples. Furthermore, we
integrate generation constraints to address the issue of generating elements that are not present in the input. Our
experimental results demonstrate that ChatUIE can significantly improve the performance of information extraction
with a slight decrease in chatting ability.
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1. Introduction
Information extraction (IE) is a structured predic-
tion task that aims to identify and structure user-
specified information from unstructured texts (An-
dersen et al., 1992; Grishman, 2019; Lu et al.,
2022; Cao et al., 2022; Jiang et al., 2021; Xu and
Sun, 2022). IE tasks are highly diversified due
to their varying targets (entities, relations, events,
etc.), heterogeneous structures (spans, triplets,
records, etc.), and domain-specific schemas (Lou
et al., 2023; Zeng et al., 2022; Du et al., 2022). The
primary studies (Jiang et al., 2021; Li et al., 2022;
Xu et al., 2018; Ye et al., 2022; Cao et al., 2022;
Sheng et al., 2021; Zhang et al., 2023; Tang et al.,
2022; Xu et al., 2022) of information extraction are
task-specialized, which results in dedicated archi-
tectures, isolated models, and specialized knowl-
edge sources for different IE tasks. Several im-
proved methods (Lu et al., 2022; Lou et al., 2023;
Wei et al., 2023; Wang et al., 2023) have been pro-
posed for the unified modeling of information ex-
traction tasks, including prompt-based extractive
and generative models. However, these methods
are highly tailored to pre-defined schemas or fixed
instructions, which makes it extremely challenging
to facilitate natural language extraction. As shown
in Figure 1, UIE relies on a pre-defined schema
and prompt template. Deviating from this con-
sistency can significantly degrade model perfor-
mance, especially for zero-shot tasks where the
schema was not seen during training. In con-
trast, InstructUIE uses a set of instructions for in-
formation extraction. However, since these in-
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Pre-defined schemas or Fixed instructions
Prompt: [spot]company[spot]organization. (UIE, schema is predefined)
Text: Microsoft is an American multinational technology company.

Prompt: Extract the event information in the text. (InstructUIE, instruction is fixed, task-irrelevant)
Text: In addition , the victim feels safe since the link comes from one of his Facebook friends.

UIE USM InstructUIE ChatGLM ChatGPT

★★★★★ ★★★★★ ★★★★★ ★★★ ★★★★
Task-relevant natural language
Prompt: Find the pledge subject, the pledged object, the quantity of shares, the duration of the 
pledge, and the monetary value involved in the pledge event.
Text: Promoters of Tilaknagar Industries pledge shares worth 22% stake.

UIE USM InstructUIE ChatGLM ChatGPT

★★ ★ ★★★ ★★★ ★★★★

Figure 1: The approximate performance of unified
information extraction framework in various appli-
cation scenarios.

structions are not tailored to the specific task (what
to extract?), the model is restricted to the known
dataset. When faced with a new schema, using
task-irrelevant instructions makes it difficult to pro-
duce satisfactory results.
Generally, previous instruction-based methods fo-
cused more on memorizing instructions rather
than comprehending them. While ChatGLM out-
performs InstructUIE in task-relevant natural lan-
guage scenarios, there is room for improvement
in closed domain. However, enhancing the in-
formation extraction capabilities while preserving
the general chat capabilities of ChatGLM presents
challenges. Firstly, conflicts between domain-
specific knowledge and the knowledge embedded
in LLMs may result in knowledge forgetting. Sec-
ondly, the scarcity of annotated domain knowl-
edge and uneven sample distribution make it ar-
duous for LLM to effectively adapt and accom-
modate. These issues cannot be adequately ad-
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dressed through supervised fine-tuning alone. In
order to address this issue, we have introduced
reinforcement learning to align various tasks. In
contrast to other tasks, the result for information
extraction is derived from the input. To ensure that
the generated elements remain within the input,
we utilize generation constraint decoding.

LLMinput responseSFT
Please identify the entities of type 
"Person" in the given sentence ...

{"Person":["Ekeus"]}

Reward Modelinput rewardRM
Please identify the entities of type "Person" in the given 
sentence ...; Candidates are "Ekeus" and "Baghdad" "Ekeus": 5.4; "Baghdad": -1.2

LLM(active, SFT init)

input
logits

RL

Please identify the entities of type 
"Person" in the given sentence ...

LLM(frozen, SFT) logits

KL-Div

reward
PPO"Baghdad"

"Ekeus" "Ekeus": 5.4; 
"Baghdad": -1.2

Figure 2: The overall framework of chat-based uni-
fied information extraction using LLMs.

2. Methodology
The architecture of our framework is illustrated in
Figure 2, which mainly consists of three stages.
Initially, supervised fine-tuning is used to incor-
porate domain knowledge into LLMs. Next, the
reward learning model is utilized to enhance the
learning of confusing samples and data with lim-
ited samples. Lastly, we combine the trained su-
pervised fine-tuning model and reward model us-
ing reinforcement learning to align various tasks.

2.1. Domain Knowledge Integration
We utilize supervised learning to fine-tune Chat-
GLM using a variety of information extraction
datasets. The input of the SFT model is divided
into two parts: instruction and context. The in-
struction, with M tokens, and the context, with
N tokens, are encoded by GLM to derive vector
representations x = [xi1, ..., xiM ;xc1, ..., xcN ] ∈
R(M+N)×D, where D represents the dimension of
the embedding. The probability of generating each
token is as follows:

p(yi|x) =
p(v(yi)|c(x; yi−1))∑

y′∈V p(v(y′)|c(x; yi−1))
(1)

where V represents a vocabulary of 130, 528 to-
kens. v is a MLP , and c is the decoder of GLM.
The dimension of p(yi|x) is R|V|. The objective
function of SFT is to maximize the likelihood:

LSFT =
1

L

L∑
i=0

CE(yi, p(yi|x)) (2)

where L represents the target sequence length.
CE is the cross-entropy loss. Unified information

extraction stands out from other text generation
tasks as it necessitates the generated content to
be a span within the input. Moreover, our frame-
work adopts a JSON format to effectively repre-
sent the structured relationships. Therefore, we in-
troduce generative constraint decoding. As shown
in Figure 3, for instance, after generating token ‘A’,
the next token must be either ‘B’ or ‘”’.

{ } [ ] , : " A B C D E

{ 1 1

} 1

[ 1 1 1

] 1 1 1

, 1 1

: 1 1

" 1 1 1 1 1 1 1 1 1 1

A 1 1

B 1 1

C 1 1

D 1 1

E 1

Special token for JSON Prompt Input

Figure 3: Strategies for generating constraints in
information extraction tasks.

2.2. Reinforcement Learning
In unified information extraction, the presence of
diverse data sources and types often leads to chal-
lenges, such as type confusion and uneven dis-
tribution of samples, in the supervised fine-tuning
model. To address these issues, reinforcement
learning is introduced as a solution. The reward
model of reinforcement learning also uses Chat-
GLM as the backbone. It takes an instruction, a
context, and a positive or negative response as in-
put, and outputs a scalar reward. We use the logits
of the EOS token to represent the scalar reward:

r(x, y) = v(yeos|c(x; y)) (3)

Our goal is to maximize the difference between the
rewards of positive and negative samples. There-
fore, the objective of reward modeling can be ex-
pressed as follows:

LRM = −log(σ(r(xp, yp)− r(xn, yn))) (4)

where σ is a sigmoid function. Contrary to the
supervised fine-tuning model, the reward model
does not exclusively dependent on training sam-
ples from the training set. The construction of
training samples encompasses diverse methods,
including: (1) substituting sample results with dif-
ferent types of confusion to generate negative
samples, and (2) using the SFT and ChatGPT
models to forecast extraction results for external
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analogous datasets. Moreover, ChatGPT is used
to score the extraction results, thereby increas-
ing the amount of limited sample data. Then,
the optimization strategy for reinforcement learn-
ing adopts PPO. Finally, the objective function in
RL training can be expressed as follows:

LRL = r(x, y)− βlog(
pRL(y|x)
pSFT (y|x)

) (5)

where r(x, y) represents a scalar reward, and β is
a scalar coefficient of KL-div. pRL(y|x) denotes the
logits of the active model, while pSFT (y|x) denotes
the logits of the reference model.

3. Experimental Settings and Results
3.1. Experimental Settings
Dataset We conducted our experiments on mul-
tiple widely-used datasets, including Resume for
NER; CoNLL-2004 for RE; FewFC for EE (Zhang
and Yang, 2018; Roth and Yih, 2004; Zhou et al.,
2021); WebQA, CEval, CMMLU, and MMLU (Li
et al., 2016; Huang et al., 2023; Li et al., 2023;
Hendrycks et al., 2021) for general chat. For
detailed information on data division, please re-
fer to Table 1. The training of ChatUIE requires
two sets of data: one for the reward model (<in-
struction, context, positive response, negative re-
sponse>) and the other for supervised fine-tuning
and reinforcement learning (<instruction, context,
response>). Negative responses consist of con-

SFT RM RL

Tr
ai
n

Resume 10,472 5,489 10,472
CoNLL 2,647 1,153 2,647
FewFC 25,665 8,299 25,665
Sum 38,784 14,941 38,784

D
ev

Resume 1,258 657 1,258
CoNLL 659 288 659
FewFC 3,263 1,050 3,263
Sum 5,180 1,996 5,180

Te
st

Resume 1,253 664 1,253
CoNLL 641 288 641
FewFC 3,244 1,049 3,244
Sum 5,138 2,001 5,138

Table 1: Details of the datasets: The division of
these datasets is consistent with previous work,
and ChatUIE performed training/dev data aug-
mentation based on the divided results.

fusing data or data that the SFT model cannot fit.
For example, an instruction like “Please identify
the entities of type Person in the given sentence”
and a context like “U.N. official Ekeus heads for
Baghdad”. The training data for SFT and RL is
constructed as follows:

{
"instruction": "Please identify the

entities of type Person in the given
sentence",

"context": "U.N. official Ekeus heads for
Baghdad",

"ouput": '[{"Person": ["EKeus"]}]'
}

The training data for RM is constructed as follows:

{
"instruction": "Please identify the

entities of type `Person' in the given
sentence",

"context": "U.N. official Ekeus heads for
Baghdad",

"ouput": [
'[{"Person": ["EKeus"]}]',
'[{"Person": ["Baghdad"]}]'

]
}

Evaluation Metrics. For the NER task, we follow
a span-level evaluation setting, where the entity
span and entity type must be correctly predicted.
For the RE task, a relation triple is correct if the
model correctly predicts the span of subject and
object and the relation between subject and object.
For the EE task, we report two evaluation metrics:
(1) Event Trigger: an event trigger is correct if the
event type and the trigger span are correctly pre-
dicted. (2) Event Argument: an event argument is
correct if its role type and event type match a ref-
erence argument mention. For general chat task,
we use ROUGE-1 as the metric, it refers to the
overlap of unigrams between the generation and
reference response.
Implementation Details. We compare the pro-
posed ChatUIE with the following strong baseline
models: ChatGLM 1 takes information extraction
as a generation problem. The input and output of
the test set are consistent with ChatUIE, but Chat-
GLM has not been trained, and the output is in-
ferred directly. ChatGPT gets responses through
the official interface. UIE implementation and pa-
rameters are consistent with the author’s official
code 2, the English dataset uses the UIE English
base model 3, and the Chinese dataset uses the
mT5 base model. Our model ChatUIE is trained
on 8×V100-32G. For other hyper-parameters and
details, please refer to Table 2. The implemen-
tation of supervised fine-tuning and reward mod-
eling refers to ChatGLM (Du et al., 2022; Robin-
son and Wingate, 2023), and the implementation
of reinforcement learning refers to TRL (vonWerra

1https://github.com/THUDM/ChatGLM-6B
2https://github.com/universal-ie/UIE
3https://huggingface.co/luyaojie/uie-base-en
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SFT RM RL
batch size 64 32 8
fine-tuning type LoRA LoRA LoRA
train epochs 0-15 3 2
lora rank 8 8 8
lora dropout 0.1 0.1 0.1
lora target QKV QKV QKV
learning rate 1e-4 2e-5 1e-6
max input length 450 450 450
max output length 600 600 600
KL-div β - - 0.1

Table 2: Hyperparameters of different models.

et al., 2020). The results reported in the experi-
ment are the average of 5 different random seeds
(0,1,2,3,4).

3.2. Results
3.2.1. Overall Results
The results reported in the experiment are the av-
erage of five different random seeds. Table 3
and Table 4 present the comparisons between our
model and other baselines. As demonstrated, our
model surpassed the generative model UIE (with
supervised fine-tuning) by 3.89%, 1.27%, and
5.75% in F1 score on the Resume, CoNLL, and
FewFC datasets, respectively. Additionally, it can
be observed that the performance of ChatGLM
and ChatGPT has significantly decreased without
domain-specific data training. After applying rein-
forcement learning (RL), ChatUIE exhibited perfor-
mance improvements of 1.56% in Resume, 2.43%
in CoNLL, and 3.59% in FewFC. Furthermore, the
generation constraints (GC) also showed notice-
able enhancements across different datasets. As
shown in Figure 4, using FewFC as an exam-
ple, the categories of Acquisition, Transfer, and In-
vestment are susceptible to confusion. However,
after applying reinforcement learning techniques,
the performance of all three types improves signif-
icantly. Notably, the sample sizes for Judgment
and Charge are relatively small, constituting less
than one-third of the Investment samples. By in-
corporating external homologous data through re-
inforcement learning, the overall effect improves
by approximately 1 to 3 percentage points.

3.2.2. Results For Chatting
To assess the overall chat capability of ChatUIE,
we have chosen WebQA as the dataset for eval-
uating common sense question and answer per-
formance. As shown in Figure 5, compared to
ChatGLM, ChatUIE demonstrated a significant im-
provement of 30.77% on Resume, 24.28% on
CoNLL, and 41.22% when the epoch is 3. How-
ever, there is only a slight decrease of 0.89%
in the general question answering task, which is

Model Resume (%) CoNLL (%)
P R F1 P R F1

ChatGLM 41.05 86.98 55.78 11.60 70.82 19.93
ChatGPT 80.47 63.49 70.98 48.03 24.93 32.83
UIE 94.03 93.67 93.85 75.56 73.72 74.63
ChatUIE 95.58 95.82 95.70 75.82 75.35 75.58
w/o RL 93.51 94.97 94.23 74.25 73.34 73.79
w/o GC 94.37 94.55 94.46 74.03 73.82 73.92

Table 3: Overall results of Resume and CoNLL.

Model TC (%) AC (%)
P R F1 P R F1

ChatGLM 20.33 75.87 32.08 10.33 61.21 17.68
ChatGPT 83.86 42.56 56.47 76.80 29.54 42.67
UIE 89.64 76.90 82.78 78.82 61.42 69.04
ChatUIE 87.04 79.69 83.20 73.63 72.39 73.01
w/o RL 86.58 76.81 81.40 78.53 63.93 70.48
w/o GC 86.84 77.92 82.14 76.78 66.56 71.31

Table 4: Overall results of event extraction on
FewFC. TC is trigger classification, while AC
stands for argument classification.
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Figure 4: Performance comparison of confusing
and limited samples after reinforcement learning
in FewFC.

still within an acceptable range. As the number
of training epochs increases, the performance of
the domain-specific datasets improves. However,
there is a risk of losing the general chatting abil-
ity. Simultaneously, we also evaluate the overall
capabilities of ChatUIE using a dataset for large-
scale model assessment. As depicted in Table 5
and Table 6, a minor decline is observed in the
overall chat capabilities of ChatUIE. At the same
time, it is evident that the absence of reinforcement
learning in ChatUIE results in a partial decrease in
its overall chat capabilities. Reinforcement learn-
ing effectively mitigates knowledge decay by inte-
grating diverse tasks.

3.2.3. Zero-Shot Information Extraction
We evaluate the zero-shot performance of Cha-
tUIE by testing it on unseen information extraction
datasets. These include MSRA (Levow, 2006) for
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Figure 5: Performance of different tasks as the
number of training epochs increase.

STEM Hum SSci Other Avg

C
Ev

al ChatGLM 35.84 44.24 45.14 40.07 40.30
ChatUIE 35.12 43.93 45.02 39.46 39.72
- RL 34.89 43.64 44.37 39.05 39.33

M
M
LU

ChatGLM 34.93 43.03 45.40 42.47 40.83
ChatUIE 35.02 43.22 44.17 41.23 40.25
- RL 34.85 43.11 43.83 40.96 40.02

Table 5: Overall results of CEval and MMLU.

NER; SemEval (Hendrickx et al., 2010) for RE; and
iFLYTEK for EE. As can been seen from Table 7
and Table 8, our model outperformed the baseline
model (ChatGLM) by 18.85%, 9.58%, and 8.89%
in F1 score on the MSRA, SemEval, and iFLYTEK
datasets, respectively. Since the training dataset
of InstructUIE includes SemEval, zero-shot testing
is not conducted. ChatUIE surpasses UIE and In-
structUIE as it doesn’t rely on pre-defined schema
or fixed instructions, enabling it to comprehend
natural language more effectively.

STEM Hum SSci Other CSp Avg
ChatGLM 31.53 40.52 41.30 39.88 38.59 38.35
ChatUIE 30.97 40.23 40.88 38.24 39.12 37.86
- RL 30.25 40.34 40.37 38.02 38.78 37.49

Table 6: Overall results of CMMLU.

Model MSRA (%) SemEval (%)
P R F1 P R F1

ChatGLM 14.74 88.31 25.26 6.49 32.84 10.84
ChatGPT 59.63 28.73 38.78 58.53 9.21 15.92
InstructUIE 29.35 33.56 31.31 - - -
UIE 24.33 40.97 30.52 9.87 47.26 16.33

ChatUIE 30.73 78.14 44.11 15.21 31.03 20.42

Table 7: Overall results of zero-shot NER on
MSRA and RE on SemEval.

Model TC (%) AC (%)
P R F1 P R F1

ChatGLM 9.79 37.97 15.57 8.21 27.41 12.63
ChatGPT 38.50 11.66 17.90 33.25 10.04 15.42
InstructUIE 13.39 16.78 14.89 10.55 12.83 11.58
UIE 11.39 31.78 16.77 10.37 22.72 14.24

ChatUIE 22.82 26.41 24.49 20.07 23.25 21.54

Table 8: Overall results of zero-shot event extrac-
tion on iFLYTEK.

3.2.4. Case Study
As shown in Figure 6, it is clear that ChatGPT does
not strictly follow the specified format, and some of
the generated content in ChatGLM does not match
the input. However, ChatUIE addresses these is-
sues by utilizing reinforcement learning and gen-
eration constraints.

!"#$%&'()*: #$+,-.#$/.0$/.#$12.#$3456789:;<
=>?@#$%&<ABCDE'%&()FGjsonHIJK<LAJKMNO5PQR#SQ
TUV(WXYZ)[1\]^_,^`a*b#cdefghijklmnopq-$r1”'#$
stu,vw#$x12y*916,058,676.00z,{^`2018|}~��'94.46%5

ChatGPT ChatGLM ChatUIE

{
"!"#$%":"!"",
"!"&":"'()*",
"+"&":"!,-",
"!"(.":"916,058,676.00/",
"!"01":"234"

}

{
"!"#$%":"!,-",
"!"&":"'()*56",
"+"&":"!,-789:;<",
"!"(.":"916,058,676.00/",
"!"01":"234"

}

{
"!"#$%":"!"",
"!"&":"'()*",
"+"&":"!,-",
"!"(.":"=>916,058,676.00/",
"!"01":"234"

}

The `Work For` relationship meaning to be employed by or work on behalf of someone or some organization, 
which contains a subject and an object. Extract the relationship from the following sentences, and return it in 
JSON format if it exists, or return an empty string if it does not exist. Winter , 53 , a former Yale University law 
professor who took the bench in 1982 , and Starr , a fellow appointee of President Reagan , are both known as 
judicial conservatives.
{

"Winter": "Yale University",
"Starr": "President Reagan"

}

{
"subject": "Winter",
"object": "53"

}

{
"subject": "Winter",
"object": "Yale University"

}

Figure 6: The impacts of various chat models on
event extraction and relation extraction.

4. Conclusion
We have presented ChatUIE, a chat-like uni-
fied information extraction framework based on
ChatGLM. Our framework effectively improves
the performance of ChatGLM on domain-specific
datasets while preserving its ability to chat. Empir-
ical comparisons and analytical experiments have
verified its effectiveness. Moreover, our work
may have implications for other complex struc-
tured generation tasks.

5. Limitations
Nonetheless, these results must be interpreted
with caution and several limitations should be
borne in mind. Firstly, due to GPU limitations,
we only trained our model based on ChatGLM-
6B. Secondly, the processing speed of genera-
tive information extraction is significantly slower
than that of extractive information extraction, mak-
ing it more suitable for interactive applications.
Thirdly, while the performance on domain-specific
datasets is improved, there may be a slight loss of
the ability to chat.
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