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Abstract

Unified Information Extraction (UIE) aims to
handle heterogeneous IE tasks within a sin-
gle framework, but existing methods often
suffer from inconsistent schema representa-
tion, implicitly intermediate reasoning and full-
parameter adaptation, which limit generaliza-
tion, interpretability and parameter efficiency.
To address these issues, we propose UC-UIE
(Universal Capabilities-based Unified Informa-
tion Extractor), a unified framework based on
Large Language Model (LLM), which intro-
duces a unified frame-and-slots schema for
IE tasks and explicitly decomposes IE reason-
ing into three universal capabilities: judging,
locating, and associating. Furthermore, UC-
UIE adopts a Low-Rank Adaptation (LoRA)
based hierarchical Mixture-of-Experts (MoE)
adapter to fine-tune LLMs for IE tasks, which
explicitly models these three capabilities in a
task-driven way while ensuring parameter ef-
ficiency. With only 1.24% trainable parame-
ters, UC-UIE outperforms full-parameter tun-
ing methods, showing excellent parameter effi-
ciency. Zero-shot evaluation reveals its strong
generalization ability to unseen domains and
schemas, benefiting from unified schema rep-
resentation and explicit capability decompo-
sition. Further experiments validate that the
hierarchical MoE adapter learns capability spe-
cialization and composition, which enhances
both UIE performance and interpretability.

1 Introduction

Information Extraction (IE) is a fundamental task
in Natural Language Processing (NLP), aiming
to extract structured knowledge such as entities,
relations and events from unstructured or semi-
structured text (Cowie and Lehnert, 1996; Grish-
man, 2015; Yang et al., 2022; Xu et al., 2024;
Zhang et al., 2025b). IE tasks, such as Named En-
tity Recognition (NER) (Yadav and Bethard, 2018;

*Corresponding author

Hu et al., 2024), Relation Extraction (RE) (Zhao
et al., 2024; Nasar et al., 2021), Event Extraction
(EE) (Xiang and Wang, 2019; Li et al., 2022) and
Aspect-Based Sentiment Analysis (ABSA) (Zhang
et al., 2022; Hua et al., 2024), vary widely in their
structured extraction objectives (Lu et al., 2022),
named schemas (Hogan et al., 2021). As shown in
Figure 1, NER extracts typed entities, RE identifies
two typed entities together with their relation, EE
constructs event structures consisting of triggers
and multiple argument roles, and ABSA detects
aspect–opinion–sentiment tuples. Consequently,
heterogeneous IE tasks are traditionally treated as
distinct problems with task-tailored models and op-
timization objectives, leading to redundant designs,
limited knowledge sharing and poor cross-task gen-
eralization (Paolini et al., 2021; Lu et al., 2022; Xu
et al., 2024; Zhang et al., 2025b).

Recently, Unified IE (UIE) emerges to integrate
heterogeneous IE tasks within a single framework
(Paolini et al., 2021; Lu et al., 2022; Xu et al.,
2024; Zhang et al., 2025b). Pretrained Language
Models (PLMs), especially Large Language Mod-
els (LLMs) make UIE feasible by providing a
shared semantic space, reasoning ability and low-
resource generalization. However, existing PLM-
based UIE methods still face three key limitations.
First, despite sharing a unified model architecture,
most UIE methods suffer from inconsistent schema
and output representations across heterogeneous
IE tasks, requiring separate templates or decoders
for diverse output formats (Paolini et al., 2021; Lu
et al., 2022; Wang et al., 2023), which limits gen-
eralization to unseen IE tasks. Second, although
some studies incorporate reasoning into the extrac-
tion process (Lou et al., 2023; Ping et al., 2023;
Zhu et al., 2023), most UIE frameworks formulate
IE as a direct sequence generation problem (Lu
et al., 2022; Wang et al., 2023; Li et al., 2024b;
Liao et al., 2025), implicitly modeling all reason-
ing behaviors within shared parameters, resulting
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Figure 1: Universal capabilities across IE tasks.

in limited interpretability. Finally, most approaches
rely on full-parameter tuning to adapt PLMs to
UIE task (Lu et al., 2022; Wang et al., 2023; Lou
et al., 2023), which remains feasible for million-
parameter PLMs, but impractical when scaling to
billion-parameter LLMs due to high training cost.

In response, we propose UC-UIE (Universal
Capabilities-based Unified Information Extractor),
an LLM-based framework that addresses the above
challenges. First, to resolve schema inconsistency,
we introduce a unified frame-and-slots representa-
tion, grounded in frame semantics (Fillmore, 1976;
Petruck, 2022) and slot-filling (Zhang et al., 2017).
Each structured extraction objective is abstracted
as a semantic frame (e.g., a relation) with typed
slots (e.g., relation subject and object), yielding
format-consistent outputs and better generalization
to unseen schemas. Second, inspired by the frame-
based meaning construction (Das et al., 2014; Rai
et al., 2025), where linguistic comprehension in-
volves frame evocation, role filling and role bind-
ing, we observe that IE tasks share common rea-
soning behaviors under the unified frame–and-slots
schema, despite differing in their structured objec-
tives. We therefore decompose UIE into three task-
agnostic universal reasoning capabilities as shown
in Figure 1 to overcome the implicit modeling of
intermediate reasoning: judging the presence of
frames (e.g., relations), locating their textual spans
(e.g., relation subject and object mentions), and
associating related elements into coherent struc-
tures (e.g., linking subject and object via a relation),
therefore disentangling intermediate reasoning and
enhancing interpretability. Finally, to avoid full-
parameter tuning when adapting LLMs to IE tasks,
we design a Low-Rank Adaptation (LoRA) (Hu
et al., 2022) based hierarchical Mixture-of-Experts
(MoE) adapter for Parameter-Efficient Fine-Tuning
(PEFT), where experts are specialized for the three
capabilities and adaptively activated via a task-
driven router.

The main contributions in this paper are summa-
rized as follows:
• A frame-and-slots schema is introduced to repre-

sent heterogeneous IE tasks in a consistent way,
improving IE schema generalization.

• UIE reasoning is explicitly decomposed into
three universal capabilities, including judging,
locating and associating, enhancing model in-
terpretability. A LoRA-based hierarchical MoE
adapter is designed to model the three capabili-
ties while enabling parameter-efficient adaptation
of LLMs to UIE.

• Experiments on 4 IE tasks across 34 IE bench-
marks demonstrate the effectiveness of UC-UIE.
It outperforms full-parameter tuning methods
with only 1.24% trainable parameters, showing
excellent parameter efficiency. Zero-shot UC-
UIE reaches over half the performance of super-
vised methods, revealing strong generalization
to unseen domains and schemas. Further exper-
iments validate the effectiveness of capability
decomposition and hierarchical MoE design.

2 Related work

Unified Information Extraction. Recent ad-
vances in UIE can be categorized into two
paradigms: linking-based and generation-based
methods. Linking-based UIE methods rely on
encoder-only PLMs to jointly encode task schema
and text into a shared semantic space, and unify het-
erogeneous IE tasks by structured linking among
textual tokens, spans and schema elements, such
as USM (Lou et al., 2023), UniEX (Ping et al.,
2023), RexUIE (Liu et al., 2023a), Mirror (Zhu
et al., 2023) and TRUE-UIE (Wang et al., 2024).
However, their schema-aware linking mechanisms
are tightly coupled with predefined schemas, and
thus difficult to handle unseen schemas. More-
over, relying on full-parameter tuning of encoder-
only PLMs limits scalability to larger and more
expressive LLMs. Generation-based methods pro-
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vide more flexible frameworks through encoder-
decoder PLMs or decoder-only LLMs, which for-
mulate IE as a sequence-to-sequence generation
task (Sutskever et al., 2014). They differ mainly
in output serialization strategies: TANL (Paolini
et al., 2021) and ADELIE (Qi et al., 2024) gener-
ate natural-language descriptions, UIE (Lu et al.,
2022), LasUIE (Fei et al., 2022), InstructUIE
(Wang et al., 2023), YAYI-UIE (Xiao et al., 2023))
RUIE (Liao et al., 2025) and LLM-UIE (Zhang
et al., 2025a) linearize structured outputs using spe-
cial symbols, while recent works express extraction
results as code-style snippets, such as CodeIE (Li
et al., 2023), GoLLIE (Sainz et al., 2024), Know-
Coder (Li et al., 2024b), KnowCoder-X (Zuo et al.,
2025b)) and GoLLIE-TF (Chen et al., 2025). These
methods share PLMs parameters across IE tasks
and ignore intermediate reasoning, which limits
interpretability, and many of them further rely on
full-parameter pretraining.

Mixture-of-Experts. MoE, consisting of multi-
ple independent experts and a router, is proposed
to capture different aspects of data (Jacobs et al.,
1991; Jordan and Jacobs, 1994) and has proven ef-
fective for scaling model capacity with controlled
computation (Shazeer et al., 2017; Lepikhin et al.,
2021; Dai et al., 2024). Recent works further lever-
age LoRA-based MoE to achieve LLMs PEFT (Liu
et al., 2023b; Dou et al., 2024; Li et al., 2024a; Gao
et al., 2024). Beyond scaling and PEFT, MoE has
shown strong benefits for multi-task learning, such
as multilingual machine translation (NLLB-Team,
2024; Kudugunta et al., 2021), multi-task medical
applications (Liu et al., 2023b; Zhu et al., 2024).
Tuning to IE, RTE-GMoE (Wulamu et al., 2025)
designs a graph-based MoE for Relation Triplet
Extraction (RTE), and Tea-MOELoRA (Tang et al.,
2025) introduces LoRA experts to learn the cross-
task and cross-era (historical and modern Chinese)
knowledge. Analogously, we design a hierarchical
MoE adapter that explicitly specialize experts for
different UIE reasoning capabilities while main-
taining parameter efficiency through LoRAs.

3 Methodology

3.1 Problem Formulation
UIE aims to handle multiple IE tasks within a uni-
fied framework. We consider 4 representative tasks,
namely, NER, RE, EE and ABSA. In this paper, we
adopt an LLM as the backbone and formulate UIE
as a sequence generation problem. Given a text

X = {x1, x2, . . . , x|X|} and a task instruction that
encodes the task schema I = {i1, i2, . . . , i|I|}, the
model generates a linearized structured sequence
Y = {y1, y2, . . . , y|Y |} as extraction results. The
combined input Z = [I;X] is fed into the model,
and training is performed using autoregressive lan-
guage modeling objective (next token prediction
loss) (Du et al., 2022):

Ltask = −
∑

(X,Y )∈Dtrain

|Y |∑

i

logPΘ(yi|Z, y<i) (1)

where Dtrain denotes the training dataset and Θ
denotes the trainable parameters.

3.2 Unified Schema and Output for IE Tasks

Unified Schema. Extraction objectives in hetero-
geneous IE tasks (e.g., entities in NER, relation
triples in RE and events in EE) can be viewed as
semantic information units. Inspired by frame se-
mantics (Fillmore, 1976; Petruck, 2022) and slot-
filling (Zhang et al., 2017), we reinterpret each
information unit as a frame, consisting of a se-
mantic type and a set of typed roles. Formally,
a frame is composed of: (1) a FrameType (FT)
denoting the semantic category (e.g., event type,
relation type, sentiment polarity), and its textual
realizations FrameFillers (FFs), grounded in the
input text; (2) SlotTypes (STs) representing roles
or attributes within the frame (e.g., relation sub-
jects and objects, event arguments, sentiment as-
pects and opinions), and their textual realizations
SlotFillers (SFs). Accordingly, the unified frame-
and-slots schema is represented as a predefined set
of frames: {FT : [ST1, ST2, · · · ]}. For exam-
ple, in the EE task shown in Figure 1, the event
type Speech can be represented in the schema as:
{Speech: [Speaker, Place, Time]}.

Unified Output. Given the frame-and-slots
schema, UC-UIE extracts FFs and SFs to instanti-
ate frames, producing structured information units
that are linearized into the unified format: {(FT:
FF): [(ST1: SF1),(ST2: SF2),· · · ]}. For tasks not
needing to specify particular frame elements (e.g.,
RE does not need FT spans), the corresponding en-
tries are set to Null, allowing the representation to
flexibly cover different IE tasks. For example, the
event frame in Figure 1 is instantiated as {(Speech:
delivered): [(Speaker: Barack Obama), (Place:
Columbia University), (Time: May 14, 2012)]}.
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Figure 2: The architecture of hierarchical MoE adapter. The pretrained weights of backbone LLM are frozen. The
task instruction and input text of hierarchical MoE adapter refer to the hidden representations.

3.3 Capability Decomposition

Inspired by the frame-based meaning construction
(Das et al., 2014; Rai et al., 2025) in linguistics
and cognitive semantics (Fillmore, 1976), where
comprehension involves: (1) evoking appropriate
frames, (2) grounding their roles in text, and (3)
binding these roles into coherent semantic struc-
tures, we observe that IE tasks share common rea-
soning behaviors under the unified frame–and-slots
schema, despite differing in their structured objec-
tives. We therefore decompose UIE into three task-
agnostic universal capabilities: (1) judging decides
which frames and slot types should be instantiated
(e.g., entity categories, relation types, event types
and sentiment polarities), (2) locating identifies
textual spans that fill these frames and slots (e.g.,
entity mentions, event triggers and arguments, as-
pects and opinions). (3) associating organizes ex-
tracted elements into coherent structures by linking
them within frames (e.g., subject–object pairing
in RE and arguments binding in EE). Judging and
locating are commonly required across IE tasks,
while associating is additionally needed when rela-
tional or compositional structures must be formed.

3.4 Hierarchical MoE Adapter

We design a hierarchical MoE as an adapter
to explicitly learn the dedicated three capability
while parameter-efficiently fine-tuning the back-
bone LLM, as illustrated in Figure 2. The adapter
is inserted into a selected layer of the backbone
whose pretrained weight is denoted as W 0 ∈ Rd×k

(d is the hidden size and k is the output size) and
remains frozen during fine-tuning, while only the
adapter parameters are updated. Given a task in-
struction I and an input text X , their token embed-
dings are concatenated as Z = [I;X]. Feeding Z
into the backbone LLM yields hidden representa-

tions H ∈ R(|I|+|X|)×d at the target layer, which
serve as the input to the hierarchical MoE adapter.

High-level MoE. Hierarchical MoE adapter
learns universal capabilities using dedicated ex-
perts, EJ (judging), EL (locating) and EA (associ-
ating), all processing H and producing capability-
specific outputs Ei(H) ∈ R(|I|+|X|)×k (i ∈
{J, L,A}). To capture task-agnostic knowledge
and reduce redundant learning across capability
experts (Dai et al., 2024), we additionally include
a shared expert ES implemented as a LoRA (Hu
et al., 2022):

ES(H) =
α

r
·H ·BS ·AS (2)

where BS ∈ Rd×r, AS ∈ Rr×k are trainable
LoRA parameters of ES , r ≪ min(d, k) is the
rank, α is a scaling factor.

Router of MoE is responsible for coordinating
the expert contributions. In our design, the shared
expert is always activated, whereas capability ex-
perts selectively activated according to task require-
ments, motivating a task-driven routing mecha-
nism. We implement two alternatives. (1) Hard
routing heuristically maps each task to required
capabilities and produces binary routing labels
[gJ , gL, gA] ∈ {0, 1}3 (e.g., judging and locating
experts are activated in NER, all three capability ex-
perts are activated in RE and EE). (2) Soft routing
learns a trainable router G(·) that predicts expert
contributions based on the task instruction. For ro-
bustness, we construct task instruction pools based
on few manually-crafted instructions by perform-
ing offline instruction paraphrasing via LLMs, and
randomly sample an instruction I for each instance.
The router is formulated as:

G(hinst) = σ(WG · hinst + bG) (3)
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yielding [g′J , g
′
L, g

′
A] ∈ R3 as the soft contribu-

tion weights. hinst is obtained by average pooling
over task instruction tokens. σ(·) is the sigmoid
function, WG ∈ R3×d, bG ∈ R3 are trainable
router parameters. To ensure meaningful capabil-
ity activation, the soft router is supervised using
the hard-routing labels [gJ , gL, gA] via a Binary
Cross-Entropy (BCE) loss (Goodman et al., 1991):

Lbce = −
∑

(X,Y )∈Dtrain

∑

i∈{J,L,A}
[gilog(g

′
i)+

(1− gi)log(1− g′i)]

(4)

Low-level MoEs. Each capability expert is fur-
ther designed as a token-level MoE to capture fine-
grained intra-capability patterns. Taking the judg-
ing expert EJ as example, it consists of Q LoRA-
based sub-experts {EJ

q }Qq=1 and a router GJ . Re-
cent studies show that dense activation is partic-
ularly effective for LoRA-based MoE fine-tuning
(Dou et al., 2024; Liu et al., 2024b; Cai et al., 2025).
Consequently, all sub-experts are activated for each
token. Compared to sparse activation (Lepikhin
et al., 2021; Fedus et al., 2022; Jiang et al., 2024),
dense activation prevents load imbalances and mit-
igates optimization challenges introduced by dis-
crete operations (Dou et al., 2024; Mu and Lin,
2025; Cai et al., 2025).

Each sub-expert EJ
q and the router GJ operates

on all token hidden representation ht ∈ Rd in H .
The sub-expert EJ

q is implemented as a LoRA:

EJ
q (ht) =

α

r
· ht ·BJ

q ·AJ
q (5)

where BJ
q ∈ Rd×r, AJ

q ∈ Rr×k are trainable
LoRA parameters.

The router GJ is formulated as:

GJ(ht) = softmax(W J
G · ht + bJG) (6)

yielding [gJ1 , . . . , g
J
Q] ∈ RQ as the sub-expert

weights, where W J
G ∈ RQ×d, bJG ∈ RQ are train-

able router parameters. Then the capability-specific
representation produced by EJ is the weighted sum
over all sub-experts:

EJ(ht) =

Q∑

q=1

gJq · EJ
q (ht) (7)

Consistent with MOLE (Wu et al., 2024), Mod-
uleFormer (Shen et al., 2023) and Mod-Squad
(Chen et al., 2023), we observe low-level routing

Associating Subset ��
Text: Russia has given a high priority to its relations with 
the United States despite a bitter disagreement over the US 
- led campaign to topple Saddam Hussein in Iraq.
Instruction: Please associate trigger with its 
corresponding arguments to form an event. The trigger is 
(Attack: topple), and the arguments include:[(Place:Iraq), 
(Place:Russia), (Place:US), (Target:Saddam Hussein)].
Output: [{(Attack:topple):[(Place:Iraq), (Target:Saddam 
Hussein)]}]
......

Judging Subset ��
Text: Steve Jobs founded Apple in Cupertino.
Instruction: Please judge which entity types are present in 
the text, alternatives include: [Person, Organization, Place, 
Time, Fruit].
Output: [Person, Organization, Location]
......
Locating Subset ��
Text: Barack Obama delivered a speech at Columbia 
University on May 14, 2012.
Instruction: Please extract the spans of event roles: 
[Speaker, Place, Time].
Output: [(Speaker:Barack Obama), (Place:Columbia 
University), (Time:May 14, 2012)]
......

Ju
dg

in
g

Ex
pe

rt
Lo

ca
tin

g 
Ex

pe
rt

A
ss

oc
ia

tin
g 

Ex
pe

rt

Hierarchical
MoE

Sh
ar

ed
Ex

pe
rt

Ju
dg

in
g

Ex
pe

rt
Lo

ca
tin

g 
Ex

pe
rt

A
ss

oc
ia

tin
g 

Ex
pe

rt

N
ER

R
E

EE

Capability Warming Multi-Task Learning

Figure 3: Two-stage fine-tuning of hierarchical MoE.

weights tend to collapse to a few dominant sub-
experts during fine-tuning. To encourage balanced
expert contributions, we introduce an entropy-
based loss. Formally, for a set of tokens in a batch,
X , the entropy-based loss is formulated as:

Lentropy = −
∑

i∈{J,L,A}
H(Ei)

=
∑

i∈{J,L,A}

Q∑

q=1

p(Ei
q) log p(E

i
q)

(8)

where H(Ei) is the entropy of distribution of the
sub-experts in capability expert Ei. p(Ei

q) =∑
t g

i
qp(t), p(t) is the probability of token t inside

the batch. Following ModuleFormer, we assume
that t is uniform over X , therefore p(t) = 1/|X |,
|X | is the number of tokens.

Finally, the hierarchical MoE adapter output is:

∆O = ES(H) +
∑

i∈{J,L,A}
g′i · Ei(H) (9)

which is added to the output of fine-tuning layer in
the backbone.

UC-UIE Optimization. UC-UIE is optimized
with the task loss (Eq. (1)) as the primary optimiz-
ing objective, and two auxiliary losses, the BCE
loss (Eq. (4)) and the entropy-based loss (Eq. (8)),
for guiding the routing behaviors. Then the final
objective is:

Ltotal = Ltask + γLbce + βLentropy (10)

where γ and β control the strengths of the two
auxiliary terms.
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Training the hierarchical MoE adapter faces
challenges in maintaining specialization of high-
level experts and cooperation among low-level sub-
experts. We adopt a two-stage fine-tuning strat-
egy (Figure 3). In stage 1 (capability warming),
three capability-specific subsets DJ , DL and DA

are constructed, and only the corresponding capa-
bility expert and the shared expert are activated
for each subset. In stage 2 (multi-task learning),
the model is fine-tuned on the full multi-task and
multi-domain datasets to learn adaptive capability
composition.

4 Experiments

4.1 Experimental Setup

Datasets and Metrics. We evaluate performance
of UC-UIE across 21 datasets for NER, 6 datasets
for RE, 3 datasets for EE and 4 datasets for ABSA.
30 of the total 34 datasets come from IE INSTRUC-
TIONS (Wang et al., 2023), and we further sup-
plement SemEval 14res (Pontiki et al., 2014), Se-
mEval 14lap (Pontiki et al., 2014), SemEval 15res
(Pontiki et al., 2015) and SemEval 16res (Pontiki
et al.). Details of the datasets are presented in Ap-
pendix A. Following previous methods (Lu et al.,
2022; Li et al., 2024b), span-based offset Micro-F1
is used as the evaluation metric. For more reli-
able and stable evaluation, we run 5 trials for all
experiments and report the average results.

Data Preparation. To make UC-UIE more ro-
bust to different task instructions, instruction para-
phrasing is conducted by DeepSeek-V3 (Liu et al.,
2024a) based on few manually-crafted instructions.
The detailed prompt and examples of instruction
paraphrasing are shown in Figure 4.

Baselines. We compare UC-UIE with 13 base-
lines under supervised, low-resource and zero-shot
settings, covering linking-based methods including
USM (Lou et al., 2023), UniEX (larger) (Ping et al.,
2023), RexUIE (Liu et al., 2023a), Mirror (Zhu
et al., 2023), and TRUE-UIE (Wang et al., 2024),
as well as generation-based methods including UIE
(larger for supervised and zero-shot settings, base
for low-resource setting) (Lu et al., 2022), LasUIE
(large) (Fei et al., 2022), InstructUIE (Jiao et al.,
2023), YAYI-UIE (Xiao et al., 2023), GoLLIE (7B)
(Sainz et al., 2024), KnowCoder (Li et al., 2024b),
RUIE (Liao et al., 2025) and KnowCoder-X (Zuo
et al., 2025b), and report the results under compa-
rable settings.

Prompt

You are a helpful AI assistant. Please rewrite the following
task instruction into another version that is functionally
equivalent but uses different wording and structure. Avoid
changing the core meaning.

Examples (Input → Paraphrased Output)

NER:
Input: Please list all entity words in the text that fit the
types.
Output: Identify every named entity in the sentence and
specify its corresponding types.

RE:
Input: Given a sentence, detect the subject and object
entities that are connected via a relation from the provided
list.
Output: Please identify the subject and object pairs in the
sentence that are involved in any of the specified relation
types.

EE:
Input: Extract the trigger word and arguments for each
event mentioned in the sentence.
Output: For every event described in the sentence, find
the trigger and the associated argument roles.

Figure 4: Prompt and examples of instruction paraphras-
ing.

Implementation Details. UC-UIE adopts
LLaMA-2-7B (Touvron et al., 2023) as the back-
bone LLM following KnowCoder, and fine-tunes
the linear layers in the Feed-Forward Network
(FFN) of each decoder layer (mlp.gate_proj,
mlp.down_proj and mlp.up_proj) with our hierar-
chical MoE adapter. All experiments are conducted
on a machine equipped with 3 NVIDIA RTX
3090Ti GPUs, utilizing the PyTorch framework
(Paszke et al., 2019). For all settings, UC-UIE
maintains the same configuration. Each capability
expert is composed of 4 sub-experts. All LoRAs
are used with the rank r of 4 and the scaling factor
α of 8. UC-UIE contains approximately 84M
trainable parameters, representing merely 1.24% of
the entire model parameters. The hyperparameters
γ, β for controlling auxiliary constraints strength
are both set to 0.1. We train UC-UIE for 3 epochs
with a learning rate of 3× 10−4 and a batch size of
16. Given the total of 112,229 training instances,
this results in 21,042 optimization steps.

4.2 Main Results

Supervised Evaluation. Results on 21 datasets
across NER, RE, ED and EAE tasks under super-
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Task/Dataset
Linking-based methods Generation-based methods Ours

USM♢
△ UniEX♢ RexUIE♢ Mirror♢ TRUE-UIE♢

△ UIE♢ LasUIE♢
△ InstructUIE△ YAYI-UIE GoLLIE△ KnowCoder♢△ RUIE KnowCoder-X LLM-UIE UC-UIEh UC-UIE

N
E

R

ACE2004 87.34 87.12 87.25 87.16 89.91 86.89 86.80 - - - 86.20 56.53 - 88.31 88.71 89.64
ACE2005 - 87.02 87.23 85.34 - 85.78 86.00 86.66 81.78 88.10 86.10 55.86 87.49 87.17 89.45 89.91

Broad Twitter - 75.21* - 76.07* - 80.94* 76.89* 83.14 83.52 - 69.25 82.36 83.59 83.20 83.77
CoNLL2003 92.97 92.65 93.67 92.73 94.13 92.99 93.20 92.94 96.77 92.80 95.10 78.34 94.69 93.75 95.49 95.96
OntoNotes - 86.03* - 85.52* - 88.57* 88.91* 90.19 87.04 - - 62.94 87.91 - 90.14 91.34

bc5cdr - 83.92* - 84.16* - 87.70* 83.54* 89.59 83.67 87.50 89.30 74.49 88.46 89.57 90.27 91.11
ncbi-disease - 84.60* - 85.39* - 87.05* 85.97* 90.23 87.29 85.40 83.80 58.81 85.49 89.79 90.11 91.07
MultiNERD - 95.22* - 91.14* - 94.89* 93.77* 92.32 88.42 - 96.10 88.79 95.94 - 94.76 94.98

bc2gm - 81.06* - 82.58* - 83.23* 83.02* 85.16 82.05 - 82.00 49.78 84.49 88.65 84.87 86.08
FabNER - 69.24* - 68.11* - 78.47* 67.35* 76.20 72.63 - 82.90 38.51 83.19 82.60 83.41 85.73

WikiANN - 84.14* - 85.57* - 86.05* 85.82* 85.13 72.63 - 87.00 68.81 84.69 - 86.52 86.79
FindVehicle - 91.56* - 90.42* - 96.90* 93.85* 89.47 98.47 - 99.40 92.26 99.47 - 98.92 99.18

GENIA_NER - 75.34* - 75.65* - 76.55* 74.06* 74.71 75.21 - 76.70 59.85 78.97 79.24 77.14 79.42
HarveyNER - 72.88* - 73.12* - 73.42* 82.86* 88.79 69.57 - - 37.72 73.91 89.89 88.35 88.61

R
E

ADE corpus - - - - - 80.51* 81.04* 82.31 84.14 - 84.30 71.24 84.45 86.51 84.03 84.57
CoNLL2004 77.12 73.40 78.39 75.22 78.94 75.00 75.30 78.48 79.73 - 73.30 54.61 73.14 75.56 79.56 79.95

NYT - - 94.55 93.85 94.83 93.05* 94.2 90.47 89.97 - 93.70 72.30 96.08 92.99 95.71 96.28
SemEvalRE - - - - - - - 73.23 61.02 - 66.30 36.77 64.79 - 73.12 74.19

E
D

ACE2005 72.31 74.08 75.17 74.44 76.42 73.36 73.86* 77.13 65.00 72.20 74.20 54.41 73.57 77.13 77.42 77.58
CASIE 71.56 71.46 73.01 71.81 73.02 69.33 70.20* 67.80 63.00 - - 40.46 63.91 68.27 71.91 73.02
PHEE - - - - - 69.42* 69.04* 70.14 63.00 - - 47.16 67.03 71.24 70.71 71.77

E
A

E

ACE2005 53.57 53.92 59.15 55.88 56.81 54.79 53.43* 72.94 62.71 66.00 70.30 44.29 69.95 73.64 73.26 74.14
CASIE 63.00 62.91 63.87 61.27 63.90 61.30 60.77* 63.53 64.23 - - 43.76 64.96 66.57 64.61 65.27
PHEE - - - - - 61.23* 60.87* 62.91 77.19 - - 65.13 76.24 77.85 76.54 77.87

Average 73.98 78.88 79.14 79.77 78.50 78.52 77.73 81.02 77.78 82.00 83.61 59.25 80.92 82.23 83.55 84.51

Table 1: Results (%) under supervised setting. ♢ indicates the model pretrained on large-scale extraction-related
corpus. △ indicates the model employing multi-task learning for IE tasks. * indicates the results obtained from our
replication experiments, while USM, RexUIE and TRUE-UIE do not release trained models or reproducible code.

vised setting are shown in Table 1. We observe
that: (1) Overall, UC-UIE and its hard-routing
variant UC-UIEh achieve leading results on 18/21
datasets, particularly on structurally complex tasks
such as RE and EE. UC-UIE obtains the best av-
erage F1 and outperforms the second-best base-
line by 0.9%. These gains indicate that unified
schema, explicit capability decomposition and hier-
archical MoE adapter jointly enhance the UIE abil-
ity of UC-UIE. (2) Billion-parameter LLM-based
methods generally outperform million-parameter
PLM-based ones, including linking-based meth-
ods, which depend on full-parameter tuning and
hinder scalability to LLMs for further IE improve-
ments. Compared with (Q)LoRA-tuned (Hu et al.,
2022; Dettmers et al., 2023) GoLLIE, KnowCoder
and KnowCoder-X, hierarchical MoE adapter of
UC-UIE remains highly parameter-efficient, using
only ≈1.24% trainable parameters (≈ 14× stan-
dard LoRA) yet achieves superior performance.
Although UC-UIEh slightly lags KnowCoder, the
latter benefits from full-parameter pretraining on
large-scale extraction-related corpus. (3) LLM-
based UIE methods often benefit from code-style
schema, as seen in GoLLIE, KnowCoder and
KnowCoder-X. In contrast, UC-UIE achieves su-
perior results without this, owing to unified frame-
and-slots schema and universal capabilities, which
together yield more reliable structured IE outputs.

Low-resource Evaluation. To evaluate the gen-
eralization ability of UC-UIE, we fine-tune mod-
els using only 1%, 5% and 10% of training
data on CoNLL2003 (NER), CoNLL2004 (RE)
and ACE2005 (ED, EAE). We compare UC-UIE
against UIE (base), LasUIE and KnowCoder as
these models have reported results under compa-
rable settings. Results in Table 2 show that UC-
UIE consistently achieves the best averaged perfor-
mance across all ratios and particularly excels on
complex structured tasks such as RE and EAE. In
ratio 1%, it outperforms baselines by 3.8%∼15.2%,
demonstrating strong generalization. Unlike UIE,
LasUIE and KnowCoder which benefit from large-
scale extraction-oriented pretraining with about
220M, 770M and 7B updating parameters respec-
tively, UC-UIE updates only about 84M parameters
via the hierarchical MoE adapter, highlighting its
parameter efficiency. Furthermore, UC-UIE consis-
tently outperforms UC-UIEh, with a larger margin
as data becomes scarcer, indicating that soft routing
enable more flexible capability composition, which
is beneficial for low-resource learning.

Zero-shot Evaluation. To further investigate the
generalization ability of UC-UIE, we conduct zero-
shot experiments on 9 datasets for unseen domains
(NER, RE), and a dataset for unseen task(ABSA)
and report the results in Table 3. Across 7 unseen-
domain NER datasets, UC-UIE achieves the best
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Ratio Task UIE LasUIE KnowCoder UC-UIEh UC-UIE

1%

NER 82.8 82.1 79.2 80.1 80.7
RE 30.8 32.0 43.3 42.8 50.6
ED 41.5 30.5* 50.3 50.7 53.6

EAE 12.8 28.2* 38.5 38.8 43.8

Average 42.0 43.4 52.8 53.6 57.2

5%

NER 88.3 88.1* 90.6 89.7 90.3
RE 51.7 50.6* 51.1 53.6 57.0
ED 55.7 36.8* 59.0 59.4 61.9

EAE 30.4 35.0* 48.3 51.1 55.6

Average 56.5 52.6 62.3 63.5 66.2

10%

NER 89.6 91.6 92.2 91.3 91.9
RE 59.2 60.8 53.6 59.7 62.5
ED 60.3 42.4* 62.2 63.1 64.6

EAE 36.3 40.7* 55.1 56.4 58.2

Average 61.4 58.9 65.8 67.6 69.3

Table 2: Results (%) under low-resource setting.

NER

Method AI Literature Music Politics Science Movie Restaurant

USM 34.91 65.69 60.07 56.65 55.26 42.11 26.01
Mirror 45.23 46.32 58.61 67.30 54.84 39.20 16.32

InstructUIE 49.00 47.21 53.16 48.15 49.30 63.00 20.99
GoLLIE 58.79* 61.07* 67.54* 56.98* 54.32* 61.77* 43.81*

YAYI-UIE 52.40 45.99 51.20 51.82 50.53 - -
KnowCoder 60.30 61.10 70.00 72.20 59.10 50.00 48.20
LLM-UIE 54.34 49.01 55.79 45.38 55.89 66.39 47.9

UC-UIE 62.41 66.82 70.11 71.53 60.27 63.81 49.36
w/o Para. 62.03 66.15 69.27 70.88 59.73 62.86 48.45

RE ABSA

Method FewRel Wiki-ZSL Method 14res 14lap 15res 16res

InstructUIE 39.55 35.20
USM (1-shot) - - - 30.81

TRUE-UIE (1-shot) - - - 32.03

YAYI-UIE 36.09 41.07 UniEX (sp) 74.77 65.23 68.58 76.02
UIE (sp) 74.52 63.88 67.15 75.07

UC-UIE 39.96 39.04 UC-UIE 40.66 36.28 37.46 42.43
w/o Para. 39.20 38.49 w/o Para. 37.22 34.93 36.08 41.94

Table 3: Results (%) under zero-shot setting on unseen
domains (NER, RE) and unseen task (ABSA). w/o Para.
indicates UC-UIE without instruction paraphrasing. sp
indicates the model evaluated under supervised setting.

performance on 5/7 datasets, exceeding LLM-
based baselines such as GoLLIE, YAYI-UIE and
KnowCoder, showing clear cross-domain general-
ization. For RE, UC-UIE attains competitive per-
formance compared to InstructUIE and YAYI-UIE.
For unseen task ABSA, UC-UIE performs competi-
tively without any task-specific tuning, outperform-
ing the 1-shot USM and TRUE-UIE by 11.62%
and 10.4% on 16res and reaching over half the
supervised performance of UniEX and UIE.

4.3 Ablation Study

Ablations under supervised setting are summarized
in Table 4. Overall, both model structure and opti-
mization strategies contribute notably to UC-UIE.

Model Structure. Replacing soft router with
hard router (UC-UIEh) results in a clear perfor-
mance drop from 84.03% to 83.30%, showing that

Method NER RE ED EAE Average

UC-UIE (w Soft Router) 89.54 83.75 74.12 72.43 84.51

Model Structure

UC-UIEh (w Hard Router) 88.67 83.11 72.35 71.47 83.55
w/o Shared Expert 88.02 81.47 72.52 66.79 82.34
Backbone+LoRA 77.54 71.06 67.97 60.18 73.09
Backbone+LoRA-Based MoE 81.52 76.93 69.24 62.38 76.83

Model Optimization

w/o Capability Warming 89.10 82.00 73.30 66.80 83.22
w/o Lentropy 87.43 82.20 72.83 68.51 82.37
w/o Lbce 87.95 81.04 73.00 68.29 82.47

Table 4: Ablation results (%) under supervised setting.
w and w/o indicate the UC-UIE variants with and with-
out corresponding component, respectively.

adaptive capability composition is more beneficial
than fixed activation. Removing the shared expert
decreases performance to 82.34% (↓2.17%), it is
because explicitly modeling task-agnostic knowl-
edge helps avoid redundant learning across capabil-
ity experts. When replacing the hierarchical MoE
with a single LoRA adapter (Backbone+LoRA),
performance drops sharply to 73.09% (↓11.42%),
and LoRA-based MoE improves but still lags be-
hind (76.83%), demonstrating effectiveness of the
the hierarchical MoE adapter.

Model Optimization. Removing the capability
warming leads to a moderate decline of 1.29%, val-
idating its effectiveness in capability specialization.
Eliminating the auxiliary routing losses also harms
performance: removing the entropy-based loss re-
duces the average F1 by 2.14%, while discarding
the BCE-based loss reduces it by 2.04%, showing
both effectively regularize routing behavior and
strengthen capability modeling. Finally, paraphras-
ing task instructions consistently improves robust-
ness in zero-shot evaluation (w/o Para. in Table 3),
benefiting both unseen domains and unseen tasks.

4.4 In-depth Analysis

Analysis on Number of Sub-experts. We study
the effect of sub-expert numbers (1∼8) in low-level
MoEs under supervised, low-resource (10%) and
zero-shot settings, the results are shown in Fig-
ure 5. Performance generally rises when increasing
sub-experts from 1 to 4, but saturates or slightly
declines beyond 4, suggesting that moderate param-
eter size offers the best intra-capability diversity.
The degradation becomes more obvious in low-
resource and zero-shot scenarios, where limited su-
pervision is insufficient to train and coordinate too
many fine-grained sub-experts, thus harming gen-
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(b) Low-resource (10%) setting
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(c) Zero-shot setting

Figure 5: Effect of number of sub-experts. The red line illustrates the average F1 score (%) over all evaluated tasks.

Task J L A J+L J+A L+A J+L+A

Judging 92.38 74.92 73.34 85.47 83.76 72.85 83.01
Locating 75.88 91.84 74.62 83.45 73.85 81.74 80.91

Associating 58.96 60.41 82.92 57.01 75.47 73.63 72.92

Table 5: Results (%) on capability-oriented tasks.

Task J L A J+L J+A L+A J+L+A J+L+A

NER 79.16 78.03 74.62 88.65 77.92 76.47 84.30 89.43
RE 67.14 68.28 70.15 73.83 75.94 75.21 82.61 83.25

EAE 55.93 56.19 57.84 59.92 62.41 61.86 71.70 72.43

Table 6: Results (%) on representative IE tasks.

eralization. Task-wise analysis further shows that
complex structured tasks (RE, ED, EAE, ABSA)
benefit more from moderate refinement than span-
centric tasks such as NER. Note that this trend is
not caused by load imbalance, since all sub-experts
are densely activated and explicitly regularized.

Analysis of Capability Specialization and Com-
position. To verify whether the hierarchical MoE
learns capability specialization and composition,
we evaluate capability-oriented subtasks (judging,
locating, associating) and representative IE tasks
(NER, RE, EAE) under different expert activation
configurations. As shown in Table 5, each sub-
task achieves its best performance when only its
designated expert is activated, while removing the
required expert leads to drops of 17.99%∼25.91%,
confirming clear functional specialization rather
than interchangeable behaviors.

For IE tasks (Table 6), performance aligns with
expected capability demands: on NER, J+L per-
forms best, while performance consistently rises
on RE and EAE as more required experts are added,
and drops by 15.46% and 15.77% when associat-
ing is absent. This demonstrates effective capabil-
ity composition. Moreover, learned soft routing
(J+L+A) achieves improvements of 0.64%∼5.13%
compared to the binary activation (i.e., hard rout-
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Figure 6: Visualization of average routing weights of
low-level sub-experts. Task-capability labels denote the
specific capability experts under specific tasks.

ing) under the same J+L+A setting, indicating that
adaptive activation further refines expert collabora-
tion beyond fixed activation.

Analysis on Entropy-based Loss. We examine
the effect of the entropy-based loss Lentropy by vi-
sualizing the average routing weights of low-level
sub-experts across NER, RE and EE. For each task,
we randomly sample 1,000 tokens and compute av-
erage routing weights per sub-expert. As shown in
Figure 6, removing Lentropy leads to highly skewed
routing, where a few sub-experts dominate with
some weights exceeding 0.7. While Lentropy yields
more balanced weights, promoting better collabora-
tion among sub-experts and enabling more effective
fine-grained capability modeling.

5 Conclusion

We proposed UC-UIE, a unified LLM-based frame-
work for heterogeneous IE tasks. It introduces
a frame-and-slots schema, explicitly decomposes
UIE into judging, locating and associating capabili-
ties, and employs a hierarchical MoE adapter for ca-
pability specialization and parameter-efficient tun-
ing. Experiments across supervised, low-resource
and zero-shot settings show that UC-UIE achieves
competitive or superior performance, with strong
generalization to unseen domains and schemas.
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Limitations

Although UC-UIE achieves strong performance,
this work still leaves several directions unexplored.
First, UC-UIE is evaluated on 4 representative IE
tasks while extending it to a broader spectrum of
IE scenarios (e.g., document-level IE (Xue et al.,
2024; Zuo et al., 2025a), multilingual IE (Xiao
et al., 2023; Zuo et al., 2025b; Chen et al., 2025))
or even other NLP tasks (e.g., text classification)
remains an interesting direction. Second, UC-UIE
adopts a frame-and-slots schema, which is well-
suited for schema-predefined tasks, applying it to
schema-free IE such as open IE (Zhou et al., 2022)
and on-demand IE (Jiao et al., 2023) requires fur-
ther investigation. Third, while UC-UIE is already
parameter-efficient, exploring more lightweight
capability modeling (e.g., smaller adapters, dis-
tilled capability experts) may further reduce com-
putational overhead and broaden applicability in
resource-constrained scenarios.
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A Dataset Statistics

To evaluate the effectiveness of UC-UIE, extensive
experiments are undertaken across 34 datasets, 30
of which come from IE INSTRUCTIONS (Wang
et al., 2023) for NER, RE and EE tasks. Addition-
ally, we supplement SemEval 14res (Pontiki et al.,
2014), SemEval 14lap (Pontiki et al., 2014), Se-
mEval 15res (Pontiki et al., 2015) and SemEval
16res (Pontiki et al.) for ABSA task, which are pro-
cessed following the method in InstructUIE (Wang
et al., 2023) to align with the unified format. Also
following InstructUIE, we limit the training sam-
ples per dataset to at most 10,000 for dataset bal-
ance. Details of the datasets are shown in Table 7.

Task Dataset Domain Train Test Setting #Label #Train #Validation #Test

NER

ACE2004 (Mitchell et al., 2005) News ✓ ✓ sp 7 6,202 745 812
ACE2005 (Walker et al., 2006) News ✓ ✓ sp 7 7,299 971 1,060

Broad Twitter (Derczynski et al., 2016) Social ✓ ✓ sp 3 5,334 2,000 2,001
CoNLL2003 (Sang and De Meulder, 2003) News ✓ ✓ sp, lr 4 14,041 3,250 3,453
OntoNotes (Palmer and Weischedel, 2006) Multi-domain ✓ ✓ sp 18 107,032 14,110 10,838

bc5cdr (Li et al., 2016) Biomedical ✓ ✓ sp 2 4,560 4,581 4,797
ncbi-disease (Dogan et al., 2014) Biomedical ✓ ✓ sp 1 5,432 923 940

MultiNERD (Tedeschi and Navigli, 2022) Wikipedia ✓ ✓ sp 16 134,144 10,000 10,000
bc2gm (Kocaman and Talby, 2021) Biomedical ✓ ✓ sp 1 12,500 2,500 5,000
FabNER (Kumar and Starly, 2022) Science ✓ ✓ sp 12 9,435 2,182 2,064

WikiANN (Pan et al., 2017) Wikipedia ✓ ✓ sp 3 20,000 10,000 10,000
FindVehicle (Guan, 2022) Traffic ✓ ✓ sp 21 21,565 20,777 20,777

GENIA_NER (Kim et al., 2003) Biomedical ✓ ✓ sp 5 15,023 1,669 1,854
HarveyNER (Chen et al., 2022) Social ✓ ✓ sp 4 3,967 1,301 1,303
CrossNER-AI (Liu et al., 2021) Science ✓ zs 14 - - 431

CrossNER-Literature (Liu et al., 2021) Literature ✓ zs 12 - - 416
CrossNER-Music (Liu et al., 2021) Music ✓ zs 13 - - 465

CrossNER-Politics (Liu et al., 2021) Politics ✓ zs 9 - - 650
CrossNER-Science (Liu et al., 2021) Science ✓ zs 17 - - 543

MIT Movie (Liu et al., 2019) Reviews ✓ zs 12 - - 2,442
MIT Restaurant (Liu et al., 2019) Reviews ✓ zs 8 - - 1,520

RE

ADE corpus (Gurulingappa et al., 2012) Biomedical ✓ ✓ sp 1 3,417 427 428
CoNLL2004 (Roth and Yih, 2004) News ✓ ✓ sp, lr 5 922 231 288

NYT (Riedel et al., 2010) News ✓ ✓ sp 24 56,196 5,000 5,000
SemEvalRE (Pontiki et al.) General ✓ ✓ sp 10 6,507 1,493 2,717
FewRel (Han et al., 2018) Wikipedia ✓ zs 25 - - 17,291

Wiki-ZSL (Chen and Li, 2021) Wikipedia ✓ zs 25 - - 23,113

EE
ACE2005 (Walker et al., 2006) News ✓ ✓ sp, lr 33 3342 327 293

CASIE (Lu et al., 2021) Cybercrime ✓ ✓ sp 5 3751 788 1500
PHEE (Sun et al., 2022) General ✓ ✓ sp 2 2,898 961 968

ABSA

SemEval 14res (Pontiki et al., 2014) Reviews ✓ zs 3 - - 492
SemEval 14lap (Pontiki et al., 2014) Reviews ✓ zs 3 - - 328
SemEval 15res (Pontiki et al., 2015) Reviews ✓ zs 3 - - 322

SemEval 16res (Pontiki et al.) Reviews ✓ zs 3 - - 326

Table 7: Datasets used in experiments. sp, lr and zs denote the supervised, low-resource and zero-shot setting,
respectively. #Label denotes the number of categories, #Train, #Validation and #Test denote the number of instances
of the split datasets.
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