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Abstract

Document-level event extraction often requires
the same argument candidate to fill multiple
valid event-slot targets, with each assignment
grounded in different evidence. Many existing
methods introduce target-specific signals dur-
ing event construction, matching, or role scor-
ing, while explicit per-target argument views
jointly conditioned on event-slot semantics and
instance-specific information before role scor-
ing remain less explored. This late arrival of
target-specificity is especially problematic for
many-to-many (M2M) assignment, where the
same candidate must preserve distinguishable
evidence for several valid targets before de-
coding. We propose Target-conditioned Gat-
ing for Inter-target Decoupling (TGID), an
encoding-stage MoE framework that produces
target-conditioned argument views before de-
coding. TGID combines event-slot semantics
with instance probes to form target queries and
uses independent sigmoid gates to remove di-
rect cross-gate coupling induced by softmax
normalization, while schema-structured rout-
ing initialization and a multi-positive target-
view separation objective stabilize the result-
ing views. By incorporating instance probes,
TGID can distinguish Cross-Type, Cross-Role,
and Same-Type Multi-Instance targets before
decoding. Across ChFinAnn, DuEE-Fin, and
FNDEE, TGID achieves consistent gains over
strong trigger-free DEE baselines, especially
on M2M subsets. Parameter-matched softmax
controls and routing diagnostics indicate that
target-sensitive routing contributes beyond ad-
ditional model capacity. Code is available at
https://github.com/LeonaKTH/TGID.

1 Introduction

Document-level event extraction (DEE) aims to
convert long, unstructured documents into struc-
tured event records by linking arguments scat-

*Equal contribution.
†Corresponding author.

Figure 1: An M2M argument in document-level multi-
event extraction. The same argument candidate fills
multiple valid assignment targets, each supported by
different evidence. Highlighted text marks supporting
evidence.

tered across sentences and resolving multiple co-
occurring events that often share common enti-
ties (Zheng et al., 2019; Yang et al., 2021). In event-
dense documents, this creates a recurring structural
challenge in which the same argument candidate
can simultaneously fill multiple valid event-slot tar-
gets, each grounded in a different evidence context,
as illustrated in Figure 1.

This structure changes the nature of argument
assignment. The task is not to select one correct
target from competing alternatives, but to preserve
evidence for multiple simultaneously valid targets
of the same candidate. We call such a candidate an
M2M argument when |Y (a)| > 1, arising as Cross-
Type M2M (across event types), Same-Type Multi-
Instance M2M (across instances of the same type),
or Cross-Role M2M (across roles within overlap-
ping events). These patterns turn DEE from select-
ing a single best assignment into preserving mul-
tiple simultaneously valid event-slot assignments,
a setting that is difficult to support with a single
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target-agnostic argument representation.
Prior DEE models have progressively addressed

different bottlenecks in multi-event extraction.
Graph- and path-based models (Zheng et al., 2019;
Xu et al., 2021; Yang et al., 2021; Liang et al.,
2022) strengthen cross-sentence argument inter-
action. Proxy-node methods (Wang et al., 2023;
Zhu et al., 2022) introduce event-level representa-
tions for global event-set alignment, reducing the
reliance on sequential decoding. Probe-based meth-
ods (Hu et al., 2025) improve homogeneous event
separation through event-specific probes and differ-
ential optimization over argument libraries. These
approaches address event construction, matching,
or instance discrimination at the event or decoder
level. Although these methods introduce event- or
instance-conditioned representations and interac-
tions, they do not explicitly construct a separate
argument view jointly conditioned on event-slot se-
mantics and instance-specific information for each
target before role scoring. For M2M arguments,
this leaves target-specific distinctions to be mod-
eled primarily during downstream event construc-
tion or decoding rather than through explicit per-
target argument views. We refer to this mismatch
as the late arrival of target-specificity at the level
of argument-view construction.

This motivates target-conditioned argument en-
coding. MoE routing provides a standard mecha-
nism for conditional computation through expert
pathways (Shazeer et al., 2017; Fedus et al., 2022;
Dai et al., 2024; Huang et al., 2024), but com-
mon softmax routing introduces direct cross-gate
coupling through competitive normalization. This
competition is misaligned with M2M assignment,
where different target-conditioned views of the
same argument may require different expert combi-
nations.

We propose Target-conditioned Gating for Inter-
target Decoupling (TGID), an encoding-stage MoE
framework for M2M document-level event extrac-
tion. TGID conditions routing on event-slot de-
scriptions and decoder-side instance probes, re-
places competitive softmax with independent sig-
moid gates, and encodes the same argument as
multiple target-conditioned views before event de-
coding. These views are supplied to downstream
event-level decoders, making TGID complemen-
tary to existing event-construction and probe-based
decoding methods. To make such non-competitive
routing stable and discriminative for semantically
related targets, TGID further introduces a schema-

structured expert specialization prior and a multi-
positive target-view separation objective.

This paper makes three contributions:

• We characterize M2M argument assignment
as a representation-level encoding challenge
across Cross-Type, Cross-Role, and Same-
Type Multi-Instance patterns. By combining
slot semantics with instance probes, TGID
produces target-conditioned routed argument
views for Cross-Type, Cross-Role, and Same-
Type Multi-Instance targets.

• We propose TGID, an encoding-stage MoE
framework that conditions argument routing
on event-slot semantics, replaces competitive
softmax normalization with independent sig-
moid gates, and produces target-conditioned
argument views before event decoding, while
leaving the downstream decoder unchanged.
Schema-structured routing initialization pro-
vides the specialization prior needed for stable
non-competitive routing, and a multi-positive
target-view separation objective further sharp-
ens the resulting target-conditioned views.

• Across ChFinAnn, DuEE-Fin, and FNDEE,
TGID shows consistent gains over EPAL,
with the largest improvements on M2M sub-
sets. Routing diagnostics via Target Sensitiv-
ity (TS), Soft Overlap (SO), and Top-1 Colli-
sion (T1C) indicate that target-sensitive expert
selection contributes beyond additional model
capacity.

2 Related Work

2.1 Document-Level Event Extraction
Document-level information extraction requires
models to aggregate evidence across sentences
and resolve structured records from long con-
texts (Zheng et al., 2024); DEE methods address
this challenge by constructing event records from
document-level candidates through entity-based
path expansion, graph interaction, parallel predic-
tion, relation-aware modeling, or pruned complete-
graph decoding (Zheng et al., 2019; Xu et al.,
2021; Yang et al., 2021; Liang et al., 2022; Zhu
et al., 2022). These methods introduce event- or
probe-conditioned signals mainly through event
construction, matching, or role scoring, while ex-
plicit schema-grounded multi-view encoding of
each argument before decoding remains less ex-
plored.
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Recent DEE methods introduce event-level or
schema-level conditioning through proxy-node
matching (Wang et al., 2023), event-specific probe-
library alignment (Hu et al., 2025), schema-
description-guided attention (Xu et al., 2024), role-
relevance-guided encoding (Liu et al., 2023b),
multi-event aggregation (Liu et al., 2024), and it-
erative parallel generation (Huang et al., 2023).
The Same-Type Multi-Instance pattern is also re-
lated to event individuation (Gantt et al., 2023)
and event co-occurrence-aware argument extrac-
tion (He et al., 2023), the challenge of distinguish-
ing co-occurring instances of the same event type
within a single document. These methods introduce
target-specific signals at different stages, but do
not explicitly construct a separate instance-aware
argument view for each event-slot target before
decoding. Unlike description-guided attention or
proxy-node modulation, TGID instantiates a sepa-
rately expert-routed view of each argument for ev-
ery instance-aware target before decoding, so that
target specificity is carried in the representation
itself. Another line of work addresses long-range
evidence in document-level event argument extrac-
tion through chain reasoning and retrieval augmen-
tation (Liu et al., 2023a; Ren et al., 2023); recent
LLM-based methods have explored guided summa-
rization, multi-document extraction, and heuristic-
driven prompting in D-EAE and generative event
extraction settings (Shuang et al., 2024; Min et al.,
2025; Zhou et al., 2024), with more recent work
applying reinforcement learning with verifiable re-
wards to LLM-based EAE (Luo et al., 2026). TGID
is orthogonal to these directions: it operates in
the trigger-free discriminative DEE setting (Shaar
et al., 2025) and addresses the target-conditioning
of argument representations rather than evidence
enrichment or prompting context.

2.2 Mixture-of-Experts in NLP

Sparse MoE models scale NLP architectures by
routing each input to a subset of expert sub-
networks (Jacobs et al., 1991; Shazeer et al.,
2017; Lepikhin et al., 2020; Fedus et al., 2022).
Recent MoE studies improve routing and spe-
cialization through expert segmentation, non-
competitive expert-choice assignment (Zhou et al.,
2022), dynamic routing, dense-to-MoE upcycling,
maximum-score routing, and clustered expert spe-
cialization (Dai et al., 2024; Huang et al., 2024;
Zhu et al., 2024b; Zhang et al., 2025b,a; Dong et al.,
2025; Eo et al., 2025). Since expert specialization

is not guaranteed by sparse routing alone, recent
analyses advocate examining router behavior and
expert usage directly rather than relying solely on
downstream task accuracy (Lo et al., 2025). Re-
cent work further characterizes expert specializa-
tion through collaborative expert interactions (Tang
et al., 2026), while routing methods have also been
developed to promote more stable expert special-
ization (Hou et al., 2026).

These advances largely focus on improving ex-
pert utilization, routing stability, or load balance for
scalable conditional computation. TGID addresses
a structurally different problem. For M2M DEE, a
key issue is the routing formulation rather than ex-
pert capacity alone. Within each target-conditioned
gate vector, softmax normalization directly cou-
ples gate values through competitive normalization,
which may restrict routing sensitivity to different
target queries. TGID therefore combines event-slot
semantics with instance probes and uses indepen-
dent sigmoid gates to remove this direct cross-gate
coupling, allowing different targets of the same
argument to activate different expert subsets.

3 Methodology

3.1 Problem Formulation

Given a document D = {wi}|D|
i=1, DEE produces

structured event records. Let T be the event type
set and Rt the role set for type t ∈ T . We dis-
tinguish an event slot s = (t, r) from an instance-
aware target y = (t, r, k), where k indexes a spe-
cific event instance. The valid target set of argu-
ment candidate a is

Y (a) = {y | a is a valid filler for target y}, (1)

and a is an M2M argument when |Y (a)| > 1. In
the default setting, TGID constructs an instance-
aware target query q(y) = f([c(s); pk]) for each
target y = (t, r, k), where s = (t, r) and pk is
the decoder-side event-specific probe associated
with instance k. In the EPAL-style decoder, such
probes are constructed from context-enriched en-
tity representations and used to query event-specific
argument libraries. This allows Cross-Type, Cross-
Role, and Same-Type Multi-Instance targets to ob-
tain distinct routed views before decoding.

Figure 2 shows the overall TGID architecture.
Given a target-agnostic argument representation
h̃a, TGID constructs target queries from event-slot
descriptions and decoder-side instance probes, acti-
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Figure 2: Overall architecture of TGID. Target queries combining event-slot descriptions and instance probes route
the same argument through independent sigmoid gates, producing target-conditioned views for downstream event
decoding.

vates independent expert gates, and produces target-
conditioned views for downstream event decoding.

3.2 Target-Conditioned Independent Routing

Many prior DEE methods introduce event-specific
signals through decoder-side querying, matching,
or role scoring, but do not explicitly construct a sep-
arate argument view jointly conditioned on event-
slot semantics and instance-specific information
for each target before role scoring. TGID instead
routes each argument into target-conditioned expert
subspaces using event-slot semantics and decoder-
side instance probes.

Target-conditioned routing. For each event slot
s = (t, r), we encode its type and role descriptions
as a stable target signal:

c(s) = sg
(︁
Encd([desc(t); desc(r)])[CLS]

)︁
, (2)

where sg(·) is stop-gradient. For target y =
(t, r, k), the routing query is generally defined as

q(y) = f
(︂
[c(s);pk]

)︂
, s = (t, r), (3)

where pk denotes the decoder-side instance
probe (Hu et al., 2025) and f(·) is a linear pro-
jection. We apply a shared expert E0 to project
h̃a into a routing-compatible base representation,

za = E0(h̃a), and compute per-expert routing
scores via bilinear interaction:

ϕi(a, y) =
z⊤a Wr

i q
(y)

√
d

, (4)

where Wr
i ∈ Rd×d is expert i’s routing matrix.

Since the query encodes target semantics, the same
candidate can receive different routing scores under
different targets.

Independent sigmoid gating. Standard soft-
max routing induces negatively coupled gates:
∂gi/∂ϕj = −gigj < 0 for i ̸= j. Recent theo-
retical work on MoE regression further suggests
that sigmoid gating can be more sample-efficient
than softmax gating under expert-estimation set-
tings, partly due to reduced competition among
experts (Nguyen et al., 2024). We do not claim
softmax is generally unsuitable for MoE; rather,
its competitive normalization is specifically mis-
aligned with M2M event-slot assignment, where
multiple target-conditioned views of the same ar-
gument must remain simultaneously valid. TGID
instead applies independent sigmoid gates:

gi(a, y) = σ(ϕi(a, y)), (5)

giving ∂gi(a, y)/∂ϕj(a, y) = 0 for i ̸= j, remov-
ing direct cross-gate coupling. The active expert
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set is determined by the raw sigmoid gate:

E(a, y) = {i | gi(a, y) ≥ τ}, (6)

where τ = 0.5 is a fixed threshold; if no gate
reaches τ , the top-scoring expert is activated. Ac-
tive gates are then normalized over the active set.
Let

Z(a, y) = sg

⎛
⎝ ∑︂

j∈E(a,y)
gj(a, y)

⎞
⎠+ ε.

The normalized gate is

g̃i(a, y) =
gi(a, y)

Z(a, y)
, i ∈ E(a, y). (7)

The stop-gradient denominator stabilizes forward
scale while preserving gate-level gradient indepen-
dence. This independence concerns direct cross-
gate derivatives within a fixed active set; the docu-
ment encoder, E0, {Ei}, and {W r

i } remain shared
across targets and receive gradients from multiple
target losses. The individual experts Ei operate on
h̃a to produce expert-specific adjustments, which
are combined through the target-conditioned gates:

h(y)
a = za +

∑︂

i∈E(a,y)
g̃i(a, y) · Ei(h̃a). (8)

Different target queries can activate different ex-
pert subsets, allowing TGID to produce target-
conditioned views for M2M arguments.

Decoder integration and inference-time routing.
In the instance-aware setting, TGID instantiates a
routed view h

(y)
a for each active target y = (t, r, k),

where s = (t, r) and pk is the decoder-side in-
stance probe. During training, active targets are de-
rived from the ground-truth active event types and
their decoder-side probes. During inference, active
event types are predicted by the downstream de-
coder and expanded with the corresponding probes.
For each candidate argument a and active target y,
TGID supplies h(y)a in place of h̃a to the decoder’s
argument-role scoring module. In our EPAL-style
decoder, the probe-label alignment, probe consis-
tency loss, and role-filling procedure remain un-
changed, and Ltask is inherited from EPAL with-
out modification. If an active event type is missed
during inference, TGID cannot instantiate target-
conditioned routed views for that type, as discussed
in Limitations. The same representation-level re-
placement can also be applied to other argument-
scoring modules; in Section 4.3, we include a con-
trolled ProCNet-style compatibility check.

3.3 Schema-Structured Expert Specialization
Independent sigmoid gating removes direct cross-
gate coupling, but related event-slot targets can
still drive experts toward similar representations.
We derive schema prototypes {µi}Ni=1 by grouping
event-slot description vectors {c(s)} via schema-
only clustering (details in Appendix B), and ini-
tialize each routing matrix toward a distinct region
of the event-slot semantic space. This initializa-
tion provides a slot-semantic specialization prior,
while the instance probe pk further refines the tar-
get query during routing. Each routing matrix is
initialized as:

Wr
i (0) = W0 + αµiµ

⊤
i , (9)

where W0 is a shared random baseline. The
schema prototypes initialize only the routing ma-
trices Wr

i ; the expert FFN parameters Ei are not
schema-initialized. For semantically similar event
types, we apply a small diversity perturbation rather
than enforcing orthogonality, preserving shared ex-
pert capacity for related types. Together, this pro-
vides a schema-structured prior before document-
level supervision begins.

3.4 Multi-Positive Target-View Separation
Independent sigmoid gating removes the direct
cross-gate coupling induced by softmax normaliza-
tion, but does not prevent semantically related tar-
gets from collapsing toward similar representations,
as reflected in the high SO values of sigmoid-only
variants (Table 5). Since q(y) encodes the event-
slot semantics together with the instance probe each
view should reflect, we maximize their alignment
via supervised contrastive learning (Khosla et al.,
2020). Let Y +(a) denote the gold target set and
Y −(a) denote schema-compatible non-gold targets
(construction details in Appendix B). We define

ρ(a, y) = exp
(︂
sim(h(y)

a ,q(y))/τc

)︂
, (10)

Ltc(a) = − log

∑︂

y+∈Y +(a)

ρ(a, y+)

∑︂

y∈Y +(a)∪Y −(a)

ρ(a, y)
, (11)

where sim(·, ·) is cosine similarity and τc is the
temperature. All gold targets form the joint positive
set; no gold target is used as a negative. Ltc is
applied only to M2M arguments with |Y +(a)| > 1,
focusing supervision where evidence separation is
most needed.
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3.5 Training Objective

TGID replaces h̃a with target-conditioned views
{h(y)

a } while leaving the downstream task loss
Ltask unchanged. The overall training objective
is:

L = Ltask + λLtc, (12)

where λ controls the contrastive weight. A short
task-loss warm-up precedes activating Ltc; sched-
ule and hyperparameters are in Appendix B.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate TGID on three publicly
available Chinese document-level event extraction
benchmarks. (1) ChFinAnn1 (Zheng et al., 2019)
is a financial announcement dataset with 32,040
documents and five event types. It contains 71%
single-event and 29% multi-event documents, and
we follow the standard train/development/test split
used in prior work. (2) DuEE-Fin2 (Han et al.,
2022) is another financial-domain dataset with
about 11,900 documents and 13 event types. It
contains 67% single-event and 33% multi-event
samples. Since its official test labels are unavail-
able, we follow previous work (Liang et al., 2022;
Wang et al., 2023; Hu et al., 2025) and use the
original development set for evaluation while hold-
ing out 500 training documents for development.
(3) FNDEE3 (Zhu et al., 2024a; Xu et al., 2024)
is a military news dataset with 44,200 documents
and eight event types. We follow the standard
train/development/test split used in prior work. Fol-
lowing the NDEE-style argument extraction setting
for trigger-free baselines, we report argument ex-
traction F1 on FNDEE; trigger extraction is not
evaluated because TGID follows the trigger-free
table-filling formulation. Gold-annotation M2M ar-
guments account for 20.1%, 13.7%, and 18.9% on
ChFinAnn, DuEE-Fin, and FNDEE; full statistics
are in Table 7.

Evaluation Metrics. Following prior document-
level event extraction work (Zheng et al., 2019; Xu
et al., 2021; Wang et al., 2023; Hu et al., 2025),
each predicted event is matched with the most sim-
ilar unmatched gold event of the same type. We

1https://github.com/dolphin-zs/Doc2EDAG
2https://aistudio.baidu.com/aistudio/

competition/detail/46/0/task-definition
3https://www.datafountain.cn/competitions/638/

datasets

compute micro-averaged role-level precision (P.),
recall (R.), and F1-score (F1); a predicted argu-
ment is correct only if both its span and role match
the gold annotation. We report overall P./R./F1, as
well as F1 on single-event and multi-event docu-
ments, denoted as F1(S.) and F1(M.). To evalu-
ate M2M event-slot assignment, we further report
F1 on M2M-All, Cross-Type, Same-Type Multi-
Instance, and Cross-Role subsets, defined by the
target set Y (a) in Section 3.

Baselines. We compare TGID with represen-
tative trigger-free DEE methods spanning path-
expansion (Doc2EDAG (Zheng et al., 2019);
GIT (Xu et al., 2021)), parallel-prediction (DE-
PPN (Yang et al., 2021)), relation-modeling
(ReDEE (Liang et al., 2022)), proxy-node (ProC-
Net (Wang et al., 2023)), and probe-library ap-
proaches (EPAL (Hu et al., 2025)). Baseline re-
sults are taken from prior work when available,
with FNDEE scores following Xu et al. (2024)
and ProCNet† following the corrected results in
Hu et al. (2025). For M2M analysis, EPAL sub-
set scores are recomputed with the same splits,
script, and subset definitions as TGID. SEELE (Xu
et al., 2024) uses a joint trigger-and-argument
paradigm and is not included as a direct base-
line. IPGPF (Huang et al., 2023) uses an itera-
tive generation paradigm incompatible with our
trigger-free discriminative setting and is likewise
excluded. All main TGID variants built on the
EPAL-style decoder share the same backbone, en-
tity pipeline, and candidate set; unless explicitly
ablated, the remaining components and training
settings are held fixed. Softmax-T and Softmax-
K are parameter-matched controls: Softmax-T re-
places sigmoid gates with target-conditioned soft-
max over the same experts and routing matrices;
Softmax-K additionally applies top-K selection to
match TGID’s active-expert budget, with schema-
structured routing initialization, decoder, backbone,
and training schedule held fixed. The w/o instance
probe variant removes pk from the target query
and uses q(s) = f(c(s)); type-only routing fur-
ther removes role descriptions from c(s), isolating
the contribution of role-aware slot semantics. To
assess compatibility with a structurally different
decoder, we additionally integrate TGID with a
ProCNet-style proxy-node decoder under the same
backbone, entity pipeline, candidate set, and train-
ing split. Implementation details are provided in
Appendix C.
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4.2 Main Results

Overall results on standard benchmarks. Ta-
ble 1 reports the standard document-level event
extraction results on ChFinAnn and DuEE-Fin.
TGID achieves the highest overall F1 on both ChFi-
nAnn (86.2) and DuEE-Fin (82.3), outperforming
EPAL by 2.8 and 5.9 points, respectively. TGID
improves both single-event and multi-event docu-
ments. The single-event gains suggest that target-
conditioned views also help role disambiguation
when several schema roles or candidate fillers are
plausible within one document. Multi-event and
M2M-specific results provide the cleaner test of
the late-arrival bottleneck hypothesis, since these
settings place greater demands on target-specific
argument disambiguation.

Argument extraction on three benchmarks.
Table 2 further reports argument extraction F1
on ChFinAnn, DuEE-Fin, and FNDEE under the
NDEE-style trigger-free evaluation setting. TGID
improves over EPAL on all three datasets, with
gains of 2.8, 5.9, and 2.5 F1 points on ChFi-
nAnn, DuEE-Fin, and FNDEE, respectively; the
fine-grained M2M breakdown is analyzed in Sec-
tion 4.4.

4.3 Ablation Studies

Table 3 reports DuEE-Fin ablations. For the TGID
variants in the upper block, the backbone, entity
pipeline, and candidate set are fixed; all compo-
nents and training settings not explicitly ablated
are kept unchanged. Softmax-T replaces sigmoid
gates with target-conditioned softmax, Softmax-
K adds top-K selection, and w/o instance probe
removes pk from q(y) and uses q(s) = f(c(s)).

Removing schema-structured routing initializa-
tion causes the largest individual drop (−5.8 over-
all, −11.5 M2M-All), showing that the schema
prior is a major component of TGID. The
parameter-matched Softmax-T and Softmax-K con-
trols retain the same expert structure and schema
initialization but reduce M2M-All F1 to 75.6 and
74.8, respectively, indicating that target-sensitive
routing contributes beyond additional model capac-
ity. Type-only routing, removing pk, and remov-
ing Ltc reduce M2M-All F1 by 7.9, 4.0, and 3.7
points, respectively, showing complementary con-
tributions from role-aware slot semantics, instance-
aware routing, and target-view separation.

To test decoder compatibility, we integrate TGID
with a ProCNet-style proxy-node decoder under the

same backbone, entity pipeline, candidate set, and
training split. TGID improves this decoder by 3.0
overall F1 and 3.5 M2M-All F1, suggesting that
the argument-view replacement is compatible with
a structurally different discriminative decoder.

4.4 Analysis

M2M subset analysis. Table 4 reports F1 on
M2M subsets across all three benchmarks. The
Non-M2M to M2M-All gap is consistent across
all three evaluated benchmarks, indicating that
M2M difficulty recurs across these settings. TGID
improves M2M-All over EPAL by 9.2, 5.4, and
2.3 points on ChFinAnn, DuEE-Fin, and FNDEE,
respectively. These M2M-All gains are signifi-
cant on all three benchmarks under document-level
paired bootstrap with 10,000 resamples (p < 0.05).
Gains on FNDEE are smaller but present across
all three subtypes (Cross-Type +2.6, Same-Type
Multi-Instance +2.5, Cross-Role +3.4), suggest-
ing that schema-guided specialization may depend
on how cleanly event-slot semantics partition the
target space. TGID-Softmax-T marginally exceeds
TGID on FNDEE Non-M2M (63.8 vs. 63.6), con-
sistent with TGID’s advantage concentrating on
M2M disambiguation rather than non-M2M argu-
ments. Cross-Type and Cross-Role gains are con-
sistent with routing conditioned on event-slot dis-
tinctions, while Same-Type Multi-Instance gains
are consistent with instance-aware routing through
decoder-side probes. Since Cross-Type arguments
are rare in ChFinAnn (N=31; Table 7), its Cross-
Type result should be interpreted cautiously; the
larger Cross-Type subsets in DuEE-Fin (N=361)
and FNDEE (N=811) provide more stable evidence
for this setting.

Routing behavior analysis. TGID achieves the
highest TS (12.2%) and the lowest T1C (13.7%)
in Table 5. The softmax variants show low TS
(0.7–1.6%) and high SO (95.0%), indicating nearly
identical expert paths for many M2M target pairs.
Removing Ltc lowers TS and raises SO and T1C,
showing that target-view separation refines routing
distinctiveness beyond independent sigmoid gating
alone. Removing the instance probe sharply raises
T1C to 39.8%, suggesting that same-slot instances
tend to collapse to the same dominant expert when
routed only by slot semantics. Full TGID reduces
SO to 78.7 and T1C to 13.7, providing behavioral
evidence of more target-sensitive routing while re-
taining shared expert mass across co-valid targets.
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Model
ChFinAnn DuEE-Fin

P. R. F1 F1(S.) F1(M.) P. R. F1 F1(S.) F1(M.)

Doc2EDAG 82.7 75.2 78.8 83.9 67.3 67.1 60.1 63.4 69.1 58.7
DE-PPN 83.7 76.4 79.9 85.9 68.4 69.0 33.5 45.1 54.2 21.8
GIT 82.3 78.4 80.3 87.6 72.3 69.8 65.9 67.8 73.7 63.8
ReDEE 83.9 79.9 81.9 88.7 74.1 77.0 72.0 74.4 78.9 70.6
ProCNet† 83.6 78.1 80.8 87.5 73.5 79.3 71.4 75.1 80.1 71.0
EPAL 83.1 83.5 83.4 89.7 76.6 77.3 75.5 76.4 81.2 72.7

TGID 86.7 85.8 86.2 93.6 78.7 82.5 82.1 82.3 87.1 78.5

Table 1: Overall precision (P.), recall (R.), and F1-score on ChFinAnn and DuEE-Fin. F1(S.) and F1(M.) denote
results on single-event and multi-event documents. Earlier baseline results are taken from prior work when available;
† Corrected results from Hu et al. (2025).

Model ChFinAnn DuEE-Fin FNDEE

Doc2EDAG 78.8 63.4 43.9
DE-PPN 79.9 45.1 43.0
GIT 80.3 67.8 48.5
ReDEE 81.9 74.4 56.8
ProCNet† 80.8 75.1 57.3
EPAL 83.4 76.4 58.6

TGID 86.2 82.3 61.1

Table 2: Argument extraction F1 on three document-
level event extraction benchmarks under the NDEE-
style trigger-free setting. Earlier baseline results are
taken from prior work when available; † Corrected re-
sults from Hu et al. (2025).

4.5 Practical Analysis

Computational cost. Table 6 compares EPAL
and TGID under the same DuEE-Fin evaluation
split and profiling protocol. TGID increases
the parameter count only modestly (112.79M to
116.11M) and peak inference memory from 3.46 to
3.97 GB, but average inference time rises substan-
tially from 124.13 to 597.37 ms/document. The
main practical overhead therefore lies in latency
rather than model size or memory.

Expert contribution. Using the same trained
TGID checkpoint, we globally mask one routed ex-
pert at a time during evaluation without retraining.
Masking any expert reduces Overall F1 by 1.07–
1.47 points and M2M-All F1 by 0.71–1.59 points,
indicating that all four routed experts are function-
ally used (Table 13). This intervention measures
expert contribution, but does not establish a fixed
semantic role for individual experts.

Variant Overall F1 M2M-All F1

TGID (full) 82.3 79.4
w/ Softmax-T routing 80.0 75.6
w/ Softmax-K routing 77.3 74.8
w/o schema init 76.5 67.9
w/o Ltc 79.4 75.7
w/o instance probe 79.9 75.4
type-only routing 77.2 71.5

Additional decoder compatibility check
ProCNet 75.1 71.8
ProCNet + TGID 78.1 75.3

Table 3: Ablation results on DuEE-Fin. The bottom
block tests decoder compatibility with a ProCNet-style
proxy-node decoder.

Inference robustness. Missed active types af-
fect 11.7% of M2M arguments and 5.9% of M2M
target pairs on DuEE-Fin, compared with 26.6%
and 18.8% on FNDEE. Replacing predicted active
types with oracle types increases the M2M-All gain
over EPAL from 5.4 to 5.9 points on DuEE-Fin and
from 2.3 to 3.2 points on FNDEE, indicating that
active-type recall remains a bottleneck, particularly
on FNDEE. Separately, the top-scoring expert fall-
back in Eq. (6) is triggered for 11.22% of DuEE-
Fin target views and affects 10.69% of documents.
Documents containing such cases obtain 74.63 F1
versus 83.26 for the remaining documents; we re-
port this as an association rather than evidence that
the fallback itself causes the performance gap.

Overall, TGID provides the clearest benefit when
M2M assignment is a recurring concern and offline
extraction is acceptable, whereas its current infer-
ence overhead may limit latency-critical deploy-
ment.
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Dataset Model M2M-All Non-M2M C-Type S-Type C-Role

ChFinAnn

EPAL 71.6 94.6 67.5 67.1 73.2
TGID-Softmax-T 76.6 91.2 66.1 74.5 78.1
TGID-Softmax-K 76.1 90.7 67.4 74.1 77.4
TGID 80.8 94.9 72.3 79.0 81.6

DuEE-Fin

EPAL 74.0 82.1 76.0 71.9 66.8
TGID-Softmax-T 75.6 80.7 76.3 74.7 69.6
TGID-Softmax-K 74.8 80.1 75.8 73.6 70.3
TGID 79.4 85.6 79.8 78.4 72.9

FNDEE

EPAL 58.0 62.7 57.3 57.0 54.6
TGID-Softmax-T 58.7 63.8 58.0 57.6 55.3
TGID-Softmax-K 59.5 62.5 59.2 58.7 57.4
TGID 60.3 63.6 59.9 59.5 58.0

Table 4: F1 on M2M subsets. C-Type, S-Type, and C-Role denote Cross-Type, Same-Type Multi-Instance, and
Cross-Role M2M. EPAL subset scores are recomputed under the same M2M subset definitions. Subset scores are
not directly comparable to dataset-level F1 in Table 2.

Model TS ↑ SO ↓ T1C ↓
TGID-Softmax-T 0.7 95.0 24.6
TGID-Softmax-K 1.6 95.0 26.8
TGID w/o Ltc 6.9 83.4 19.1
TGID w/o instance probe 7.8 85.6 39.8

TGID 12.2 78.7 13.7

Table 5: Routing diagnostics on DuEE-Fin M2M argu-
ments (N=4 experts). TS, SO, and T1C denote Target
Sensitivity, Soft Overlap, and Top-1 Collision.

Metric EPAL TGID

Parameters 112.79M 116.11M
Time (ms/doc) 124.13 597.37
Throughput (docs/s) 8.06 1.67
Peak GPU memory (GB) 3.46 3.97

Table 6: Controlled efficiency profiling on the DuEE-
Fin evaluation split (1,020 documents) using the same
RTX 3090 and inference protocol.

5 Conclusion

TGID addresses the late arrival of target-specificity
in M2M document-level event extraction by gen-
erating target-conditioned argument views before
decoding. Across three benchmarks, it improves
M2M-All and all three M2M subtypes over EPAL,
with gains concentrated on M2M structural dis-
ambiguation. Parameter-matched softmax con-
trols and routing diagnostics indicate that target-
sensitive routing contributes beyond additional
model capacity, while ablations indicate com-
plementary contributions from schema-structured
routing initialization, instance-aware queries, and
target-view supervision. Encoding-stage target con-

ditioning therefore complements event-level con-
struction and probe-based decoding.

Limitations

Two practical limitations arise at inference time.
First, TGID depends on active-type recall: if an ac-
tive event type is missed, target-conditioned views
for that type cannot be instantiated, limiting target-
specific M2M disambiguation for that event type.
Second, target-wise routing introduces additional
computational cost. Under controlled DuEE-Fin
profiling, average inference time increases from
124.13 ms per document for EPAL to 597.37 ms
per document for TGID. The current implementa-
tion is therefore better suited to offline extraction
than latency-critical deployment. Improving active-
type recall and routing efficiency remains future
work.

Our evaluation is limited to trigger-free discrim-
inative DEE on Chinese benchmarks, covering fi-
nancial documents (ChFinAnn and DuEE-Fin) and
military-news documents (FNDEE). Although the
ProCNet compatibility experiment provides evi-
dence across two discriminative decoder construc-
tions, generalization to trigger-based, generative,
English, or multilingual DEE remains untested.
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A Gradient Analysis: Softmax vs.
Independent Sigmoid Gating

A.1 Softmax Gating
Under softmax routing, gi =
exp(ϕi)/

∑︁
j exp(ϕj), with partial derivatives:

∂gi
∂ϕj

=

{︄
gi(1− gi) > 0, i = j,

−gigj < 0, i ̸= j.
(13)

For i ̸= j, the cross-derivative is strictly negative:
increasing ϕj necessarily decreases the normalized
weight of every other expert i.

A.2 Independent Sigmoid Gating
Under independent sigmoid gating, gi(a, y) =
σ(ϕi(a, y)). Since ϕi(a, y) depends only on Wr

i ,
za, and q(y), and not on ϕj for j ̸= i:

∂gi(a, y)

∂ϕj(a, y)
= 0, i ̸= j. (14)

No normalization links expert gates. This inde-
pendence holds at the gate computation level; the
document encoder, E0, {Ei}, and {Wr

i } remain
shared across targets, and gradients from different
targets still update the same parameters through
these shared components.

A.3 Stop-Gradient Normalization Preserves
Gate Independence

Under the active-set normalization in Eq. (7),
threshold selection in E(a, y) acts as a non-
differentiable routing decision; gradients are
not backpropagated through the hard indicator
1[gi(a, y) ≥ τ ]. With Z(a, y) treated as a constant
during backpropagation, we have:

∂g̃i(a, y)

∂ϕj(a, y)
=

1

Z(a, y)
· ∂gi(a, y)
∂ϕj(a, y)⏞ ⏟⏟ ⏞
=0, i̸=j

= 0, i ̸= j.

(15)
Gate-level independence is therefore preserved dur-
ing backpropagation. The stop-gradient denomina-
tor still rescales forward activations by the active-
set gate sum, so the independence claim applies
to routing gradients rather than forward activation
magnitudes.

B Implementation Details

B.1 Description and Query Construction
For event slot s = (t, r), the description is formed
by concatenating the event type name, a brief type
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Dataset M2M-Doc M2M-Arg CT MI CR Avg. |Y |
ChFinAnn 44.38 20.12 (N=4454) 0.14 (N=31) 15.05 (N=3332) 6.12 (N=1355) 2.64
DuEE-Fin 31.37 13.70 (N=858) 5.76 (N=361) 9.36 (N=586) 1.61 (N=101) 2.48
FNDEE 44.12 18.86 (N=2030) 7.54 (N=811) 13.81 (N=1486) 3.38 (N=364) 2.38

Table 7: M2M statistics on the test sets. CT, MI, and CR denote Cross-Type, Same-Type Multi-Instance, and
Cross-Role; subtype buckets are not mutually exclusive.

Symbol Meaning Default

N number of experts 4
λ weight of Ltc 0.01
τ raw-gate threshold 0.5
τc contrastive temperature 0.5
α initialization strength 0.1
ε normalization constant 10−6

ϵ perturbation scale 10−3

Ew warm-up epochs 5

Table 8: TGID hyperparameters used in our implemen-
tation. Values are fixed across datasets unless otherwise
specified.

description, the role name, and the role description.
When role descriptions are unavailable, we use the
template: “The ⟨role⟩ argument in a ⟨type⟩ event.”
The concatenated text is encoded by a frozen Chi-
nese RoBERTa-base encoder (Liu et al., 2019); the
[CLS] representation serves as c(s). The instance
probe pk denotes the decoder-side event-specific
query. In the main experiments, pk is concate-
nated with c(s) to construct the instance-aware tar-
get query q(y) = f([c(s); pk]).

B.2 Router Initialization and Hard Negatives
Schema-structured routing initialization.
Given |S| event slots and N experts, we compute
pairwise cosine similarity among {c(s)} and assign
slots to N groups via a greedy procedure: each
group grows by iteratively absorbing the most
similar unassigned slot until reaching ⌈|S|/N⌉
members. The schema prototype µi is the centroid
of group Gi:

µi = |Gi|−1
∑︂

s∈Gi

c(s), (16)

and the routing matrix is initialized as

Wr
i (0) = W0 + αµiµ

⊤
i . (17)

This procedure uses schema descriptions only and
accesses no document-level annotations. For event-
type pairs with cosine similarity ≥ 0.85, we add
a perturbation δ ∼ N (0, ϵ2I) to reduce early rout-
ing redundancy without forcing related types into
orthogonal subspaces.

Hard negative construction. For M2M argu-
ment a with gold targets Y +(a), hard negatives
Y −(a) are drawn from four sources:

1. Same-type wrong-role: (t, r′, k′) where t is a
gold type but r′ /∈ {r : (t, r, k) ∈ Y +(a)};

2. Same-role wrong-type: (t′, r, k′) where r is a
gold role but t′ is not a gold type for a;

3. Same-document non-gold: target candidates
in the same document that are not in Y +(a);

4. Semantically similar: target candidates whose
event types have cosine similarity ≥ 0.7 to a
gold type but are not gold targets.

All targets in Y +(a) are treated only as positives;
no gold target is used as a negative.

B.3 Training Schedule and Hyperparameters

Following prior document-level event extraction
work (Wang et al., 2023; Hu et al., 2025), we adopt
the Chinese RoBERTa-base encoder (Liu et al.,
2019) and optimize with Adam (Kingma and Ba,
2014), using a learning rate of 1×10−5 for pre-
trained parameters and 1×10−4 for randomly ini-
tialized parameters, with a batch size of 32. We
train for up to 50 epochs on a single NVIDIA RTX
3090 GPU and select checkpoints by validation F1;
the mean training time per epoch is approximately
49, 10, and 12 minutes on ChFinAnn, DuEE-Fin,
and FNDEE, respectively.

Training proceeds in two phases. During the
warm-up phase (first Ew epochs), the model is
optimized with Ltask only, Ltc is inactive, and τ
remains fixed at 0.5. Schema-structured routing ini-
tialization is applied once before training. During
the joint phase, Ltc is activated while τ remains
fixed.

Note on load balance. TGID does not include
an explicit load-balance loss. In DEE, routing
operates over schema-defined event slots com-
bined with a bounded set of decoder-side instance
probes, rather than an open token stream, and
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Model WB FL BA BB CF CL SD SI SR RT PR PL EC

Doc2EDAG 60.0 78.3 50.6 40.1 63.2 51.5 50.7 52.9 83.7 51.2 64.8 61.7 51.2
DE-PPN 50.7 62.7 41.3 21.4 36.3 23.0 32.9 31.3 67.8 25.8 42.1 36.3 23.4
GIT 58.8 77.6 56.6 44.7 68.5 55.1 58.8 71.2 86.4 45.0 66.4 71.3 53.8
ReDEE 72.2 81.2 58.9 53.4 76.7 56.7 68.2 56.6 90.6 49.9 75.0 77.8 56.6
ProCNet† 75.9 85.1 67.5 61.2 77.0 49.6 69.5 60.5 90.0 60.3 75.5 77.1 62.0
EPAL 76.3 86.1 68.3 69.3 76.1 59.1 74.5 57.5 91.3 71.1 76.8 78.2 61.2

TGID 78.7 87.1 70.4 71.6 80.6 58.5 76.3 71.4 92.0 71.3 78.3 76.1 58.1

Table 9: F1 on 13 event types of DuEE-Fin. † Corrected results from Hu et al. (2025).

Model EF ER EU EO EP

Doc2EDAG 70.2 87.3 71.8 75.0 77.3
DE-PPN 73.5 87.4 74.4 75.8 78.4
GIT 73.4 90.8 74.3 76.3 77.7
ReDEE 74.1 90.7 75.3 78.1 80.1
ProCNet† 71.4 92.5 67.3 66.7 79.8
EPAL 74.8 93.4 76.3 77.3 81.5

TGID 78.1 94.5 80.7 78.2 83.7

Table 10: F1 on 5 event types of ChFinAnn. † Corrected
results from Hu et al. (2025).

the schema-structured routing initialization assigns
semantically distinct slot groups to distinct ex-
perts. Routing diagnostics show a T1C of 13.7%,
lower than the random-uniform top-1 reference of
1/N=25.0% for N=4 (Table 5), suggesting that
valid M2M targets tend to avoid selecting the same
dominant expert.

C Additional Experimental Results

ProCNet-style decoder integration. ProCNet
already performs event-level conditional aggrega-
tion through proxy-specific graph updates. Our
compatibility experiment therefore does not treat
ProCNet as target-agnostic; it tests whether TGID’s
argument-view replacement can be inserted before
a proxy-node decoder.

Let h̃ek be the entity representation used by
ProCNet and hzi the representation of proxy node
zi. In the original ProCNet scorer, the role of en-
tity ek under proxy zi is predicted from [hzi ; h̃ek ].
We construct a proxy-conditioned query q(i) =
Wqhzi and use the same TGID expert bank to pro-
duce a proxy-conditioned entity view h

(i)
ek . This

replacement differs from ProCNet’s continuous
proxy modulation by introducing an explicit expert-
subspace view for each proxy-conditioned argu-
ment. The updated role scorer replaces only the

entity-side input:

pi,k = softmax
(︂
MLP([hzi ;h

(i)
ek
])
)︂
. (18)

To isolate the representation-replacement effect,
we keep ProCNet’s native training objective un-
changed and do not introduce the TGID-specific
target-contrastive loss Ltc. The proxy-node de-
coder, Hausdorff matching objective, null-event
padding, and post-processing rules remain un-
changed.

Routing metric definitions. For an M2M argu-
ment a with valid target set Y (a) and |Y (a)| > 1,
let g̃(a, y) = [g̃1(a, y), . . . , g̃N (a, y)]⊤ denote the
stop-gradient-normalized gate vector. For direc-
tional comparison we define the ℓ2-normalized gate
vector ḡ(a, y) = g̃(a, y)/∥g̃(a, y)∥2. We define
three routing diagnostics: Target Sensitivity (TS),
Soft Overlap (SO), and Top-1 Collision (T1C).
All diagnostics are computed over unordered target
pairs (y, y′) from Y (a):

TS(a) =
(︁|Y (a)|

2

)︁−1 ∑︂

y<y′

(︁
1− ḡ(a, y)⊤ḡ(a, y′)

)︁
,

(19)

SO(a) =
(︁|Y (a)|

2

)︁−1 ∑︂

y<y′

∑︂

i

min
(︁
g̃i(a, y), g̃i(a, y

′)
)︁

(20)

T1C(a) =
(︁|Y (a)|

2

)︁−1 ∑︂

y<y′
1
[︂
argmax

i
g̃i(a, y)

= argmax
i

g̃i(a, y
′)
]︂
.

(21)
They correspond to Target Sensitivity (TS) (↑), Soft
Overlap (SO) (↓), and Top-1 Collision (T1C) (↓),
respectively. Dataset-level values are averaged over
all M2M arguments in the test set.
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Variant Overall M2M-All

TGID 82.3 79.4
w/o sg in denom. 80.3 76.6

Table 11: Ablation of stop-gradient normalization in
Eq. (7) on DuEE-Fin.

#Experts 2 4 6 8

F1 81.9 82.3 81.7 80.1

Table 12: Expert-number sensitivity on DuEE-Fin.

Stop-gradient normalization ablation. We re-
move the stop-gradient operation from the denomi-
nator in Eq. (7), while keeping the sigmoid gates
and normalization form unchanged. The ablation
uses the same DuEE-Fin setting as TGID.

The drop indicates that gradient coupling reintro-
duced through the denominator degrades routing
quality, confirming that gate-level independence
in backpropagation is distinct from and comple-
mentary to the forward scale stabilization that the
normalization form itself provides.

Expert-number sensitivity. We vary the num-
ber of experts on DuEE-Fin while keeping other
settings fixed. As shown in Table 12, F1 peaks at
N = 4 and does not monotonically increase with
more experts, suggesting that TGID’s gain is not a
simple capacity effect.

Expert masking. To quantify the functional con-
tribution of individual routed experts, we use the
same trained TGID checkpoint and globally mask
one routed expert at a time during evaluation. No
retraining is performed, and all other inference pro-
cedures remain unchanged.

Masking any routed expert reduces both Overall
and M2M-All F1, showing that all four experts
are functionally used in the trained model. This
intervention measures expert contribution but does
not establish a fixed semantic role for individual
experts.

Profiling details. EPAL and TGID are profiled
on the same RTX 3090 using the DuEE-Fin eval-
uation split of 1,020 documents and the same in-
ference protocol. Mean training time per epoch is
37/49 min on ChFinAnn, 7/10 min on DuEE-Fin,
and 9/12 min on FNDEE for EPAL/TGID, respec-
tively.

M2M argument statistics. Table 7 reports
dataset-level M2M statistics. M2M-Doc and M2M-

Setting Overall F1 M2M-All F1

Full TGID 82.30 79.40
Mask E1 80.83 77.81
Mask E2 81.20 78.69
Mask E3 80.96 78.41
Mask E4 81.23 78.49

Table 13: Evaluation-time expert masking on DuEE-
Fin. Each routed expert is masked separately without
retraining.

Arg denote the proportions of documents contain-
ing at least one M2M argument and gold arguments
satisfying |Y (a)| > 1, respectively. CT, MI, and
CR give the breakdown across the three M2M sub-
types.

Oracle active-type analysis. To quantify the im-
pact of missed event types during inference, we
compare the standard predicted-Tactive setting with
an oracle setting that uses gold active event types
while keeping the remaining decoding procedure
unchanged.

Arg-FB and Tgt-FB denote the proportions of
M2M arguments and M2M argument-target pairs
associated with missed active event types, respec-
tively. TGID Gain is the normal-setting M2M-All
improvement over EPAL in Table 4; Oracle Gain
is the additional gain from gold active event types.
The smaller Oracle Gain indicates that event-type
recall constrains TGID but does not explain away
its M2M gains.

Per-event-type results. Tables 9, 10, and 16 re-
port per-event-type F1 to provide a finer-grained
view of where TGID improves or degrades. Ab-
breviations follow prior work (Hu et al., 2025; Xu
et al., 2024).

D Case Study
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Figure 3: Routing heatmaps for a Cross-Type M2M
argument with SHD and EC as valid targets. TGID
produces more target-specific expert activations than
TGID-Softmax.

Figure 3 visualizes a Cross-Type M2M argument
shared by SHD and EC targets. TGID-Softmax as-
signs nearly identical expert patterns to the two
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Event / Role Gold EPAL TGID-Softmax TGID

Success: Same-Type Multi-Instance M2M in a Pledge document
Pledge 2 / Pledged Ratio in Holdings 37.50% – × – × 37.50% ✓
Pledge 3 / Pledged Ratio to Total Shares 7.47% – × – × 7.47% ✓
Pledge 3 / Pledged Ratio in Holdings 82.87% – × – × 82.87% ✓
Pledge 4 / Pledged Ratio to Total Shares 17.41% – × – × 17.41% ✓

Failure: Cross-Type M2M with missed EC type at inference
EC / Affiliated Company Zhuoyue Edu. – × Zhuoyue Edu. ✓ – ×†

EC / Executive Name Xu Wenhui – × 2018-06-13 × – ×†

SHD 1 / Stock Abbreviation Zhuoyue Edu. 2020-08-26 × 2020-08-26 × 2020-08-26 ×

† EC absent from T̂active; TGID generates no target-conditioned views for EC targets and reverts to za for all EC-role arguments.

Table 14: Case study on DuEE-Fin. The top block shows a Same-Type Multi-Instance success case; the bottom
block shows a Cross-Type failure caused by a missed EC event type. ✓ indicates correct extraction and × indicates
missing or wrong extraction.

Dataset Arg-FB Tgt-FB TGID Oracle

DuEE-Fin 11.7 5.9 +5.4 +0.5
FNDEE 26.6 18.8 +2.3 +0.9

Table 15: Effect of missed active event types on M2M
arguments. Oracle reports the additional gain from gold
active event types.

Model EP MA DE SU AC EH CO IN

Doc2EDAG 53.4 26.2 30.5 40.2 53.3 47.9 44.0 50.6
DE-PPN 50.8 25.8 30.6 44.4 42.6 46.2 35.4 32.8
GIT 54.2 27.6 41.0 44.9 51.8 58.2 43.1 56.6
ReDEE 56.6 40.4 50.2 62.4 56.3 63.2 61.0 74.0
ProCNet 53.9 44.7 55.8 64.7 54.3 67.7 50.6 62.6
EPAL 54.2 45.1 56.3 65.8 55.1 65.2 56.4 62.1

TGID 58.0 48.6 56.6 69.3 57.9 66.9 55.3 62.1

Table 16: F1 on 8 event types of FNDEE.

targets, whereas TGID routes them to distinct dom-
inant experts, consistent with the lower T1C and
higher TS in Table 5.

Table 14 gives one success case and one failure
case. In the Same-Type Multi-Instance case, EPAL
and TGID-Softmax miss all percentage fillers,
while TGID recovers all four role-specific values.
With instance-aware target queries, same-slot in-
stances can receive different routed views through
their decoder-side probes. This allows TGID to sep-
arate Same-Type Multi-Instance targets before role
scoring, while the downstream probe-label decoder
completes event-instance assignment.

The failure case illustrates TGID’s dependence
on active event-type recall. When EC is absent
from T̂active, no target-conditioned views are in-
stantiated for EC targets, and EC-role arguments

fall back to za, producing missing outputs. The
incorrect date prediction for SHD Stock Abbrevia-
tion further reflects an upstream entity-recognition
error, which is outside the routing module.
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