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Abstract

Due to the high value and high failure rates of
startups, predicting their success is a critical chal-
lenge. Existing approaches typically model startup
success from a single decision-maker’s perspec-
tive, overlooking the collective dynamics that dom-
inate real-world venture capital (VC) decision-
making. We propose SimVC-CAS, a collective
agent system that simulates VC decisions as a
multi-agent interaction process. By designing role-
playing agents and a GNN-based supervised in-
teraction module, we reformulate startup financing
prediction as a group decision-making task, cap-
turing both enterprise fundamentals and investor
network dynamics. Each agent represents an in-
vestor with distinct traits and preferences, enabling
heterogeneous evaluations and realistic information
exchange over a graph-structured co-investment
network. Using both proprietary and public VC
data with strict anti-leakage controls, we show that
SimVC-CAS significantly improves predictive per-
formance, achieving approximately 25% relative
improvement in average precision@ 10, while ex-
hibiting consistency with real investor decisions.
The interaction mechanism is particularly effective
for network-central startups, confirming the impor-
tance of network in VC decision-making. Analy-
sis of agents’ reasoning for decision changes fur-
ther reveals how network environment influence
decision quality, demonstrating the system’s in-
terpretability. Our approach may generalize to
broader group decision-making scenarios. Our
code is available !

1 Introduction

Startups contributed 60% of global new jobs (2010-
2020) [Union, 2019] yet face a 90% failure rate [Kerr et
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Figure 1: Unlike prior single perspective approaches, our method
jointly models the collective behaviors of startups and investors by
incorporating multiple decision-makers.

al., 2014]. This significant contrast has made the predic-
tion of early-stage startup success (e.g., financing outcomes
and IPO potential) a central problem in interdisciplinary re-
search [Zhang et al., 2021; Lyu et al., 2025]. Among various
success indicators, early-stage financing plays a critical role,
serving as the “lifeline” for startup survival and growth [Cas-
sar, 2004]. Access to capital not only provides essential finan-
cial resources but also shapes long-term strategic direction.
Consequently, predicting whether a startup can successfully
secure financing has emerged as a core task in startup success
prediction [Zhang et al., 2021; Dellermann et al., 2021].

In venture capital (VC), investors typically base their de-
cisions on comprehensive evaluations that consider factors
such as team composition, business model, and market po-
tential [Miloud et al., 2012; Kim and Lee, 2022]. Follow-
ing this logic, prior automated methods have primarily mod-
eled financing outcomes from the perspective of individual
decision-making by extracting firm-level features using var-
ious technical paradigms. Representative lines of work in-
clude: (i) traditional machine learning on engineered fea-
tures [Krishna et al., 2016; Unal and Ceasu, 2019]; (ii) graph
neural network (GNN)-based modeling of investment net-
works [Zhang et al., 2021; Lyu et al., 2025]; and (iii) pre-
trained language models for textual analysis [Maarouf et al.,
2025]. Despite methodological diversity, these approaches
share a common assumption: they aim to simulate a sin-
gle, idealized investor.

In reality, investor decisions directly shape startup financ-
ing outcomes and subsequent development trajectories. The



absence of investment can trigger immediate survival crises,
while investors’ heterogeneous resources, expertise, and net-
works can profoundly influence long-term growth paths [Di-
amond and Rajan, 2001; Miloud er al., 2012]. Impor-
tantly, real-world VC evaluations are rarely conducted
in isolation. Instead, startups are assessed by multiple
potential investors embedded within co-investment net-
works, where information exchange and peer influence
play a central role [Han and Yang, 2013; Liu, 2017;
Goldstein et al., 2025]. Our data confirm this dynamic: the
average graph distance among investors who eventually co-
invest in the same startup is only 2.16, compared to 4.23
across the entire VC network. As a result, financing out-
comes often emerge from the collective judgment of an in-
vestor group, and startups of similar quality may experi-
ence markedly different outcomes depending on the compo-
sition of their investor collective. This “investor collective ef-
fect” is not captured by existing single-decision-maker mod-
els. Given the inherent multi-agent nature of real-world VC
decision-making, a multi-agent framework is a natural and
necessary modeling choice.

However, existing multi-agent systems fail to capture two
defining characteristics of VC forecasting: (i) the collective
nature of syndicated decision-making and (ii) the complex
relational dynamics among co-investors. First, most frame-
works rely on agent specialization to simulate compartmen-
talized reasoning across information dimensions—assigning
individual agents to analyze different dimensions of informa-
tion [Yu er al., 2024; Zhang et al., 2024b; Wang et al., 2025b;
Pei et al., 2026]. While effective for simulating the inter-
nal reasoning process of a single investor, this paradigm fails
to capture the diversity and interaction of multiple indepen-
dent investors. Second, existing agent interaction mecha-
nisms are largely heuristic-based [Wang et al., 2025a; Qian
et al., 2025; Li et al., 2025] and cannot model the nuanced,
asymmetric relationships observed in real co-investment be-
havior—relationships shaped by network topology, investor
heterogeneity, and startup-specific context.

To address these challenges, we propose SimVC-CAS: a
collective agent system for simulating real-world venture cap-
ital decision-making. The core idea is to reframe financing
prediction as the outcome of a simulated collective decision
process carried out by a network of investors, each modeled
as an autonomous agent. SimVC-CAS jointly captures en-
terprise fundamentals and multi-investor decision dynamics.
Given a target startup, the system simulates (i) heterogeneous
individual evaluations by distinct investor agents and (ii) col-
lective decision updates shaped by a co-investment network.
The resulting group-level verdict forms the basis for financ-
ing prediction. As shown in Figure 1, this framework en-
ables joint modeling of both company-level attributes and
investor-collective behaviors, offering a more realistic and in-
terpretable approach to VC forecasting.

Specifically, SimVC-CAS consists of three modules: 1.
Startup Panoramic Portrait. This module integrates di-
verse startup data - including basic information, founding
team backgrounds, and financing history - to construct a com-
prehensive profile that serves as shared context for all in-
vestor agents. 2. Heterogeneous Investor Portraits. We

construct the potential investor pool from the startup’s his-
torical investors and their past co-investment partners. Em-
pirically, 77.35% of investors in new financing rounds orig-
inate from this group in our dataset. Each investor agent
is assigned a distinct profile based on background informa-
tion, experience, and historical investment behavior. Lever-
aging the role-playing capabilities of large language models
(LLMs) [Shanahan e al., 2023; Wang et al., 2024], agents in-
terpret startup information through personalized lenses, cap-
turing heterogeneous preferences, cognitive biases, and deci-
sion patterns. 3. Collective Agent Interaction Modeling.
Investor interactions depend not only on their own attributes
and network structure, but also vary with the characteristics
of the evaluated startup, forming startup-centric interaction
modes [Elfring and Hulsink, 2007; Lee et al., 2015]. To
model these dynamics, we design a graph attention network
with virtual nodes (VGAT), where a virtual node represents
the target startup and serves as an information hub connected
to all investor agents. Investor nodes are linked via edges
derived from historical co-investment relationships. Through
VGAT, SimVC-CAS captures multi-dimensional interaction
patterns that balance investor heterogeneity, startup charac-
teristics, and graph topology, thereby approximating realistic
group deliberation processes.
Our contributions are summarized as follows:

* We introduce a simulation-based paradigm that reframes
startup financing prediction as a collective decision-
making process by integrating LLM role-playing with
multi-agent modeling.

We propose SimVC-CAS, which jointly models com-
pany fundamentals and investor dynamics through scal-
able profiles and graph-based interactions, achieving
significant performance improvements on proprietary
and public datasets, with behavioral alignment with real
investors.

We demonstrate that the interaction mechanism is par-
ticularly effective for network-central startups, confirm-
ing the importance of network structure in VC decision-
making. Analysis of agents’ reasoning for decision
changes further reveals how network environment influ-
ence decision quality, demonstrating the system’s inter-
pretability. Beyond VC, our design may generalize to
other group decision-making problems.

2 Related Work

2.1 Startup Success Prediction

Predicting early-stage startup success is a critical task. Early
research identified key predictive factors [Song et al., 2008;
Sevilla-Bernardo et al., 2022] which informed manual fea-
ture engineering efforts. Initial methods used commer-
cial datasets such as PitchBook, Crunchbase to design fea-
tures based on domain knowledge and heuristics for tradi-
tional machine learning models [Unal and Ceasu, 2019;
Bargagli-Stoffi er al., 2021]. As large-scale datasets become
available, the field evolved toward three main approaches:
(1) graph neural networks (GNNs) [Zhang er al., 2021;



Lyu ef al., 2025], which mine relational structures for in-
vestment patterns; (2) pre-trained language models (LMs)
[Maarouf et al., 2025], which extract semantic features from
company descriptions and filings; and (3) multi-agent sys-
tems [Wang et al., 2025b; Griffin et al., 2025; Pei et al.,
2026], which assign different agents to analyze complemen-
tary aspects of a company’s objective information, aiming to
address the interpretability and scalability limitations.
Despite these advances, existing models all focus on
single-investor decision frameworks, failing to capture the
multi-perspective evaluation and group dynamics typical of
the real world. Even when employing multi-agent ap-
proaches, they merely use multiple agents to analyze different
dimensional information [Wang et al., 2025b; Griffin et al.,
2025], remaining within a single decision-maker perspective.

2.2 LLM Agents in Decision Simulation

Large Language Models have shown significant potential in
simulating human intelligence and are increasingly used as a
foundational component in autonomous agent systems [Luo
et al., 2025; He et al., 2025; Zhang et al., 2025]. In deci-
sion simulation, LLM agents have been deployed to model
user search behavior and predict click-through rates [Zhang et
al., 2024a], forecast legislative bill outcomes based on poli-
cymaker behavior [Li er al., 2025], and replicate group voting
patterns from demographic data [Argyle er al., 2023].

However, the application of LLMs to simulate investor
decision-making in VC remains largely underexplored. Cur-
rent approaches are insufficient for modeling the heteroge-
neous, relational dynamics inherent in VC investment net-
works. To address this gap, we propose a graph neural
network-based multi-agent interaction framework for simu-
lating VC investment decisions. Beyond VC, this framework
offers a generalizable foundation for decision modeling in
other complex, heterogeneous network environments.

3 Task Definition

This study focuses on predicting the success of early-stage
startups. Following prior work [Zhang er al., 2021], we define
early-stage startups as those have completed their first round
of formal financing (seed or angel round), but have not yet
raised subsequent rounds (e.g., Series A). These companies
enter the venture capital ecosystem for the first time through
initial investors. While success is often measured by whether
a startup secures Series A funding [Zhang et al, 2021,
Dellermann e al., 2021], prior studies have used different ob-
servation windows, potentially introducing time biases. To al-
leviate this, we adopt a consistent one-year observation win-
dow, which aligns with stage-based evaluation practices and
helps control for external environmental factors such as mar-
ket cycles and macroeconomic shocks [Boocock and Woods,
1997]. Accordingly, the core task of this study is defined as:
predicting whether a startup secures subsequent funding
within one year of its initial financing.

4 Method

This section details the core framework of our proposed
method, shown in Figure 2. We begin by constructing a

comprehensive profile for each target startup, integrating ba-
sic information, team composition, and historical financing
records. This profile serves as the fundamental input for in-
vestment evaluation. Meanwhile, we generate heterogeneous
profiles for potential investors, encompassing personal infor-
mation, investment experience, and professional background.
To simulate investor decision-making, we employ an LLM-
based agent to model the investment preferences of individual
investors through role-playing. Building on this, we intro-
duce a collective agent interaction system: for each startup,
we construct a co-investment network linking its potential in-
vestors based on historical co-investment relationships. In
addition, we designed a GAT with virtual nodes (VGAT) to
capture the investor interaction patterns centered on startups
in this network, enabling us to approximate the collective
decision-making dynamics in the real world. This collective
modeling enhances the predictive accuracy of startup success.

4.1 Startup Panoramic Portrait

To predict success, we construct a panoramic profile captur-
ing the target startup’s foundational characteristics as a holis-
tic input for subsequent agents.

Basic Information: Founding date, industry, description, lo-
cation, products, keywords, and other core attributes. In clas-
sic financial theory, these fundamental characteristics serve
as critical signals for screening potential investments and re-
ducing information asymmetry between entrepreneurs and in-
vestors [Kaplan and Stromberg, 2004; Spence, 1973].

Team Composition: Background on key team members
(gender, education history, prior employment records, per-
sonal investment experience, roles), reflecting the “bet on the
jockey” hypothesis in VC, which posits that human capital is
often a more significant predictor of success than the business
idea itself [Kaplan er al., 2009; Gompers et al., 2020].
Historical Financing Records: This section summarizes the
startup’s past funding rounds, including the amounts raised
and investor backgrounds. Reflecting the mechanism of cap-
ital staging used to monitor progress and mitigate agency
costs [Gompers, 1995; Sahlman, 1990], these records pro-
vide essential cues regarding the firm’s valuation trajectory
and external validation.

Affiliated Companies: In VC networks, startups sharing
key individuals (e.g., co-investors) with the target often pro-
vide valuable context. We define such entities as affiliated
companies and incorporate their information into the target’s
panoramic profile. These shared links facilitate information
spillovers and social endorsements, allowing affiliated firms’
attributes to serve as high-fidelity signals of the target’s po-
tential [Stuart er al., 1999; Hochberg et al., 2007].

4.2 Heterogeneous Investor Portraits

For each target startup, we construct a real-time, heteroge-
neous profile of its potential investors. The candidate investor
set is constructed based on the following rule: We randomly
sample £ individuals from the union of the startup’s his-
torical investors and their past co-investment partners.
Empirically, 77.35% of investors in new financing rounds
originate from this group in our dataset. Based on this can-
didate set, we generate detailed investor profiles and simulate
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Figure 2: The overall framework of our proposed method.

their behavior through a role-playing agent architecture. Each
agent represents a distinct investor persona, offering differen-
tiated analysis and decision-making support. This profiling
system is highly extensible and can integrate data from mul-
tiple sources, such as demographic information, professional
experience, and past investment records. Each investor pro-
file includes the following core components:

Personal Information This contains information such as the
investor’s name, gender and educational background.

Past Investment Experience This section details the in-
vestor’s historical funding activity and is further divided
into: (i) early-stage investments - focused on seed and Se-
ries A rounds; these are the primary reference points for our
model. (ii) Other investments - covers mid-to-late-stage or
non-startup investments, serving as supplementary context.
All investment records are paired with structured summaries
of the invested startups to provide a comprehensive view of
the investor’s track record.

Employment History This details the investors’ professional
background, including previous roles and affiliations.

4.3 Collective Agent Interaction Modeling

To better approximate real-world investor decision-making
dynamics, we design a collective agent interaction framework
supervised by a graph neural network. In this system, each in-
vestor agent first performs an individual evaluation of the tar-
get startup based on their profile and outputs an initial invest-
ment decision. Next, the historical co-investment network is
used (along with VGAT) to determine the interaction struc-
ture among these investor agents. Finally, the agents interact
according to the learned topology, updating their beliefs and
assessments based on peer influence. This dynamic group
reasoning process allows agents to revise their initial deci-
sions, resulting in a final, aggregated investment decision that
reflects both individual judgment and collective insight.

VGAT

To model investor interaction patterns shaped jointly by the
characteristics of the target startup, the attributes of individual
investors, and the topology of the co-investment network, we
design the Virtual Node Graph Attention Network (VGAT).

In this architecture, the target company is introduced as a vir-
tual node, serving as a global query to attend to relevant in-
vestor interactions.

Formally, let G = (V,€,w) be an undirected weighted
graph. The node set is defined as V = Vg U {vigrget}s
where Vg = {v1,...,v,} represents real investor nodes and
Vtarget ¢ Vr denotes the virtual node (i.e., the target com-
pany). The edge set consists of two parts: £ = Eg U &y,
where £ C Vg X Vg represents real investor connections,
and & = {(Viarget,vi) | Yv; € Vg} connects the virtual
node to all real nodes. A weight function w : & — R7T as-
signs positive weights to all edges.

The VGAT model processes G through three sequential
components. First, a global Graph Attention (GAT) layer up-
dates embeddings for all nodes:

{h{V} ey = GAT(G). (1)

Second, a local GAT layer refines the embeddings specifically
for real investor nodes:

{h?}oevy = GAT(G[VR)). )

Concurrently, the virtual node embedding is transformed via
an MLP to serve as the global query vector:
* 1

hvtarget = MLP(hs)tnget)' (3)
To determine the importance of each co-investment relation-
ship, we compute an attention score for each real edge e;; =
(vi,v;) € Eg. The cross-attention mechanism uses the vir-
tual node as the query and the edges as keys. The normalized
attention coefficient cy;; is computed via a Softmax operation
over all edges in the batch:

(R W) (M W)
Vi

where dy, is the scaling dimension. The final edge embedding
e;; is then obtained by weighting the value projection:

ei; = a;;(mi; Wy), )

, (4)

oy = SoftmaxeijegR



where the base edge representation m,; concatenates the
node features and edge weight:

R || RS | wis] ©)

Here, W g, W i, and Wy, are learnable projection matrices.

We formulate the interaction prediction as a binary clas-
sification task. Since direct data on investor communica-
tions is private and unobservable, we employ future co-
investment relationships as a proxy for effective interac-
tion. The rationale is that if two investors co-invest in the
same startup within a specific future window, they likely
engaged in meaningful interaction or shared similar deci-
sion logic to mitigate selection uncertainty [Lerner, 1994,
Hochberg et al., 2007]. Thus, the goal is to predict the ex-
istence of a valid future co-investment link (Class 1) versus a
non-existent one (Class 0).

The model is optimized jointly using cross-entropy and
contrastive losses. The Cross-Entropy Loss is defined as:

Lck Z Zyu log (45;) )

ei; EER c=1

where Nc = 2 is the number of classes. y;; indicates the
ground truth label derived from future co-investment data,
and g is the predicted probability derived from e;;.

The Contrastive Loss enhances the distinctiveness of edge

embeddings:
ex 76”6”
1 P\ e Mer

EConlrast = T 5 Z IOg
Pl =
€ij,ekl
(®)
where P is the set of positive pairs, NV;; represents negative
samples, and 7 is the temperature parameter. The final loss
is:

L= ECE + )\L"Contrasta &)
where ) is a hyperparameter balancing the two terms.
Training and Validation: We strictly adhered to the tempo-
ral split strategy of the main experiment (see Sec.5.1) to train
and evaluate VGAT: data prior to September 2021 was uti-
lized for training and validation, while subsequent data was
reserved for testing. As shown in Table 1, VGAT significantly
outperforms the GAT baseline (F1: 79.31% vs. 73.47%).
This confirms that explicitly modeling the startup as a global
query node enables the network to more accurately discern
context-specific investor interaction patterns. (Please refer to
the Appendix 1.2 for VGAT training data construction meth-
ods and full training details.)

Table 1: Performance comparison on the link prediction task

Method Precision  Recall F1
GAT 69.62 7776  73.47
VGAT 76.18 82.70 79.31

Investor Agent Decision-Making
Given a set of k investor agents {Ay, As,..., Ag}, we
construct a heterogeneous profile P; for each investor A;.

) exp (= Saemm 1\’
emn€Ni; €XP \ TTes; MMemnl]

Through role-playing, conditioned on the startup profile S,

each agent generates an initial independent decision DEO) us
ing a frozen LLM:

D = LLM(S|P) (10)

We construct a co-investment network G where nodes V =
{A1, ..., Ak} U {Varget } represent investors and the target
startup. Edges encode historical co-investments and connec-
tions to the target. Using a pre-trained > encoder, we embed
investor profiles and the startup profile:

* Investor embedding: h; = NodeEncoder(F;).

* Startup embedding: h = NodeEncoder(S).
These embeddings form the input graph Gempeq for VGAT to
infer interaction edges:

ginleract = VGAT(gembed) . (1 1 )

These edges define the peer influence topology for the second
decision round.

Agents revise their decisions by incorporating insights
from interaction neighbors. Specifically, agent A; updates

D(o) to D(l):

Vtarget

DV = LLM ((DS”, {D§0),Pj | (A, A)) € Simeract}) | (S,Pi)) :

(12)
The overall investment confidence score Cipyes 18 defined
as the proportion of agents opting to invest:

1
mvest - % Z (13)

where §; = 1 if DZ( ) is an investment decision, and 0 other-
wise. This score aggregates individual assessments and col-
lective peer influence.

5 Experiments

This section presents the main results; consistency analysis,
prompt details, and explainability cases are in the Appendix.

5.1 Datasets

PitchBook. We compile a comprehensive global venture cap-
ital dataset from PitchBook® covering the period from 2005
to November 2023. The dataset includes 263,729 startups
and 1,014,157 individuals, with rich information on invest-
ment histories, demographic backgrounds, and detailed com-
pany profiles. For evaluation, we focus on 2,507 startups that
received their initial funding between September 2021 and
November 2022. The task is to determine whether a startup
secures follow-on financing within one year of its initial fund-
ing round, resulting in 533 positive samples and 1,974 nega-
tive samples. To avoid look-ahead bias, all startup profiles
are constructed exclusively using information available prior
to the initial funding event.
Crunchbase. Besides the private dataset, we used an open-
source 2013 Crunchbase snapshot *. However, its age raises
data leakage concerns; we report results in the Appendix 1.3.
Zhttps://huggingface.co/jinaai/jina-colbert-v2. We selected this
model for its superior long-context processing capabilities
3https://pitchbook.com/
*https://github.com/datahoarder/crunchbase-october-2013
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5.2 Evaluation Metrics

While standard classification metrics (e.g., F1 score) are re-
ported, we prioritize Average Precision at K (AP@K) to align
with the practical VC objective of identifying top-tier oppor-
tunities from a large candidate pool. In our proposed SimVC-
CAS, to reflect real-world co-investment dynamics, a startup
is considered positively predicted if at least one investor agent
chooses to invest; rankings are then determined by the con-
fidence score Clpyest, mirroring how investment decisions ag-
gregate in practice. Following prior work [Sharchilev et al.,
2018; Zhang et al., 2021; Lyu et al., 2025], we use Preci-
sion at K (P@K) to measure the success rate among the top-
K ranked startups. To ensure temporal robustness, AP@K
is computed by averaging P@K across monthly rolling win-
dows. This metric directly quantifies the model’s efffective-
ness in shortlisting high-potential investments over time.

5.3 Implementation Details

We employ GPT-3.5° (knowledge cutoff: Sep 2021) on a test
dataset collected post-September 2021 to ensure strict tem-
poral isolation and prevent data leakage. For reproducibil-
ity, the temperature is fixed at 0. The number of candidate
investors k is set to 10, which we empirically found to
balance performance gains and computational efficiency
(detailed analysis in Appendix 1.1). All reported results
represent the average of five independent runs with random
investor sampling.

5.4 Baselines

To evaluate the effectiveness of our proposed method,
we benchmark it against six diverse baselines: Random,
which predicts based on historical success rates; BERT Fu-
sion [Maarouf et al., 2025], which combines structured vari-
ables with BERT-encoded unstructured text for classification;
SHGMNN [Zhang et al., 2021], a heterogeneous graph neu-
ral network that learns representations end-to-end; GST [Lyu
et al., 2025], a spatiotemporal graph model that employs in-
cremental graph self-attention to capture dynamic node rep-
resentations; GNN-RAG [Mavromatis and Karypis, 2024],
which synergizes GNN embeddings with RAG-retrieved
shortest paths as context for LLMs; and SSFF [Wang er al.,
2025b], a multi-agent framework that, unlike our interactive
approach, analyzes dimensions in isolation before aggregat-
ing insights via a single centralized decision-maker.

Table 2: Performance comparison on the test set

Method AP@10 AP@30 Precision Recall F1

Random — — 19.98 19.02 19.49
BERT Fusion 24.67 25.33 23.63 2495  24.27
SHGMNN 25.41 26.22 20.51 82.37 3297
GST 25.71 27.86 21.75 83.54 3451
GNN-RAG 27.53 26.17 22.81 71.10 34.54
SSFF 30.02 27.26 23.23 69.41 34.81
SimVC-CAS 37.52 30.83 24.19 74.07 3647

5.5 Experimental Results

The main experimental results on the PitchBook dataset
are presented in Table 2. The proposed model significantly

>https://platform.openai.com/docs/models/gpt-3.5-turbo

outperforms baselines across all evaluation metrics except re-
call, demonstrating its strong effectiveness in predicting the
early-stage startup success. In particular, our SimVC-CAS
achieves substantial gains on ranking-based metrics, with
AP@10 improving by 25.0%, and AP@30 by 13.1% relative
to the strongest baseline. These results highlight SimVC-
CAS'’s superior capability to prioritize and rank startups
with high success potential.

Further comparative analysis shows that graph-based
models, including both traditional GNN approaches (e.g.,
SHGMNN and GST) and LLM RAG-enhanced variants like
GNN-RAG, consistently underperform relative to SimVC-
CAS. This underscores the importance of explicitly model-
ing potential investor relationships surrounding startups. Ad-
ditionally, the notably weaker performance of the traditional
multi-agent method SSFF further validates the advantage of
incorporating multi-decision-maker interaction dynamics
over single-decision mechanisms.

Furthermore, we find that while GNN methods (such as
GST) achieve high recall (83.54%) through aggressive pre-
diction, their precision drops significantly (21.75%). SimVC-
CAS demonstrates overwhelming superiority in the most
decision-critical AP@ 10 metric (37.52% vs 25.71%, a rel-
ative improvement of 46.1%), with precision and overall F1
scores also significantly outperforming GNN methods.

Results on the public Crunchbase dataset align with
our main findings, showing improvements of +6.82% in
AP@10, +2.66% in AP@30, and +1.66% in F1 over the
strongest baseline (see Appendix 1.3 for details).

Table 3: Ablation study and comparison of interaction methods

Decision

Method AP@10 AP@30 Fl1 Consistency
w/oroleplay (single LLM) 26.58 23.44 33.14 -

w/o interaction 3543  28.04 35.62 0.68
FullInteraction 32.14  27.85 33.64 0.62
NetworkInteraction 36.43 29.28 35.87 0.67
GAT Interaction 36.89 29.74 36.07 0.69
SimVC-CAS 37.52  30.83 36.47 0.71
SimVC-CAS (40-mini) 38.11  31.24 37.02 0.73
SimVC-CAS (Claude 3.5) 38.27 31.79 37.39 0.74

5.6 Ablation Study

Table 3 shows ablation results. w/o roleplay, where a sin-
gle LLM jointly processes the startup profile and all & in-
vestor resumes without simulating individual personas, suf-
fers the most significant performance drop. This further
validates that centralized reasoning cannot substitute for
the collective intelligence of diverse agents. Similarly,
w/ o interaction removes the interaction module and under-
performs the full model, demonstrating the effectiveness of
our interaction design.

We further compare different interaction strategies.
FullInteraction, where all agents communicate indiscrim-
inately, performs worse than the non-interaction baseline
(w/ointeraction) (F1: 33.64 vs 35.62), suggesting that un-
structured communication introduces detrimental noise.
In contrast, NetworkInteraction, which restricts interac-
tions to historical co-investors, outperforms both (F1: 35.87),
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validating the importance of leveraging established co-
investment topologies. Finally, while GAT Interaction im-
proves upon NetworkInteraction, it still lags behind our
full model (F1: 36.07 vs 36.47). This confirms that our
VGAT mechanism, by explicitly modeling the startup con-
text, captures interaction patterns more effectively than
standard GNNs.

Finally, benchmarking with upgraded backbones (GPT-40-
mini®, Claude 3.5 Sonnet’) yields consistent improvements,
confirming the robustness of our framework across different
LLMs. However, we acknowledge that data leakage in these
newer models likely contributes to the gains.

5.7 Consistency with Real Investors

To evaluate whether our agents simulate real investor behav-
ior, we introduce the Decision Consistency metric. For all
investor-startup pairs, this metric measures the alignment be-
tween simulated and actual decisions, defined as the percent-
age of simulated decisions matching ground truth, for which
the random baseline is 0.50.% Despite potential noise where
investors simply missed unseen opportunities rather than re-
jecting them, this metric validates that our agents capture spe-
cific preferences beyond chance.

As shown in Table 3, SimVC-CAS achieves the
highest Decision Consistency (0.71), outperforming
w/o interaction (0.68) and the random baseline (0.50).
The failure of FullInteraction (0.62) confirms that our
selective, graph-based interaction design is essential for
modeling real VC dynamics.

5.8 Decision Benefit from Modeling Interactions
To quantify the marginal contribution of the collective in-
teraction mechanism, we introduce Confidence Alignment
Gain (AC), which captures whether interaction steers pre-
dictions closer to ground truth:

AC= () —c® ) (2y—1), yefo,1}, (14

where Cmvebl and Cl(nv)m are confidence scores after and be-
fore interaction, and y is the ground-truth label. The term
(2y — 1) ensures that AC > 0 indicates improved alignment
with ground truth—higher confidence for successful startups
or lower confidence for failed ones.

We investigate the correlation between this gain and startup
network centrality (Figure 3). We calculate the PageRank
score for each startup in the test set based on the investor-
startup bipartite graph and compute the mean AC' across
PageRank bins. A linear regression with 95% confidence
interval reveals a clear trend: confidence alignment gain in-
creases with PageRank. A higher PageRank indicates that
the startup is embedded in a denser VC network, making it

®https://platform.openai.com/docs/models/gpt-4o-mini

"https://docs.anthropic.com/en/docs/about-claude/models

8We use a balanced dataset (all positive samples + equal ran-
dom negatives) to calculate Decision Consistency. In raw VC data,
“Invest” decisions are rare, so consistency is dominated by “Pass”
decisions—allowing trivial “always Pass” strategies to score high.
Balancing forces the metric to equally weight the agent’s ability to
identify “Invest” opportunities and correctly “Pass”.

more critical to capture complex investor interaction dynam-
ics. The trend validates that for startups embedded in ac-
tive investment networks, our interaction design is partic-
ularly effective.
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Figure 3: Impact of startup network centrality on collective interac-
tion gain.

5.9 Why Change Decisions After Interaction?
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Figure 4: Reasons for decision revisions across groups.

To understand what drives decision changes, we prompt
agents who revised their decisions after interaction to se-
lect from predefined reasons. As shown in Figure 4 (bars
in blue), Consensus Pressure (59.1%), Authority Influence
(23.5%), and Information Completion (10.1%) emerge as
the most frequently cited factors. We further distinguish be-
tween correct revisions (changes aligning with ground truth,
in green) and incorrect revisions (orange). Notably, cor-
rect revisions rely less on conforming to majority opin-
ions from surrounding agents (55.8% vs 60.4%), but place
more weight on deferring to established investors (24.7%
vs 23.0%) and incorporating new factual details through
the network (11.3% vs 9.6%), suggesting that effective de-
cisions prioritize expert opinions and facts from the net-
work over surrounding consensus [Sgrensen, 2007; Baner-
jee, 1992]. See Appendix 1.4 for classification details.

6 Conclusion

From the perspective of investor groups, this study proposes
SimVC-CAS, a collective agent system designed to simu-
late the decision-making dynamics of venture capital. Un-
like traditional approaches that overlook the investor collec-
tive effect, SimVC-CAS explicitly models the interactions
among investors during the investment decision-making pro-
cess. Our experiments demonstrate that this collective model-
ing approach achieves significant performance improvements
and reveals how network environment shape decision quality,
particularly for network-central startups. The SimVC-CAS
framework is designed to be general and may extend to other
complex group decision-making settings.
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7 Appendix
7.1 Impact of Candidate Investor Scale (%)

38

— D —
—_— e

w
o

w
IS

.
—e— No interaction
—e— Traditional Interaction
Network Interaction
—e— GAT Interaction
OurModel

F1 Score (%)
w oW

& R

|

L ]

|

N
@

N
o

k

Figure 5: Performance comparison (F1 score) across varied interac-
tion strategies with different & values. ) )
To evaluate the impact of the number of candidate in-

vestors k£ on our method, we conducted experiments with
k = 1,10,20, and 30. Meanwhile, we examined the per-
formance differences across various interaction modes under
different k& values. As shown in Figure 5, which presents
F1 score line graphs for each interaction mode across the
tested k values, all interaction modes - except for the tradi-
tional interaction - demonstrate improved F1 as k increases.
However, the rate of improvement diminishes significantly
when & > 10. Based on these observations, we consider
k = 10 to be a cost-effective choice: randomly selecting
10 investors around a startup provides a representative
approximation of the broader investor group’s decision-
making. Given that real-world VC decisions involve sub-
stantial capital and complex evaluations, the computa-
tional overhead introduced by this model is minimal in
comparison. Therefore, scaling up the number of candi-
date investors emerges as a practical and effective strategy
for enhancing model performance.

Furthermore, it was found that when k=1, the F1 is lower
than w/o roleplay (26.36 vs 30.03). At this point, the model
does not involve multi-role interaction and is essentially a
few-shot learning with biases. This indicates that relying
solely on the experience of a single investor for few-shot
learning will introduce significant decision biases, result-
ing in the model’s performance being weaker than the
zero-shot capability of the LLM.

7.2 Details of VGAT training

To simulate the investor interaction pattern jointly determined
by the characteristics of the target company, the attributes of
individual investors and the topology of the co-investment
network, we designed the VGAT model. In the method sec-
tion of the main text, we have already elaborated on the de-
tails of VGAT. Here, we will introduce the training process
of VGAT. We train VGAT using the AdamW optimizer with
a learning rate configuration of le~3. The contrast learning
hyperparameter o set to 0.01. All the aforementioned ex-
periments are conducted on two RTX 3090 GPUs. All the
aforementioned experiments are conducted on two RTX 3090
GPUs.

Introduction to Training Data

Our training objective is to utilize supervised learning to en-
able the model to capture the interaction patterns among in-
vestors. The data records the historical investment informa-
tion of each startup company. We use its future joint invest-
ment relationship with investors as a supervisory signal - this
is a stricter indicator for measuring investor interaction. Al-
though this standard is rather strict and may lose some poten-
tial interaction signals, the main experimental results in the
text show that this method is effective.

To ensure no time overlap with the main evaluation task
(based on companies that received their first round of financ-
ing from October 2021 to November 2022), we selected the
data of companies that received their first round of financ-
ing from October 2016 to September 2021 for training and
evaluation. The company used needs to meet the condition
of obtaining the next round of financing within the next year,
which provides the required data on future joint investment
relationships. The dataset is divided as follows: Training set:
Companies that received their first round of financing from
October 2016 to September 2019; Validation set: Companies
that received their first round of financing from October 2019
to March 2020; Test set: Companies that received their first
round of financing from April 2020 to September 2020.

For each eligible startup company, in order to be consis-
tent with the main experiment, we randomly selected k£ = 10,
20, and 30 potential candidate investors respectively to con-
struct three independent joint investment relationship predic-
tion networks. In each network, if two investors connected
by an edge do indeed jointly invest in the company within the
next year, that edge is marked as a positive sample. Other-
wise, it is marked as a negative sample.

Since candidate investors are randomly selected, the result-
ing co-investment graphs are naturally sparse, leading to ex-
treme class imbalance in some instances. To ensure training
stability and prevent the model from collapsing into a trivial
”always-negative” predictor, we filter out networks with an
extremely low signal-to-noise ratio (positive-to-negative edge
ratio < 0.05). After this necessary preprocessing to handle
sparsity, the final dataset comprises 1,992 training networks,
247 validation networks, and 222 test networks. Crucially,
even after filtering, the average positive-to-negative ratio re-
mains low at 0.2062, preserving the challenge of identifying
sparse interaction signals while removing only the most un-
informative noise

Evaluation indicators and model performance

To quantitatively evaluate our model, we assess its classifica-
tion performance by computing the average Precision (P), av-
erage Recall (R), and average F1-score (F1) for graphs within
each test set.

To highlight the rationality of the VGAT design through
comparison, we adopted a two-layer GAT model as the base-
line model for comparison. In this baseline model: 1. Vir-
tual nodes are not introduced; 2. The embedding represen-
tation of company information is directly concatenated after
the feature vectors of each investor node. 3. The character-
istics of an edge are ultimately formed by the characteristics
of the two associated investor nodes and the concatenate of



the edge weights. In addition, the other structural designs
and loss functions of the model are consistent with those of
VGAT.

Method Precision  Recall F1
GAT 69.62 7776  73.47
VGAT 76.18 82.70 79.31

Table 4: The performance of GAT and VGAT

As shown in Table 4, VGAT demonstrates significant ad-
vantages in the joint investment relationship prediction task.
Compared with the baseline GAT model, VGAT improved by
6.56%, 4.94% and 5.84% respectively in the three indicators
of precision (76.18% vs 69.62%), recall (82.70% vs 77.76%)
and F1 value (79.31% vs 73.47%). This consistency advan-
tage validates the effectiveness of the virtual node design: by
explicitly modeling the global impact of company character-
istics on investment interaction patterns, VGAT more accu-
rately captures the collaborative behaviors among investors.

7.3 Crunchbase Public-Dataset Evaluation

Dataset. To facilitate reproducibility, we use the publicly
available Crunchbase 2013 snapshot’ containing 196,553
companies and 226,708 individuals funded between 2005—
2013. Although smaller in scale, it preserves relational
structures consistent with PitchBook.

Task and labels. We align our task formulation with the
main experiments: predicting whether a startup that receives
seed/angel funding at time ¢y will successfully raise Series A
capital within the subsequent year. The binary label is defined
as y = 1 if the next financing round occurs during the interval
[to, to+12 months], and y = 0 otherwise.

Splits. Data is partitioned strictly by time to prevent
temporal information leakage, resulting in an approximate
train:val:test ratio of 7:1:2. The dataset yields a total of
4,375 labeled samples, with the training and validation pe-
riods strictly preceding the testing window. As discussed in
the main text, given the vintage of this public dataset, we ac-
knowledge that the LLMs employed in our framework may
have been exposed to this historical data during pre-training,
making implicit data leakage unavoidable.

Training and baselines. All model components, prompts,
and evaluation protocols follow the main experiments. We
compare SimVC-CAS against the same baselines under iden-
tical metric definitions.

Results. Table 5 reports results on Crunchbase. SimVC-
CAS achieves consistent improvements over the strongest
baseline: +6.82% AP@10, +2.66% AP@30, and +1.66%
F1, matching the trends observed on PitchBook. We also
note that all models exhibit varying degrees of perfor-
mance degradation on Crunchbase compared to Pitch-
Book, likely due to the fact that this public snapshot con-
tains less comprehensive information than the proprietary
PitchBook dataset.

*https://github.com/mtwilliams/crunchbase-in-2013

Table 5: Performance on public Crunchbase data.

Method AP@10 AP@30 Precision Recall F1

BERT Fusion  25.57 25.26 23.54 48.10 31.61
SHGMNN 26.38 26.13 18.85 64.82 29.12
GST 26.54 26.32 19.64 68.45 30.48
GNN-RAG 27.12 25.26 20.88 58.34  30.70
SSFF 27.36 25.41 22.15 51.92 31.05
SimVC-CAS 34.18 28.98 24.05 54.12  33.27

7.4 Taxonomy and Classification of Decision
Revision

Task Definition

To interpret the collective dynamics within SimVC-CAS,
we analyze the rationale behind investors’ decision updates.
specifically, for every investor agent who changes their de-
cision (e.g., from “Pass” to “Invest” or vice versa) after the
interaction phase, we aim to categorize the primary driver of
this revision. This analysis provides qualitative insights into
how the simulated agents influence each other.

Category Taxonomy

We establish a taxonomy of six decision revision reasons,
grounded in classic venture capital and behavioral finance lit-
erature:

1. Information Completion: The investor revises their
decision after acquiring critical overlooked information
(e.g., market details, technical barriers) from peers. (Ba-
sis: Information Asymmetry & Social Learning)

2. Authority Influence: The investor is swayed by the op-
posing judgment of a more senior or reputable investor
(e.g., a lead investor). (Basis: Reputation Effect & Sta-
tus)

3. Consensus Pressure: The investor alters their confi-
dence upon perceiving that the majority of peers hold
a contrary opinion. (Basis: Herding Behavior)

4. Synergy Effect: The decision changes because the entry
of specific investors is expected to bring complementary
resources. (Basis: Value-Added Syndication)

5. Risk Sharing: The investor decides to invest after see-
ing others join, thereby reducing the perceived idiosyn-
cratic risk. (Basis: Risk Diversification)

6. Others: Any rationale that does not fit into the above
categories (e.g., purely random fluctuations or vague ex-
planations).

Automated Classification with GPT-4o0

To scale this analysis across all test samples, we employ
GPT-40 as an automated annotator. The model is provided
with the investor’s self-reported “Revised Reasoning” and
tasked with mapping it to one or more of the defined cate-
gories. The prompt used for this classification is presented in
Figure 6.
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[colback=gray!10, colframe=black, title=Prompt for
Decision Revision Classification] Role: You are a professional
Venture Capital Analyst.

Task: Analyze the reason why an investor changed their decision
after communicating with peers. Read the [Decision Revision
Explanation] and classify it into one or more of the following
categories:

Categories:

A. [Information Completion]: Gained overlooked key info (market,
tech, team) from peers.

B. [Authority Influence]: Influenced by senior investors or lead
investors.

C. [Consensus Pressure]: Confidence changed due to majority
opposing opinion.

D. [Synergy Effect]: Expected resource complementarity from
specific co-investors.

E. [Risk Sharing]: Perceived risk reduced due to others joining.
F. [Others]: Reasons not fitting above.

Input:

Decision Revision Explanation
: {Input_Text}

Output Requirement:

Output only the matched Category ID and Name (e.g., “A.
[Information Completion]; C. [Consensus Pressure]”).

Figure 6: The prompt used for classifying decision revision reasons.

7.5 Consistency Analysis

Unlike embedding based models, large language models may
produce different results over multiple runs. Therefore, we
analyzed the consistency of the results generated by SimVC-
CAS. We randomly select 20 startups and repeat the experi-
ment 20 times.

The experimental results are shown in Figure 7. The hori-
zontal axis represents different experimental results, the ver-
tical axis represents each start-up company, and different col-
ors reflect various scores output by the system. Overall, only
a very small number of samples showed differences in results
across different experiments, which fully demonstrates that
our model has excellent consistency performance.
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Figure 7: The consistency experiment results.

7.6 Prompt Display

As shown in Figure 8, we present the design ideas of the
prompts used in the model for initial decision-making and
interactive corrective decision-making.

Initial analysis and decision

This is your personal profile: {investor profile}.

Now it's {The time of the first round of financing for start-up}, and you will play the role of
{investor’s name}, conducting investment analysis for a start-up company and deciding wh
ether to invest in it within the next year.

Mandatory Process:

—————— Phase 1: Declaration ------

1. Self-introduction and profile-based capability assessment.

2. If lacking relevant experience: Explicitly state impact on decision validity.
------ Phase 2: Investment Analysis Framework ------

Evaluate startup risks using:

A. Team Validation. B. Company fundamental assessment. C. Industry Window Analysis
. D. Benchmarking analysis (Comparison with your past investments).

------ Phase 3: Decision Protocol ------

* Output : Binary conclusion (True/False).

« Constraints : Follow-on investment within 12 months.

Target startup’s portrait: {startup's portrait}.

Interaction and remediate decision

In addition, we will also provide you with your initial analysis and decision as well as those
of other investors for your reference.

Your last analysis and decision: {investor’s initial analysis and decision}
Other investor’s profile, analysis and decision:
[{other investor’s profile, other investor’s analysis and decision}......]

For this evaluation, you must incorporate your past decisions and other investors' choices
and the level of other investors. If your current conclusion materially differs from historical
patterns, explicitly explain newly identified risks or opportunities.

Figure 8: Prompt display

7.7 Explainability Display

As shown in the figure 9 and figure 10, we present two exam-
ple to illustrate the interpretability of the SimVC-CAS predic-
tion results. In this example, the investor first introduced him-
self, then presented his independent analysis and investment
decision, and finally, after interacting with other investors, the
investor revised his decision.



Investor: Austin Rief I
Self-introduction: I'm Austin Rief, co-founder and Chief Operating Officer of Morning Brew. My experience mainly revolves around establishing and expanding
enterprises, especially in the fields of news briefs and digital media. I have also been involved ...... I
Independent analysis and decision-making: The founding team of SciencelO includes co-founders Lara Yuan, Will Manidis and Gaurav Kaushik. Lara Yuan I
|graduated from Princeton University, which indicates that she has a strong academic background. The experiences and educational backgrounds of Will
|Manidis and Gaurav Kaushik were not elaborated, but having a co-founder with a good academic background is a positive indicator. However, due to the lack I
of detailed information about their previous entrepreneurial or industry-specific experiences, I am concerned about whether they can handle the complexity of the
medical technology field....... However, in the fierce competition, as established enterprises consolidate their positions, the window for new entrants is I
narrowing...... In my investment experience, I have collaborated with companies in the medical and technology sectors, such as Foundation Medicine, which I
focuses on cancer diagnosis. Basic medicine has become a leader in this field. When there is a suitable product market and implementation, it proves the

potential for the success of medical technology...... Based on team analysis, industry window analysis and benchmark comparison, I think investing in SciencelO is I
|a mistake. The team lacks sufficient validation in terms of experience. With the increasingly fierce market competition, enterprises must clearly define their
differentiation strategies if they want to succeed. Final investment decision: False I
Final decision after interaction: After making the initial decision, I had the opportunity to learn the views of several other investors, including Ankur Nagpal I
and Scott Belsky, who all decided to invest in SciencelO. Ankur pointed out that although the team's experience might be limited, their academic background is
very strong, and innovations in the field of medical technology often come from teams with a solid academic foundation. Scott emphasized the huge potential of I
|the biomedical data analysis market, believing that even in a highly competitive environment, companies with a clear value proposition can still gain a

considerable market share. Joshua Buckley also shared ......Through the viewpoints of other investors. I realized that I might have focused too much on the I
team's lack of experience and failed to fully consider their academic background and innovative potential. Although experience is important, in the field of

medical technology, a profound academic background and a deep understanding of problems are equally crucial. I have also rethought the essence of market I
competition. Although the medical technology field is indeed highly competitive, it is also a huge and constantly growing market with ample room to I
|accomm0date multiple successful players. SciencelO focuses on the specific field of biomedical data simplification and analysis, which gives them a clear
|p0sitioning. Furthermore, I re-examined my investment experience in the field of basic medicine. Looking back at the time when I invested in basic medicine, I
1 also faced similar challenges. However, with its powerful products and clear market strategy, it has successfully established a leading position in the market.

Final investment decision: I

Figure 9: An example demonstrating how investors make investment decisions and ultimately revise their investment decisions through
interaction with other investors.

[Start-up: First Automation - """ """ """""""""”""”"—"V—"— =~
Investor: Yoshihiko Kinoshita

Self-introduction: I am Yoshihiko Kinoshita, an executive at Skyland Ventures with a background in investment, particularly in the technology and software
|sectors. My investment experience includes various companies, such as Aidemy and Audiostock...... I
Independent analysis and decision-making: The team of First Automation includes Yuya Murakami, Masao Ito and Shun Sakurai. Although I didn't work I
directly with Yuya or Shun, Masao Ito has a reliable track record in investing in various technology companies, including Aidemy. The presence of experienced
investors can be seen as a positive signal, but the core team appears to lack substantial professional backgrounds in the fields of automation and hardware, which I
is concerning. ""First Automation" was established in 2020 and is in a relatively early stage in the automation industry. In the post-pandemic era, as enterprises
pursue efficiency improvement, the market for automated services is growing. However, the company's classification as "other hardware' may indicate that its I
|market positioning is not clear enough, which could limit its growth potential. When comparing "First Automation" with the companies I have invested in (such

|as Aidemy and Cover Corporation), I find that my successful investments are mainly concentrated in the fields of software and educational technology rather than I
hardware. For instance, Aidemy has achieved success in the field of educational software, which is quite different from the hardware automation services that I
"First Automation" focuses on. This difference in industry focus might limit the applicability of my previous investment insights to this startup. Based on the
limited experience in hardware investment, the core team's insufficient expertise in automation and hardware, and the ambiguity of the market positioning of I
|"First Automation", I initially believe that the investment decision should be negative. Final investment decision: False

Final decision after interaction: By comparing with the viewpoints of other investors, I have gained a more comprehensive perspective: Masao Ito came to the I
conclusion that investing in First Automation is definite (True), citing the existence of credible investors and the growth potential of the automation industry. I
However, he also admitted that further due diligence was needed on the core team. Shun Sakurai reached a negative (False) conclusion, emphasizing the core

team's insufficient expertise in automation and hardware fields and the specific market conditions of the automated services. The divergence in investors' I
conclusions highlights a key risk: the uncertainty surrounding the core team's capabilities and the specific market dynamics of the automation services

|industry. Although Masao Ito saw potential based on overall market growth, Shun Sakurai and I were both concerned about the team's limited professional I
background in automation hardware and unclear market positioning. This indicates that although there may be opportunities in the field of automation, the I
|executi0n risk remains high due to the team's inadequate industry-specific experience. Taking everything into consideration, my decision is consistent with Shun
Sakurai's assessment, emphasizing caution due to the team's insufficient automation hardware expertise and my limited experience in the hardware field. I
lTherefore, regarding the investment in First Automation, I maintain the final conclusion of negative (False). Final investment decision: False

— — — — — — — — — — — — — — — — — — — — —

Figure 10: An example demonstrating how investors make investment decisions and ultimately revise their investment decisions through
interaction with other investors.
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