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Abstract

Most venture capital (VC) investments fail,
while a few deliver outsized returns. Predict-
ing startup success requires synthesizing re-
lational evidence across company fundamen-
tals, investor track records, and investment net-
works through explicit reasoning, which tradi-
tional machine learning and graph neural net-
works lack. Large language models excel at
reasoning, but applying them to VC prediction
must address: selecting compact evidence sub-
graphs from large investment networks, one-
sided label noise where failures may be latent
successes, and grounding decisions in struc-
tured VC domain knowledge. We present
MIRAGE-VC, an evidence-grounded reason-
ing framework with three innovations. First,
an information-gain-driven retriever distills net-
works into compact evidence subgraphs. Sec-
ond, a dual-layer knowledge base grounds rea-
soning in VC principles. Third, a noise-aware
mechanism down-weights mislabeled negatives
via improved Positive-Unlabeled (PU) estima-
tion. MIRAGE-VC achieves +5.9% F1 and
+22.1% Precision@5 over state-of-the-art base-
lines. Expert evaluation confirms professional-
quality rationales. We further validate our ap-
proach on public data with consistent improve-
ments. Code and reasoning results available.'

1 Introduction

Venture capital (VC) investment is characterized by
extreme asymmetry: from 1985 to 2009, roughly
60% of VC-backed firms lost money, while only
10% returned over five times the initial invest-
ment (Kerr et al., 2014). This high-risk, high-
reward profile makes accurate startup success pre-
diction crucial for portfolio optimization and capi-
tal allocation.

The challenge is to synthesize relational evi-
dence across sources (Gompers et al., 2020). A typ-

1https://anonymous.4open.science/r/MIRAGE—V
C-323F

: s f
Investment|Chain ! z a Py
? (e, : [[]

o= i a { -~ - i
Yes — shares ~ i Ps 7" dn =P
and Augment ~ - : “ :
with and < Clam om L E
, signaling top- = ] ® Zx aa o
tier backing. — Retrieve \, @  EnieVCGraph !

Figure 1: Impact of selected subgraph on prediction.

ical decision integrates (i) peer-relative market po-
sitioning (Kim and Ritter, 1999), (ii) lead investors’
track record and reputation (Hsu, 2004), and (iii)
structural signals in the investment network (co-
investment patterns, coalitions) (Hochberg et al.,
2007). For WhatsApp, the subgraph “WhatsApp <
Sequoia — Google +— Kleiner Perkins — Amazon’
(Figure 1) suggests top-tier screening, adjacency to
tech giants, and strong VC coalitions that can ease
follow-on financing and strategic M&A. Turning
such heterogeneous signals into coherent, inter-
pretable theses requires explicit reasoning (Kaplan
and Stromberg, 2004).

Existing approaches fall short. Traditional meth-
ods (Arroyo et al., 2019; Bento, 2017) use iso-
lated firm features and ignore relational context.
GNNs (Lyu et al., 2025; Zhang et al., 2021) cap-
ture higher-order investor—company structure but
remain opaque without exposing reasoning, limit-
ing interpretability and making it hard to incorpo-
rate external knowledge beyond the training graph.

Large language models (LLMs) offer a natural
remedy through their strong reasoning and broad
world knowledge (Liu et al., 2023; Ko and Lee,
2024). However, LLMs face a fundamental modal-
ity mismatch when processing graph-structured
data (Wang et al., 2023): their architectures are
optimized for sequential text, not relational topolo-
gies. While recent work (Sun et al., 2023; Luo
et al., 2023) integrates LLMs with knowledge
graphs for in-graph question answering, where an-
swers lie within the graph, VC prediction is an
off-graph task: the prediction target exists outside
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the network, and the graph serves solely as retriev-
able evidence. This distinction applies to other
domains such as recommendation systems (pre-
dicting user—item affinity from interaction graphs)
and credit risk assessment (predicting default from
transaction networks). The core challenge thus be-
comes: how to select select evidence subgraphs
that maximize a predictor’s performance on an
external objective, rather than finding chains that
terminate at an in-graph answer.

Even restricting to path-based retrieval, the pri-
mary obstacle is exponential path explosion: shal-
low 1-hop neighborhoods around a target company
often lack sufficient signal (Yu et al., 2021), yet
extending to 3 or 4 hops generates thousands of
candidate paths, many redundant or weakly infor-
mative (Zhang et al., 2025). Indiscriminately feed-
ing all paths to an LLM overwhelms its context
window and dilutes attention.

A second challenge stems from incomplete out-
come tracking in private markets. Unlike public
equities, venture exits may go unrecorded through
delayed IPOs, quiet acquisitions, or sustained prof-
itability (Giot and Schwienbacher, 2007; Kaplan
and Lerner, 2016). This creates one-sided label
noise: observed successes are reliable, but ob-
served "failures” often mean "no exit yet" rather
than true failure, conflating genuine negatives with
latent successes. Standard supervised learning sys-
tematically penalizes companies with delayed ex-
its (Frénay and Verleysen, 2013; Song et al., 2022).

Beyond these technical obstacles, real-world VC
decisions require domain expertise rarely encoded
in local datasets. While our predictor observes
the target company’s profile and relational neigh-
borhood, it lacks broader knowledge such as val-
uation heuristics, stage-specific risk patterns, and
empirically grounded investment theses (MacMil-
lan et al., 1985; Gompers, 2022), risking overfitting
to idiosyncratic graph patterns.

We propose MIRAGE-VC, an evidence-
grounded reasoning framework with:
Information-gain-driven path retrieval. To
tackle path explosion, we introduce a retriever that
iteratively expands from the target company, at
each step selecting the neighbor that maximally
improves an LLM predictor’s accuracy. By aggre-
gating these high-value neighbors across multiple
steps, we extract compact subgraphs composed of
overlapping investment chains rather than isolated
paths. This selector is trained offline using task-
specific information gain signals.

Dual-layer VC domain knowledge base. To
bridge the domain expertise gap, we construct an
external retrieval corpus with (i) a theory layer dis-
tilled from authoritative books and academic stud-
ies, and (ii) a practice layer emphasizing action-
able playbooks. Retrieved passages are provided
as structured guidance alongside local evidence.
Noise-aware training with PU-based estimation.
To address one-sided label noise, we train a com-
pact manager via supervised fine-tuning followed
by noise-aware Direct Preference Optimization
(DPO) (Rafailov et al., 2023). DPO trains the
model to prefer investment rationales that led to
successful exits over those associated with failures.
However, since some observed "failures" are ac-
tually latent successes, we use Positive-Unlabeled
(PU) learning (Kiryo et al., 2017) to estimate each
negative sample’s probability of being a latent suc-
cess, and down-weight its penalty in DPO updates.

We explicitly assess the interpretability of our
generated rationales using a dual evaluation proto-
col: human VC-expert review complemented by an
LLM-based rubric. This strengthens the claim that
our method improves not only predictive accuracy
but also transparency and auditability.

Our contributions are as follows:

* We propose an information-gain-driven
method that distills VC networks into com-
pact, high-value subgraphs and integrates VC
knowledge (theory and practice), enabling
explicit, human-auditable reasoning over rela-
tional patterns and investment principles.

* We introduce a noise-aware training strat-
egy using PU-based unreliability estimation
and DPO to address one-sided label noise in
private-market outcomes.

* We achieve state-of-the-art on real-world VC
data (+5.9% F1, +22.1% Precision@5), with
consistent improvements validated on public
data. VC expert evaluation confirms our ratio-
nales achieve professional-quality investment
reasoning. Our paradigm of selecting graph
evidence by marginal utility generalizes to
other off-graph prediction tasks. We make the
code and reasoning results available.

2 Related Work
2.1 Graph-based VC Prediction

Traditional machine learning predictors rely on in-
dependent firm-level features and ignore relational



context (Arroyo et al., 2019; Bento, 2017), whereas
GNNs model investor—company graphs to capture
high-order relational signals. SHGMNN (Zhang
et al., 2021) combines predefined meta-paths,
lightweight GNNs and Markov random field in-
ference to integrate heterogeneous topologies and
propagate labels for large-scale early-stage startup
identification. GST (Lyu et al., 2025) applies unsu-
pervised graph self-attention to update a dynamic
startup-investor bipartite graph, improving node
embeddings via link prediction and node classifi-
cation to capture rich investor—company relations.
These studies demonstrate that the structural prop-
erties of VC investment networks can significantly
improve predictive accuracy. However, they remain
limited by narrow knowledge scopes, weak reason-
ing capabilities, and a lack of interpretability.

2.2 Graph-augmented LLMs

Recent systems couple LLMs with knowledge
graphs for in-graph QA—answers are entities in
graph, reached or verified via triple retrieval and
path reasoning (Sun et al., 2023; Luo et al., 2023).
While effective at fact verification, they optimize in-
graph objectives (entity/relation correctness) rather
than selecting multi-hop evidence by its marginal
utility to an external predictor. In our off-graph VC
setting, the graph serves as evidence for startup-
success prediction; what is needed is utility-aware
selection of a few high-value investment chains as
explicit evidence for prediction.

Proposed to remedy text-only RAG’s inability to
model structure and multi-hop dependencies, GNN-
RAG frameworks retrieve relevant nodes via em-
bedding similarity and inject local structural cues
before handing context to an LLM (Mavromatis
and Karypis, 2024). Yet they typically surface no
explicit reasoning paths, limiting LLMs’ strength
in stepwise, interpretable chain-of-thought reason-
ing (Wei et al., 2022) and constraining multi-hop
inference over heterogeneous investment networks.

3 Preliminary

3.1 Problem Definition

This study aims to predict the success of early-stage
startups, defined as companies that have completed
their first formal financing round (seed or angel) but
have not yet raised Series A funding (Zhang et al.,
2021). While success is often measured by the at-
tainment of Series A financing, prior studies use
varying observation windows, which can introduce

temporal bias. To mitigate this, we adopt a con-
sistent one-year observation window following the
seed round. This approach aligns with stage-based
evaluation practices and helps control for external
environmental factors (Boocock and Woods, 1997).
The core task is to predict whether a startup will
secure subsequent financing within one year of its
initial funding.

3.2 Data Overview

PitchBook. We use the PitchBook? Global VC
dataset as the main data, which spans investment ac-
tivities from 2005 to November 2023. The dataset
includes detailed investment records specifying
the invested company, investor identity, funding
amount, and financing stage. It also contains de-
mographic information on both entrepreneurs and
investors, including background, location, educa-
tion, and professional biographies. Additionally,
startup-level attributes are provided, such as team
composition, industry classification, keyword tags,
and geographic location. In total, the dataset en-
compasses 263,729 startups and 1,014,157 individ-
uals. See Appendix A.7 for details.

Crunchbase. To facilitate reproducibility, we use
the publicly available Crunchbase 2013 snapshot?
containing 196,553 companies and 226,708 individ-
uals funded between 2005-2013. Despite smaller,
it preserves the same relational structures.

3.3 VC Investment Network

We model the VC ecosystem as a time-stamped
heterogeneous information network G = (V, ),
where V = Vemp U Vipy contains company
and investor nodes. Each directed edge e =
(Viny, Vemp, t) Tepresents an investment event from
investor to company at time ¢, annotated with at-
tributes such as the financing round and investment
amount. For each company c* that completes an
angel or seed round at time ¢, we assign a binary
label y* = 1 if it secures Series A funding within
the following 12 months, and y* = 0 otherwise.

4 Methodology

4.1 Overview of Our Method

As shown in Figure 2, MIRAGE-VC centers on a
manager model that takes multi-source evidence

PitchBook is a financial data platform providing com-
prehensive information on private capital markets, including
venture capital, private equity, and M&A transactions.

3https://github.com/mtwilliams/cr‘unchbase—i
n-2013
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lead investor), augment it with dual-layer VC knowledge via RAG, and train a manager with SFT followed by

noise-aware DPO to produce the final prediction.

as input and outputs a binary investment decision
with a structured rationale memo. For each target
company, we fuse three internal evidence channels:
(i) a budgeted evidence subgraph from the VC in-
vestment network, (ii) peer-company context from
textual corpora, and (iii) a lead-investor profile
(demographics, career history, deal records). Cru-
cially, we enhance this evidence with external VC
knowledge retrieved from a two-layer VC knowl-
edge base (investment theories + best practices)
to guide the manager’s reasoning. The manager
is trained with SFT for schema-following and evi-
dence grounding, then noise-aware preference opti-
mization that down-weights potentially mislabeled
negatives via a PU-based unreliability estimator.

4.2
4.2.1 From Classic IG to Subgraph Expansion

Graph Retrieval

As shown in Figure 3, we formulate evidence re-
trieval as sequential evidence subgraph expansion.
Starting from the target node c*, at each step we
select one node from the current frontier and add it
to the selected set, inducing an incrementally grow-
ing evidence subgraph. We score each candidate
by its task-specific marginal utility, analogous to
information gain (Quinlan, 1986).

IG(A) = HY) - H(Y [4) (1)

We extend this principle to graphs by treating each
candidate node v as an “attribute” A and estimat-
ing label uncertainty using the cross-entropy of a
frozen LLM predictor.

4.2.2 LLM-generated Gain Labels

To obtain oracle supervision for the subgraph selec-
tor, we use a frozen LLM to quantify task-specific
information gain per candidate expansion. For
each target company c*, we build a breadth-first
expansion tree of depth at most three, retaining
up to three previously unseen neighbors per node.
During labeling, a retrieval state is represented
by two sets: the selected node set V) (initially
V() = {¢*}) and the frontier set F() consisting
of all 1-edge reachable nodes from V(*) that are not
yet selected. At step ¢, we sample up to three candi-
dates {v1, v, v3} € F® and additionally include
a special STOP option vg = STOP.

Prompt Construction To measure the incremen-
tal value of each candidate node v;, we gener-
ate two prompts per expansion: (i) a baseline
prompt P, that verbalizes the current selected
subgraph induced by V"), and (ii) a candidate
prompt P, that verbalizes the updated subgraph
induced by V) U {v;}. For the STOP option, we
set Py, = Phase- A frozen LLAMA-3.1-8B classi-
fier returns the success probabilities phase and py,; .
The procedure for converting causal-LM logits into
binary probabilities p is detailed in Appendix.

Task-specific Information Gain Given the gold
label y € {0,1} (1 = Success, 0 = Failure), we
define the marginal gain of including a candidate
node v; as the reduction in task loss after augment-
ing the evidence with v;:

Avi = CE(y, pbase) - CE(y, pvi) )



where ppase 18 the predicted success probability us-
ing the current evidence, and p,, is the prediction
after adding evidence associated with v;. CE de-
notes binary cross-entropy; thus A, > 0 indicates
that including v; improves prediction correctness
under the end task.

We assign the STOP option a fixed gain
Agstop = 0, which serves as a natural threshold:
the retriever continues expanding only when at least
one candidate yields a positive marginal gain, and
terminates otherwise.

Training Tuples Each training instance is a tuple
(G(t), Gg), Avi), where G() is the current evi-
dence subgraph and Gq(,ti) is the updated subgraph
after adding v; (unchanged if v; = STOP). The
selector learns to predict A,, from (G ), Gg))
Since A, is computed using gold labels for both
successes and failures, the selector is trained to
prefer expansions that reduce end-task loss under a

fixed budget.

4.2.3 Selector Training Objective

Each step ¢ of a target company contributes one
ranking group ngd = {vo=STOP,v1,v2,v3}
with associated gains A, Ay, Ay,, Ay, anno-
tated as in Eq. (2). For each candidate v € Gg;)nd,
we compute a difference feature:

Ty = [ebase || €v || (€v — €base)] € R2304 (3

where ey, and e,, are 768-dimensional sentence
embeddings extracted once by a frozen encoder.
For STOP, we set e,,, = epase, making its feature
a zero-change reference. A lightweight MLP sy :
R2304 R assigns a score to each expansion.

Listwise Objective To match the full gain pat-
tern within each group we optimize a listwise
objective. We first apply a within-group shift
ri = A, — min; Avj, which preserves order-
ing while ensuring non-negativity (r; > 0 and
argmax; r; = argmax; A, ). We then form
temperature-smoothed targets

L exp(r;/T) 4
S exn(rs/) @

exp(sg(@v,)/7)

k
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The selector aligns its scores to the oracle distribu-
tion via
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Figure 3: Illustration of how the subgraph selector re-
trieves the evidence from graph

where 7 > 0 controls target smoothness. Groups
with ). r; = 0 carry no loss and are skipped.
The final objective sums the listwise loss over all
groups:

£(0) =" Lia(GD,) (M)
t

As shown in Figure 3, at inference, the selector
greedily expands a budgeted evidence subgraph by
selecting the top-scoring frontier node or STOP.
See Appendix A.8.1 for more details.

4.2.4 Auxiliary Evidence Construction

To complement graph-derived evidence, we con-
struct two auxiliary textual views—peer-company
and lead-investor—and append their concise anal-
yses to the manager input. The peer-company view
retrieves top-k semantically similar firms (with tem-
poral leakage control) and summarizes shared pat-
terns. The lead-investor view identifies the lead
investor in the first round and summarizes pre-tg
biography and deal history. Both views are ren-
dered in the same schema and are used as additional
evidence for the manager.

4.3 External VC Knowledge Augmentation

Local evidence in the VC dataset often lacks the
VC domain knowledge needed to interpret signals.
We construct a two-layer VC knowledge base to
ground the manager’s reasoning.

VC prior knowledge can be broadly divided

into (i) stable, widely applicable principles and
(i1) action-oriented diligence heuristics (Gompers
et al., 2020). We build two corresponding layers,
curating both by topical relevance and citation fre-
quency with validation by a senior VC expert:
Layer 1: VC Theory — 15 seminal texts (avg. 503
pages, 260 citations) on investment mechanisms,
e.g., Gompers (2022) and Zider (1998).
Layer 2: VC Practice — 40 practitioner play-
books (avg. 74 pages, 560 citations) on diligence
frameworks, e.g., MacMillan et al. (1985) and
Gompers et al. (2020).



Following RAPTOR (Sarthi et al., 2024), we em-
ploy coarse-to-fine retrieval: documents are chun-
ked, embedded, and clustered with LLM-generated
summaries. At inference, we retrieve relevant clus-
ter summaries based on the query (company profile,
investor profile, network evidence), then fetch top-
n chunks and append them to the manager prompt.
Details in Appendix A.3.

4.4 Manager: Reasoning-Enhanced Predictor

We train a manager to directly output a task-aligned
decision that includes (i) a binary outcome pre-
diction and (ii) an evidence-grounded, structured
rationale. To this end, we adopt a two-stage opti-
mization recipe: supervised fine-tuning (SFT) for
schema-following, followed by a noise-aware pref-
erence optimization that explicitly accounts for one-
sided label noise via an improved PU-based unreli-
ability estimator and a weighted DPO objective.

Training Data Construction. For each company,
we form a manager input prompt x by concatenat-
ing: (i) the company profile, (ii) retrieved internal
evidence (e.g., the selected investment subgraph),
(iii) auxiliary analyses from complementary views
(e.g., peer-company and lead-investor analyses),
and (iv) optionally retrieved external VC knowl-
edge. We sample the base manager K times to
obtain candidate outputs {2;}% |, and construct
preference pairs (x, 27, 27) where 2™ is preferred
over z~ under our automatic rubric (format com-
pliance, explicit evidence referencing, and internal
consistency).

4.4.1 Stage 1: Supervised Fine-Tuning (SFT).

We first perform SFT on the manager using only the
preferred responses 2z, minimizing the standard
negative log-likelihood:

Lspr = —E(y .+ [log mp (2T | z)] @®)

SFT teaches the manager to follow the output
schema and to ground explanations in the provided
evidence.

4.4.2 Estimating Instance Unreliability.

As discussed earlier, private-market outcomes are
often incomplete, leading to one-sided noise: ob-
served positives are relatively reliable, whereas ob-
served negatives may contain latent successes. As
a result, preference pairs from observed-negative
instances can be unreliable, and applying DPO uni-
formly may overfit to such noise.

We therefore treat observed positives (yops = 1)
as reliable positives and observed negatives (yobs =
0) as unlabeled. For each observed-negative in-
stance, we estimate an unreliability score ¢(z) €
[0, 1]:

q(r) = Pr(y = 1|, yobs = 0) 9)

which reflects the likelihood that an observed nega-
tive is a latent positive given its evidence context.

Following PU learning, we first train a proba-
bilistic classifier

g(z) = Pr(s=1]x) (10)

where s = 1 denotes an observed positive and
s = 0 denotes unlabeled. Classical PU assumes
a constant propensity ¢ = Pr(s =1 | y = 1)
(SCAR), giving Pr(y = 1 | z) ~ g(z)/c. In our
setting, however, the chance that a truly successful
company is observed as success depends on in-
stance attributes and coverage, so the propensity is
better modeled as an instance-dependent function

1D

which captures how likely a true positive is
recorded as an observed positive for a specific in-
stance.

We thus estimate an effective ¢(z) and define

c(x)=Pr(s=1|y=1,x)

a() = T[yons=0] - min (1, ig) (12)
so that g(x) is only used to quantify unreliability
among observed negatives.

Estimating ¢(z). We calibrate ¢(x) using out-of-
fold predictions and a high-confidence calibration
split. Concretely, within each stratum/bucket b, we
choose a bucket-level propensity ¢, so that the im-
plied latent-success rate among observed negatives
in the high-confidence region matches the observ-
able anchor 1 — P/@\Kb (solved by a 1D search;
Appendix A.8.2). We then implement ¢(x) as a
piecewise function é(z) = Cp(s) OVer coarse in-
stance strata.

4.4.3 Stage 2: Noise-Aware DPO.

We incorporate ¢(x) into preference optimization
by down-weighting updates from potentially mis-
labeled negatives. Crucially, g(z) affects only ob-
served negatives (yobs = 0): it reduces the gradient
magnitude of their preference loss, mitigating the
influence of latent-success negatives on preference
learning.



Let w(z) € (0, 1] be an instance weight:

w(z) = max(wmin, 1 — I[yobs=0] q(x)) (13)

where wy,i, prevents vanishing gradients. Given a
preference pair (z, 2", 27) and a reference policy
Tt (initialized from the SFT policy), we optimize
the weighted DPO objective:

Tref(2T | )
Tref(27 | )

7T9(2+ | )
T2~ | z)

LNA-DPO = —E[w(ﬂﬁ) log o( 8 Ae(l’))] (15)

where 3 controls the preference optimization.

Ag(z) = log

—log (14)

5 Experiments & Results

5.1 Datasets

1. Selector training split. We train the subgraph
selector on a sampled subset of 2,000 companies
from the full VC investment graph, preserving the
overall success-to-failure ratio. We split this subset
into train/val/test by 70:15:15 with class balance.
2. Manager training/validation and final test.
We adopt a temporally ordered split with an overall
train/val/test ratio of 7:1:2 for both PitchBook and
Crunchbase, such that training/validation instances
precede the test period. For PitchBook, the dataset
contains 9,410 instances in total. For Crunchbase,
the dataset contains 4,375 instances in total.

5.2 Baselines

We compare our model with state-of-the-art base-
lines: GNN-based methods (SHGMNN, GST),
embedding-based methods (BERT Fusion), RAG-
based LLM methods (RAG, GNN-RAG), and re-
cent LLM-driven VC predictors (SSFF).
SHGMNN (Zhang et al., 2021) is a heteroge-
neous GNN baseline that aggregates the invest-
ment network via meta-paths and propagates labels
over the resulting graph to predict startup outcomes.
GST (Lyu et al., 2025) is a temporal graph base-
line that models the evolving graph of startups and
investors with unsupervised graph self attention,
refines embeddings via link prediction and node
classification losses, and feeds monthly graph snap-
shots into an LSTM to predict success BERT Fu-
sion (Maarouf et al., 2025) concatenates BERT
embeddings of each startup’s Crunchbase* self-
description with structured fundamentals and trains
*Crunchbase is a public platform providing comprehensive

data on companies, funding rounds, investors, and market
trends.

a lightweight neural classifier to predict success.
Text RAG (Lewis et al., 2020) retrieves top-k sim-
ilar company/investor documents from a local cor-
pus using a dense retriever and conditions a single
LLM on the retrieved context. SSFF (Wang et al.,
2025) is an LLM-based investment-scoring system
combining multi-agent analysis, a lightweight pre-
dictor, and an external knowledge retrieval module.
GNN-RAG (Mavromatis and Karypis, 2024) cou-
ples a deep KGQA GNN that ranks candidate nodes
and extracts shortest-path reasoning traces with an
LLM that consumes those verbalized paths, yield-
ing graph-aware RAG for KG question answering.

5.3 Evaluation Metrics

While standard binary classification metrics (pre-
cision/recall/F1) are informative, they do not di-
rectly capture the VC workflow of selecting a small
set of top candidates. We therefore report Preci-
sion@K (P@K), the fraction of successful compa-
nies among the top-K recommendations ranked by
predicted confidence, a common choice in VC pre-
diction (Sharchilev et al., 2018; Zhang et al., 2021;
Lyu et al., 2021). To measure robustness over time,
we further compute monthly Average Precision@K
(AP@K) and report its average across monthly co-
horts; higher AP@K indicates more consistent pri-
oritization of successful startups.

5.4 Parameter Settings

We fine-tune Qwen3-4B (Yang et al., 2025) as the
base model for our manager. All training runs
are conducted on 2x NVIDIA RTX 4090 GPUs
(24GB each). We use Sentence-BERT to embed
textual inputs. Additional details are provided in
the Appendix.

5.5 Model Performance

All reported metrics are averaged over five indepen-
dent runs of the LLM. Table 1 shows that MIRAGE-
VC improves AP@5, AP@10, and AP@20 by
+22.1%, +9.3%, and +0.3% (relative to the
strongest baselines), respectively—metrics that di-
rectly reflect ranking quality when only a handful
of top candidates can be pursued in practice. No-
tably, the gain is largest at small K (AP@5), in-
dicating that higher-confidence selections are sub-
stantially more accurate, which is especially valu-
able for real-world investment screening. It also
achieves a +5.9% relative gain in F1 and a +4.2%
relative gain in Precision over the best competing
methods, indicating a more accurate and reliable



Table 1: Performance comparison with baselines. All values are percentages (the "%" sign is omitted). APQK

indicates the monthly-averaged Precision @k.

Methods AP@5 AP@10 AP@20 Precision Recall F1 AUC-ROC
SHGMNN 25.41 24.56 26.22 20.65 82.37 32.97 54.1
GST 26.71 25.71 27.14 21.75 83.54 3451 55.6
BERT Fusion 24.67 26.67 25.33 23.63 2495 24.27 54.3
Text RAG 24.43 24.12 25.23 23.12 60.34 3343 56.2
SSFF 28.23 30.02 28.42 23.23 69.41 34.81 57.1
GNN-RAG 29.42 27.53 27.04 22.81 71.10 34.54 574
Ours 35.92 32.82 28.51 24.62 73.30 36.86 61.59

identification of successful outcomes. Compared to
GNN-based methods, which often trade precision
for broad structural coverage, and prior LLM/RAG
predictors, which may surface redundant evidence
and miss high-value multi-hop relations, MIRAGE-
VC better filters low-utility graph evidence and
surfaces top-performing investment candidates.

Results on the public Crunchbase data are con-
sistent: +5.5% AP@5, +1.44% F1, and +3.93%
AUC-ROC over the strongest baseline. See Ap-
pendix A.4 for details.

5.6 VC-Expert Evaluation of Rationale

We further assess interpretability with a senior VC
expert on 20 held-out companies using a blinded
pairwise comparison (Ours vs. an untrained base).
The expert assigns two binary labels: Professional
(VC-style decision quality) and No critical factual
error (no evidence-breaking issue), and selects the
overall better rationale. The expert prefers Ours in
85% of cases and rates it as Professional in 100%
(vs. 70% for the base), with no critical factual is-
sues (100% vs. 90%). These confirm our model
produces professional, factually grounded invest-
ment rationales. Details of the questionnaires and
results are in Appendix A.2.

6 Ablation Study

Table 2 summarizes the ablations. In evidence
construction, removing subgraph retrieval yields
the largest drop (AP@5: —6.82%, Precision:
—1.17%), while replacing IG with random selec-
tion also degrades performance (AP@5: —4.32%,
Precision: —0.57%); removing external VC knowl-
edge further hurts (AP@5: —2.12%, Precision:
—0.47%). For training objectives, SFT-only
underperforms preference optimization (AP@5:
—2.92%, Precision: —0.77%); DPO improves over
SFT (AP@5: +1.50%, Precision: +0.20%), and
noise-aware DPO performs best, surpassing stan-

Table 2: Ablation study (%). Absolute drops are com-
puted against the full model (SFT + noise-aware DPO).

AP@5

Ablation Precision

(1) Evidence construction

w/o Subgraph Retrieval 29.10 (J682) 23.45 (41.17)
w/0 IG Scoring (random) 31.60 (14.32) 24.05 (1057
w/o VC Knowledge 33.80 (y2.12) 24.15 (1047

(11) Training objective

SFT only 33.00 (42.92) 23.85 (1077
SFT + DPO 34.50 (y1.42) 24.05 (1057
SFT + noise-aware DPO 35.92 (1000 24.62 (10.00)

dard DPO by +1.42% AP@5 and 4-0.57% Preci-
sion.

7 Conclusion

We propose MIRAGE-VC, an evidence-grounded
reasoning framework for off-graph VC outcome
prediction. MIRAGE-VC distills large investment
networks into compact, high-utility evidence sub-
graphs via information-gain signals, and augments
reasoning with a two-layer VC knowledge base
(theory and practice) to produce explicit, human-
auditable rationales. To address one-sided label
noise in private-market outcomes, we fine-tune
a compact manager via SFT followed by noise-
aware DPO, where a PU-based unreliability es-
timator down-weights updates from likely latent-
success negatives. Evaluations on both proprietary
and public datasets demonstrate consistent state-
of-the-art performance. VC-expert review further
shows that MIRAGE-VC generates more profes-
sional and internally consistent decision rationales
than baselines. Our marginal-utility evidence se-
lection paradigm generalizes to other off-graph
prediction tasks where graphs serve as structured
evidence; we release code and model outputs to
support reproducibility.



Limitations

Geographic Coverage. Our datasets primarily in-
clude startups from the US and Europe, with lim-
ited representation from major Asian and Latin
American markets. Investment patterns, regulatory
environments, and entrepreneurial cultures vary
significantly across regions. Future work should
validate our approach on geographically diverse
datasets, particularly from China, India, and South-
east Asia, to ensure cross-market generalizability.

Ethical Considerations

Data provenance and consent. We rely exclu-
sively on publicly available and licensed (Pitch-
Book) company and investor level records, using
identifiers only for identity resolution. No human-
subject data are collected, and we do not disclose
raw documents and proprietary records.

Privacy, licensing, and compliance. All inputs
come from public or licensed fields, with strict
temporal ordering to prevent future-event leakage.
Investor demographics (e.g., education, gender)
are used solely in aggregated summaries. Users
must honor the original data licenses and must not
attempt re-identification.
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A Appendix

A.1 More Related Work

With the rise of LLMs, a variety of LLM-based
financial and VC decision-support systems have
been proposed (Liu et al., 2023; Zhang et al., 2024;
Ko and Lee, 2024). These systems typically rely
on textual and numerical features or on simulation
of real-world scenarios to improve prediction ac-
curacy. For example, SSFF (Wang et al., 2025),
SimVC-CAS (Liu et al., 2025), and FinCon (Yu
et al., 2024) systems establish analyst collaboration
mechanisms, outperforming expert teams across
multiple tasks; and StockGPT (Mai, 2024) is pre-
trained on extensive quantitative stock-market data
to autonomously learn price-movement patterns,
yielding substantial excess returns and demonstrat-
ing the promise of generative Al in complex finan-
cial decision making. However, none of these ap-
proaches directly integrate graph-structured knowl-
edge—such as investor—startup relationship net-
works—and thus they are unable to fully capture
path dependencies.

A.2 Interpretability of Manager Reasoning
Outputs

As illustrated in Figure 4, we evaluate the inter-
pretability and professionalism of the manager’s
reasoning outputs via a VC expert review on 20
held-out companies. The expert scores the quality
of the written rationale (not whether the prediction
is correct). For each company, two anonymized
outputs(from 2 models) are presented in random-
ized order, and the expert (i) labels each output and
(i1) selects an overall best one.

Base is the unmodified instruction-tuned back-
bone (Qwen3-4B-Instruct without task-specific
fine-tuning). Ours is our final manager after task-
specific training (SFT followed by our preference-
based optimization), used as the decision model in
all main experiments.

Evaluation rubric and criteria. The expert pro-
vides binary labels for each output: Professional
(whether the reasoning reads like a VC decision
memo with clear, coherent synthesis) and No
critical factual error (whether there exists any
evidence-breaking factual issue that would under-
mine credibility). In addition, the expert selects the
best overall rationale between the two outputs for
each company.
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Results and analysis. Table 3 shows that Ours
produces substantially more professional rationales
(100% vs. 70% for Base) and is preferred in the
majority of pairwise comparisons (85% vs. 15%).
This suggests that our training procedure improves
not only the stylistic polish but also the decision
coherence of the final synthesis, making the reason-
ing more consistent with how VC analysts write
internal memos. Regarding factual reliability, both
models are largely faithful to the provided evidence,
while Ours further reduces critical factual issues
(100% vs. 90%). Overall, these results support the
claim that our manager produces more interpretable
and trustworthy rationales suitable for downstream
human review and auditing.

Metric Base DPO
Professional 70.0 100.0
Best overall win 15.0 85.0
No critical factual error 90.0 100.0

Table 3: VC expert evaluation (%).

A.3 External VC Knowledge Base: Data
Sources and Curation

This appendix describes the construction of our
two-layer VC knowledge base and its curation pro-
tocol.

Two-layer organization. We structure the library
into two complementary layers: (i) VC theory,
which captures stable and broadly applicable prin-
ciples (e.g., staging, monitoring, contracting, se-
lection), and (ii) VC practice, which summarizes
operational screening and diligence heuristics (e.g.,
evaluation criteria, decision workflows, practitioner
playbooks).

Candidate sources. Candidates are collected
from two streams: (i) academic books, surveys,
and peer-reviewed papers on VC mechanisms and
outcomes; and (ii) practitioner-oriented materials
that explicitly articulate screening and diligence
processes.

Unified inclusion criterion. A document is re-
tained only if it satisfies both (a) topical relevance
to VC decision-making/mechanisms and (b) a qual-
ity threshold intended to proxy community vali-
dation. Concretely, we retain a candidate if it is
either:

e An academic source with at least 100 cita-
tions;



Task & Displayed content

Each company has two anonymized reasoning outputs (A/B). We show a lightweight, comparable view: (i) the model’s prediction for “next-round funding within
one year” and (ii) the Final synthesis paragraph (the model's consolidated causal justification).

What the expert selects

« No critical factual error? (True/False) for each output: whether there exists any evidence-breaking factual issue that would undermine credibility.
« Professional? (True/False) for each output: whether it reads like a VC decision memo (clear, coherent, decision-oriented).
« Best overall (A/B): choose which output is better in overall reasoning quality given the same company information.

Decision rule (for the “Best overall” choice)

Prefer the output that is more structured and decision-oriented, with clearer causal linkage and fewer unsupported leaps. Do not infer the hidden source; judge
only the text shown.

Example case (No.1): 462697-93

Company information (read-only)

Videra Health is a company that specializes in remote patient monitoring and pain management solutions. Founded in 2019 and based in Orem, Utah, it
operates within the Clinics/Outpatient Services industry. The company offers monitoring software aimed at improving patient care through effective
management of prescription medication and health tracking. Videra Health secured an initial investment of $3 million during its Seed Round in November 2021,
with Jeremy Andrus as a notable investor. The co-founders include Mark Newman and Brett Talbot, who hold positions as Chief Clinical Officer and Data
Security Officer, respectively. The company focuses on leveraging technology to enhance healthcare delivery and patient engagement. Further details
regarding its specific products or services are not provided.

Output A (read-only) Output B (read-only)
Next-round funding within one year? Prediction: Yes Next-round funding within one year? Prediction: No
Final synthesis: Final synthesis:
Despite modest initial funding and a competitive landscape, Despite positive sector trends and investor credibility, the
Videra Health benefits from a strong founder team, a relevant company lacks critical early-stage validation: a modest $3M
and growing market (remote patient monitoring), and a lead initial round, absence of healthcare-specific leadership, and
investor with direct experience and a proven interest in no historical success in similar ventures. VC decision-making
health tech. These signals—especially the alignment with in healthcare prioritizes domain expertise, market traction,
unmet market needs and the presence of a credible, and proven track records—factors all missing here. While the
experienced leader—outweigh concerns about capital size or sector is growing, the lack of evidence for product-market
lack of historical success. Given the structural drivers of fit or operational execution makes a positive outcome within
innovation in healthcare (e.g., digital patient engagement) one year unlikely.

and the high selectivity of healthcare VC due diligence, the
company is positioned to achieve a positive outcome within
one year through second-round financing, acquisition, or IPO. Q1: No critical factual error?

O True () False
Q1: No critical factual error?
O True () False

Q2: Professional?
O True (O False
Q2: Professional?

(O True () False
Best overall (choose one)

() Choose Output A (O Choose Output B

Optional comment

Optional: why A/B is better (key strengths/weaknesses).

Figure 4: Example of the VC expert evaluation interface and a scored case.
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* A practitioner source that is corroborated
by multiple independent VC playbooks and
frameworks (e.g., repeatedly cited or refer-
enced across distinct practitioner documents).

Layer assignment. Within the retained set, each
document is assigned to the layer that best reflects
its primary focus: theory sources emphasize gen-
eral principles and causal mechanisms, whereas
practice sources emphasize actionable screening
criteria and decision procedures.

Representative sources.

* VC theory: Optimal investment, monitor-
ing, and the staging of venture capital (Gom-
pers, 2022); How venture capital works (Zider,
1998).

e VC practice: Criteria used by venture
capitalists to evaluate new venture propos-
als MacMillan et al. (1985); How do venture
capitalists make decisions? (Gompers et al.,
2020).

A.4 Crunchbase Public-Dataset Evaluation

Dataset. We use the public Crunchbase snapshot
(2013, 196,553 companies, 226,708 investors/peo-
ple) to validate reproducibility. Following the
main setting, we construct a time-stamped investor—
company investment graph with directed edges (in-
vestor — company) annotated by investment time
(and optionally round/amount when available).

Task and labels. We adopt the same task defi-
nition as in the main experiments: given a com-
pany that completes its seed/angel (or first) financ-
ing at time %o, predict whether it will secure the
next-round funding (Series A) within 12 months.
We set y 1 if such an event occurs within
[to, to+12 months], and y = 0 otherwise.

Splits. We apply a temporally ordered split with
an overall train:val:test ratio of approximately 7:1:2.
Concretely, Crunchbase contains 4,375 labeled in-
stances in total, where train/val precede the test
period to avoid overlap.

Training and baselines. All model components,
prompts, and evaluation protocols follow the main
experiments. We compare MIRAGE-VC against
the same baselines (GNN-based, text+tabular, and
RAG-based LLM baselines) under identical metric
definitions.
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Method AP@5 F1 AUC-ROC
SHGMNN 2490 29.10 52.60
GST 26.80 30.50 54.10
BERT Fusion 25.10 31.60 55.80
Text RAG 25.80 30.60 53.50
SSFF 26.10 31.05 55.80
GNN-RAG 28.05 30.70 56.85
MIRAGE-VC (Ours) 33.54 33.04 59.73

Table 4: Performance on public Crunchbase data. Val-
ues are percentages (% omitted).

Results. Table 4 reports results on Crunchbase.
MIRAGE-VC achieves consistent improvements
over the strongest baseline: +5.5% AP@5, +1.44%
F1, and +3.93% AUC-ROC, matching the trends
observed on PitchBook.

A.5 Analysis-Agent Backbone Sensitivity

To examine how sensitive MIRAGE-VC is to the
backbone LLMs used by the three perspective
analysis agents (peer-company, lead-investor, and
graph-evidence analysts), we reran the full pipeline
while only swapping the analysis-agent backbones
among GPT-3.5-Turbo, GPT-40-mini, and Qwen-3
4B. All other components are held fixed, including
the retriever/selector, external knowledge retrieval,
and the same trained manager with an identical
memo schema. Thus, the overall input/output in-
terface remains unchanged; only the intermediate
analytical text produced by the three agents differs.

As shown in Table 5, MIRAGE-VC exhibits
limited sensitivity to the backbone LLMs used
by the three analysis agents. Across backbones,
all metrics remain within a narrow band, indicat-
ing that the downstream manager can robustly uti-
lize the agents’ intermediate analyses despite vari-
ations in generation style and capability. We ob-
serve only marginal metric-wise trade-offs: GPT-
3.5-TURBO performs best on AP@5/AP@10 and
F1, whereas GPT-40-MINI yields slight gains
on longer-horizon retrieval (AP@20) and ranking
quality (AUC-ROC). Overall, these results suggest
that MIRAGE-VC does not depend on any single
proprietary LLM for the analysis agents, and its
end-to-end performance is largely preserved under
backbone substitutions.

A.6 Explanation of low recall

As outlined in the paper and supported by prior VC
research, real-world investment scenarios prioritize
identifying the best few companies under limited
resources, making AP@k the most relevant metric
for evaluation. In this regard, our method consis-



Table 5: Sensitivity to the backbone LLMs used by the three analysis agents (peer-company, lead-investor, and

graph-evidence analysts).

Analysis-agent backbone AP@5 AP@10 AP@20 Precision Recall F1 AUC-ROC
GPT-3.5-Turbo (default) 35.92 32.82 28.51 24.62 7330 36.86 61.59
GPT-40-mini 35.63 32.52 29.40 2430 73.41 36.51 61.71
Qwen-3 4B 34.60 31.60 28.00 24.00 72.60 36.00 60.60

tently achieves significantly higher AP@k scores
than all baselines, which reflects its effectiveness
for practical application.

Regarding recall, it is important to note that the
two methods with the highest recall are early GNN-
based approaches. These methods achieve higher
recall primarily due to(potential):

¢ Over-reliance on neighborhood aggrega-
tion: These models aggregate broad neigh-
borhood information, which increases recall
but also introduces noise.

In contrast, our proposed method is designed to op-
timize the precision—-recall trade-off and achieves
the best overall performance across composite met-
rics. This aligns with the practical requirements of
scenarios like VC prediction, where precision in
selecting high-potential targets is far more critical
than simply achieving high recall.

A.7 More Details about Data
A.7.1 Data Sources and Time Filtering of data

Our entity-level documents are built by concatenat-
ing descriptive tabular fields (e.g., team members,
educational background, sector, stage, region) and
explicitly exclude outcome/status columns tied to
the prediction targets (acquisition, IPO, financing);
combined with time filtering that restricts text to
information available before the prediction cutoff,
this design minimizes label-leakage risk. As an em-
pirical check, we keyword-searched a random sam-
ple of 200 company profiles and 300 investor pro-
files for acquisition, IPO, and financing and
found no evidence of direct leakage. We will in-
clude implementation details of the document con-
struction and time-filtering procedures in the re-
vised paper.

A.7.2 Interaction Between Graph and
Auxiliary evidence Retrieval

As mentioned above, our raw data originate from
relational tables. For each entity, we build a textual
profile by concatenating salient columns, followed
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by normalization and deduplication. This yields a
corpus of entity-level documents used across mod-
ules.

Auxiliary evidence retrieval. Auxiliary evi-
dence retrieval operates directly over these con-
structed textual profiles, selecting semantically rel-
evant entities from the corpus (e.g., via dense or
keyword retrieval).

Graph evidence retrieval. From the relational
tables we induce an investment network and re-
trieve key paths based on relations (e.g., company—
investor—portfolio links). The nodes along the se-
lected paths are then mapped back to their textual
profiles, which are consumed by downstream mod-
ules.

A.8 Implementation Details

A.8.1 Graph evidence Selector

Binary probability of LLMs We follow the
mainstream likelihood-based scoring practice that
normalizes the token-level log-likelihoods of ver-
balized labels (e.g., True/False) to obtain a
Bernoulli probability, as adopted and analyzed in
recent work on zero-shot classification, calibration,
and probability-based prompt selection (Zhou et al.,
2023; Qian et al., 2025). Given a prompt P, we
verbalize labels as the strings “True” (Success) and
“False” (Failure). For a string w = (t1,...,tn),
we use the string log-likelihood

log P(w | P) = log P(t; | P,t;).
=1

Let
Lt = log P(“True”

P), Ly = log P(“False”

P)

The success probability is obtained by two-way
normalization:

elr

_ 1
elr + elr

p :U(LT—LF), U(l“):@

We only query log-probabilities for the target
strings.



Training Settings Hyperparameter is listed in
Table 7.

Evaluation and Results With the introduction
of the STOP option, the selector is evaluated not
only on within-group ranking quality but also on
its ability to decide whether to terminate. At each
step, the candidate set consists of frontier nodes
augmented with STOP, where STOP is assigned
a fixed gain of 0 and thus serves as the natural
boundary between beneficial and non-beneficial ex-
pansions. We report three complementary metrics.

NDCG @1 measures top-1 ranking quality by
normalizing the gain of the selected action against
the maximum attainable gain within the candidate
group; it assigns partial credit when the chosen
action is near-optimal and directly reflects how well
the selector prioritizes high-gain expansions.

StopHit (AllNeg) is computed on groups where
no frontier candidate yields positive gain (i.e.,
STOP is the oracle-optimal action); it measures
the selector’s ability to correctly terminate when
further expansion is unhelpful.

NonStopHit (HasPos) is computed on groups
that contain at least one positive-gain candidate; it
measures the selector’s ability to avoid premature
termination and continue exploring when beneficial
expansions exist.

A random baseline assigns i.i.d. scores sampled
from ¢(0, 1) to all actions (including STOP) and
applies the same evaluation protocol. As shown
in Table 6, the selector consistently outperforms
random across all metrics, indicating that it learns
both (i) to rank candidates by task-specific gain,
and (ii) to make appropriate termination decisions
via STOP.

A random baseline assigns i.i.d. scores sampled
from ¢(0, 1) to all actions (including STOP) and
applies the same evaluation protocol. As shown
in Table 6, the selector consistently outperforms
random across all metrics, indicating that it learns
both (i) to rank candidates by task-specific gain,
and (ii) to make appropriate termination decisions
via STOP.

Table 6: Subgraph selector performance.

Method

Random ¢/(0,1)
SUBGRAPH SELECTOR

NDCG@1 StopHit (AllNeg) NonStopHit (HasPos)

0.504 0.252 0.748
0.594 0.418 0.785
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Table 7: Hyper-parameters for the Subgraph Selector

Parameter Subgraph Selector
Text vector dimension 384

Batch size 256
Training epochs 30
Hidden width 256
Optimiser AdamW
Learning rate 3x 1074
Temperature 7 0.5

A.8.2 Improved PU Calibration for
One-Sided Noise

This appendix complements §4.4.2 by specify-
ing (i) how we implement the instance-dependent
propensity ¢(x) as a piecewise function, (ii) how
the Precision@K anchor is used for calibration, and
(ii1) the practical hyperparameters and calibration
statistics used to compute ¢(x) for weighting.

OOF scoring for stable g(z). We train a PU
classifier g(z) ~ Pr(s 1| z) (withs =1
for observed positives and s = 0 for unlabeled)
and compute out-of-fold (OOF) predictions §(x)
using 5-fold stratified splits. We use OOF scores in
calibration to reduce overfitting and avoid overly
optimistic g(x) that would destabilize g(x).

Piecewise ¢(x) over simple strata. As stated in
Eq. (11)—(12), we model the recording propensity
as instance-dependent ¢(z) = Pr(s =1 | y =
1,z). To keep calibration lightweight, we imple-
ment ¢(x) as a piecewise constant function over
coarse instance strata,

é(z) = Cpz), b(z) €{1,...,B}, (16)
where b(z) is a bucket index (e.g., sector/stage/re-
gion). Each bucket is calibrated independently on
a calibration split using the same high-confidence
anchor described below. In practice, this captures
major heterogeneity in data coverage while avoid-

ing a heavy parametric model for ¢(z).

Precision@K anchor and calibration objective.
On the calibration split, let H ;, denote the top-K
high-confidence instances within bucket b, ranked
by a fixed base score (we use the SFT manager’s
implied success probability; this calibration is done
before noise-aware DPO to avoid circularity). We
compute the observable anchor

> I[yons(z) = 1]

(17)




7 =1 — PQK, (18)

where 7, reflects the observed-negative fraction in
a region that the model considers highly likely to
be positive, and thus serves as a direct signal of
latent-success contamination among Yops = 0

We then calibrate the bucket-level propensity
¢y by a 1D search so that the implied contam-
ination among observed negatives in the same
high-confidence region matches 7, Specifically,
for a candidate ¢ € (0, 1], we compute gz(x) =
min(1, g(z)/¢) for x with yops = 0, and define the
implied contamination estimate in bucket b as

Nop = |{z € Hip : yovs(z) =0} (19)
P 1
T(C) = — Z q:(x) (20)
0,b IGHKJ;
yobs(x):()

We choose ¢, by minimizing the absolute mis-
match:

éb arg min ’I/”\b(é) — fb (21)
ce(0,1]

implemented via a coarse-to-fine grid search (de-
tails below). Finally, we set () = &(y).

¢(z) computation and stabilization. For ob-
9(z)

served negatives, we compute
22
é(x)) 2

and set ¢(x) = 0 for observed positives. To pre-
vent saturation and improve stability, we apply (i)
clipping to [0, 1], (ii) a mild shape compression on
observed negatives, ¢(z) + max(q(x),¢)?, and
(iii) a lower bound wp,, in Eq. 13.

q(x) = I[yobs = 0] ~min<1,

Hyperparameters and representative calibra-
tion statistics. We implement ¢(z) using
TF-IDF features over the manager prompt
(max_features=200K, ngram=(1,2), min_df=2) and
logistic regression (C' = 2.0, max_iter=2000), with
5-fold OOF. For stabilization we use v = 2.5 and
e = 107%; K is chosen to match the main Preci-
sion@K operating point in § Experiments. Table 8
reports representative calibration statistics from our
main setting, including proxy AUC for separating
s = 1 vs. s = 0 (sanity check) and the resulting
q(x) saturation rate on observed negatives.
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Statistic Value
#instances (n) 8,904
#observed positives / negatives 2,493/6,411
Proxy AUC for s (val) 0.629
OOF folds 5
Shape compression y 2.5
Saturation frac. Prg(z) = 1 | yobs = 0] 0.000

Table 8: Representative PU calibration statistics (main
setting).

A.9 Greedy Evidence Construction vs. Global
Optimality

Our evidence construction uses a greedy marginal-
utility criterion (information-gain style A), which
is inherently local and may not match the globally
optimal subgraph under a fixed hop/token budget.
However, the globally optimal objective here is a
combinatorial subset-selection problem: among all
feasible subgraphs within the budget, choose the
one that maximizes downstream utility. This is
closely analogous to classic influence maximiza-
tion on graphs, which is NP-hard, and thus exact
global optimization is computationally infeasible
at our graph scale (Kempe et al., 2003). There-
fore, adopting greedy marginal-gain selection is a
standard and practical approximation in large-scale
graph settings, providing an effective substitute for
intractable global-optimal selection.

A.10 Text Embedding Model Analysis

One pipeline component relies on a frozen sen-
tence encoder to obtain text representations: the
subgraph selector, where the encoder embeds the
verbalized candidate actions (baseline vs. expanded
subgraph) to form selector features. Here we an-
alyze whether swapping the encoder affects the
selector’s ranking quality. Table 9 shows that the
NDCG@1 scores are highly consistent across al-
ternative encoders, indicating that our retrieval per-
formance is not sensitive to the specific choice of
text-embedding model.

Table 9: Impact of text encoders on the SUBGRAPH
SELECTOR.

Text encoder Dim. NDCG@1
all-MiniLM-L6-v2 384 59.4
jina-embeddings-v2-base 768 59.6
eS-large-v2 1024 59.1

A.11 Resource Utilization and Latency

Our end-to-end pipeline comprises three phases: (i)
evidence construction with three GPT-3.5 API calls



per instance, (ii) oracle gain annotation with Llama-
3.1-8B and subgraph-selector training, and (iii) lo-
cal manager LLM training (SFT and noise-aware
DPO). Overall, we issued approximately ~30,000
GPT-3.5 requests (under 12,000 tokens each), pro-
cessing ~360 million tokens. Locally, we gen-
erated 16,857 gain labels with LLAMA-3.1-8B
(5,619 group expansions, all within its 8,000-token
window). Training the listwise subgraph selector
on an NVIDIA RTX 4090 (24 GB VRAM) required
only a few minutes, while training the manager
LLM with SFT and DPO took approximately ~20
GPU hours. Including hyperparameter sweeps and
auxiliary runs, the total GPU budget is on the order
of a few dozen GPU hours.

During inference, we noticed that LLM usage
is no higher than other well-known LLM-based
forecasting systems, such as SSFF and GNN-RAG.
This difference in cost is particularly insignificant
for VC investment forecasting, a non-immediate
and low-frequency task (weekly or monthly) that
differs substantially from stock price forecasting.
In our process, each prediction proceeds in two
stages: the first stage issues three API calls to
produce the multi-view analyses, and the second
stage runs a local manager LLLM to output the final
decision memo. On average, a single prediction
consumes ~ 14,100 API input tokens and takes
~ 6.5 s wall-clock end-to-end, where the local
manager introduces only minor additional latency.
This per-instance usage is operationally acceptable.
In a practical setting with 1,000 new target compa-
nies per month, the theoretical API-side inference
budget is ~ 14.1 million input tokens in total, cost-
ing roughly ~ $1.4 with GPT-40-mini (API-side
only), and requiring about ~ 1.8 h end-to-end run-
time, which is operationally acceptable.

A.12 Prompt Templates and Examples

This section provides the exact prompt templates
used by each module and one illustrative example
per template.

A.12.1 Company and Investor Basic Info Case

### Company Profile #i##
Company name : ACME Robotics
Founded year 1 2023

Headquarters : San Francisco, USA
Industry : Service Robotics
Employees : 35 (as of 2025)

Key prototype : Compact autonomous cleaning
robot for boutique hotels

Revenue status : Pre-revenue; paid pilots
scheduled Q4-2025

Funding to date : USD 3.5 M (Seed round, Jun
-2024)

Lead investors : FutureFund (Jane Doe),
SeedSpark Ventures

Company overview: ACME Robotics develops AI-
driven service robots that automate routine
cleaning tasks in hospitality and small
retail environments. The platform combines
low-cost modular hardware with on-device
perception and a subscription software stack
, aiming to deliver pay-as-you-go automation
for venues that cannot afford traditional
industrial solutions.

### Lead-Investor Profile #i##

Investor name: Jane Doe --- Partner @ FutureFund
A\
Tenure : 2016 -- present

Previous positions\\

$\bullet$ Senior Engineer, ABB Robotics (2008 --
2012)---global industrial-robotics leader
. \{COMPANY\_PROFILE\} (success)\\

$\bullet$ Investment Associate, TechEdge Capital
(2012 -- 2016)---early-stage deep-tech VC
.\{COMPANY\_PROFILE\} (success)

Focus sectors : Robotics $\bullet$ Edge AI $\
bullet$ IoT\\

Assets under mgmt: USD 1.4 B

Investment record\\

$\bullet$ RoboVac: acquired by Dyson (2021). \{
COMPANY\_PROFILE\} (success)\\

$\bullet$ MechArm: IPO (2022). \{COMPANY\
_PROFILE\} (success)\\

$\bullet$ NanoGrip: acquired by Bosch (2020). \{
COMPANY\_PROFILE\} (success)\\

$\bullet$ ServolLink: ceased operations (2019).
\{COMPANY\_PROFILE\} (failure)

Board seats : MechArm $\bullet$ FlexDroid $\
bullet$ SensorX\\

Awards : Forbes 730 Under 40 in VC''
(2023)

A.12.2 Subgraph Analyst Prompt
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Role: You are a senior venture-capital analyst
who excels at step-by-step
reasoning over investment paths to judge
whether a seed / angel-stage
start-up is likely to secure Series-A
funding within the next year.

You are given three blocks of information:

(1) High-value investment path retrieved for {
COMPANY_NAME}: {PATH_TEXT}

Company profiles appearing in the path (each
with outcome labels; True = raised Series A

within 12 months after seed/angel, False
did not):{COMPANY_PROFILES} Success/Failure
:{LABELS}

Investor profiles appearing in the path:{
INVESTOR_PROFILES}

Target company profile:{
TARGET_COMPANY_PROFILE}

Task:

(2)

(3
4




+ Analyse the evidence and predict whether {
COMPANY_NAME} will
raise a Series-A round within 12 months.

« OQutput *xexactlyx* in the format:

Prediction: True/False
Analysis: <your step-by-step reasoning>

« If evidence is insufficient, reason
cautiously but still decide.

$\bullet$ Predict whether the target will
raise a Series-A round within 12 months.

$\bullet$ Output \textbf{exactly} in the
format:

Prediction: True/False
Analysis: <your step-by-step reasoning>

$\bullet$ If evidence is insufficient, reason
cautiously but still decide.

A.12.3 Company Analyst Prompt

Role:
You are a senior venture-capital analyst who
excels at using information from
industry peers (similar companies) to judge
whether a seed/angel-stage target
will secure Series-A funding within the next
year.

You are given:

(1) Target company profile:{
TARGET_COMPANY_PROFILE}
(2) Comparable companies (each with outcome
labels; True = raised Series A

within 12 months after seed/angel, False =
did not):{COMPANY_PROFILES} Success/Failure
: {LABELS}

Task:
+ Analyse the evidence and predict whether {
COMPANY_NAME} will
raise a Series-A round within 12 months.
« Output *xexactlyx* in the format:

Prediction: True/False
Analysis: <your step-by-step reasoning>

« If evidence is insufficient, reason
cautiously but still decide.

A.12.4 Investor Analyst Prompt

Role:
You are a senior venture-capital analyst who
specialises in evaluating a
start-up's lead seed/angel investor record to
judge whether the target can
secure Series-A funding within the next year.

You are given:

(1) Target company profile:\{TARGET\_COMPANY\
_PROFILE\}

(2) Lead-investor r\'esum\'e (prior operating

roles and portfolio companies,

each annotated as success or failure---
success = the company raised Series A
within 12 months of its seed/angel round;
failure = it did not):\{INVESTOR\_PROFILE\}

Task:
$\bullet$ Analyse how the investor's past
successes and failures relate to the target
company's sector, stage, and needs.
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A.12.5 Manager Analyst Prompt

Role:
You are a senior venture-capital analyst who
excels at synthesizing other
experts' viewpoints to decide whether a seed/
angel-stage start-up will secure
Series-A funding within the next year.

You are given:

(1) Path-analyst verdict
$\bullet$ Prediction: \{PATH\_PREDICTION\}
$\bullet$ Analysis : \{PATH\_ANALYSIS\}
(2) Similar-company analyst verdict
$\bullet$ Prediction: \{SIM\_PREDICTION\}
$\bullet$ Analysis : \{SIM\_ANALYSIS\}
(3) Lead-investor analyst verdict
$\bullet$ Prediction: \{INV\_PREDICTION\}
$\bullet$ Analysis : \{INV\_ANALYSIS\}
(4) Aggregate-weight advice\\
The historical importance of the three
perspectives is
\{WEIGHTS\_VECTOR\}
(5) Target company profile\\
\{TARGET\_COMPANY\_PROFILE\}

Task:
$\bullet$ Produce a single, final prediction
on whether the target will raise a
Series-A round within 12 months.
$\bullet$ Output \textbf{exactly} in the
format:

Prediction: True/False
Analysis: <your step-by-step reasoning>

$\bullet$ If evidence is insufficient, reason
cautiously but still decide.
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