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Abstract

Large language models (LLMs) can propose
vaccine adjuvant designs with plausible
mechanistic rationales, but such outputs often
lack grounding in established immunolog-
ical knowledge. We present SAVANT, a
neuro-symbolic framework for LLM-based
adjuvant design that combines two-stage con-
strained generation with literature-grounded
verification. SAVANT first generates a natural-
language design rationale, then renders it
into an ontology-constrained domain-specific
language (DSL) using logic masks and finite-
state control. To reason under fragmented
evidence and incomplete first-principles
rules, SAVANT verifies generated designs
against literature-derived symbolic evidence
through minimal sub-theorem proof. In
expert-aligned evaluation, SAVANT shows
greater stability in stage-level rank alignment
than the strongest LLM-judge baselines, while
achieving the strongest alignment for immune-
effect support and mechanistic reasoning.
SAVANT provides graded, interpretable
assessments that distinguish supported mech-
anisms, under-supported hypotheses, and
knowledge gaps for hypothesis-driven experi-
mentation. Data and code will be released at
https://github.com/banjiuyufen/SAVANT.

1 Introduction

Vaccines are among the most effective tools for
preventing infectious disease, and adjuvants are
critical for shaping the strength, duration, and
type of vaccine-induced immunity (Coffman et al.,
2010; Reed et al., 2013; Lavelle and Mcentee,
2024; Zhao et al., 2023). Designing effective ad-
juvants, however, remains challenging. A formu-
lation must account for material properties, de-
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Figure 1: Motivation for neuro-symbolic verification in
adjuvant design.

livery context, innate immune activation, antigen
presentation, and downstream adaptive responses
(O’Hagan and Fox, 2015; Pulendran et al., 2021;
Turley and Lavelle, 2022). Although many adju-
vant mechanisms have been studied, their effects
remain context-dependent, and no complete first-
principles theory can yet reliably predict how a for-
mulation will shape immune outcomes. Evidence
is also spread across a large and diverse immunol-
ogy literature, making it difficult to judge whether
a proposed design is grounded in prior knowledge.

Recent large language models (LLMs) have
shown powerful potential for scientific design and
discovery, including chemistry, molecular design,
materials optimization, and scientific information
extraction (Boiko et al., 2023; M. Bran et al., 2024,
Reinhart and Statt, 2024; Dagdelen et al., 2024).
Yet fluent scientific rationales are not necessar-
ily evidence-grounded. LLMs may produce ex-
planations that sound plausible but are unverified
or incorrect, and hallucination remains a major
concern in knowledge-intensive scientific settings
(Farquhar et al., 2024; Manakul et al., 2023). This
issue is especially important for adjuvant design,
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https://github.com/banjiuyufen/SAVANT

where small changes in formulation, carrier mate-
rial, particle size, or immune agonist can change
both the mechanism and the expected immune out-
come. We therefore need a framework that can use
the flexibility of LLMs while grounding generated
designs in structured immunological evidence.

As shown in Figure 1, existing verification strate-
gies face a trade-off between flexibility and ground-
ing. Text-based methods, including embedding
similarity, retrieval-based citation support, and
LLM-as-Judge evaluation, are robust to lexical
variation and can compare generated rationales
with retrieved evidence (Gao et al., 2023; Zheng
et al., 2023a). However, they do not explicitly
check whether each construction choice, immune
effect, or mechanistic step is supported by immuno-
logical evidence.

Exact symbolic matching has the opposite limi-
tation. It provides explicit structure through rules,
logical forms, or knowledge bases, but is brittle to
synonymy, naming variation, numerical variation,
and missing rules. This brittleness is problematic
in adjuvant design because the evidence base is
incomplete: neither the literature nor current im-
munological theory provides a closed rule set from
which every valid design can be derived. Prior
work on fact verification and scientific claim verifi-
cation has shown the value of evidence-grounded
assessment (Thorne et al., 2018; Wadden et al.,
2020), and neuro-symbolic reasoning has shown
how neural representations can be combined with
symbolic or differentiable proof procedures (Rock-
taschel and Riedel, 2017; Manhaeve et al., 2018;
Yang et al., 2017). However, these methods do
not directly address open-ended adjuvant design,
where the system must reason over structured for-
mulations, immune effects, and mechanisms under
incomplete evidence.

We introduce SAVANT, a neuro-symbolic
framework for LLM-based adjuvant design.
It combines two-stage LLM generation with
literature-grounded verification. The LLM first
generates a free-form design rationale from the
user goal, and then renders it into an ontology-
constrained domain-specific language (DSL)
under logic masks and finite-state control. This
preserves the exploratory capacity of LLMs while
producing structured outputs that can be checked
symbolically.

SAVANT grounds the DSL into unified pred-
icates and verifies construction claims, immune-
effect claims, and mechanistic steps against sym-

bolic evidence extracted from the literature. This
setting is challenging because adjuvant first-
principle mechanisms remain only partially under-
stood, the literature is fragmented, and theorem
libraries are necessarily incomplete. SAVANT
therefore does not require a single complete proof
chain for every mechanism. Instead, it decomposes
mechanisms into minimal sub-theorems and aggre-
gates local evidence support across construction,
effect, and causal steps.

SAVANT is not intended to replace empirical
vaccine evaluation. Its goal is to generate struc-
turally valid proposals, estimate their support un-
der the current evidence base, and make unsup-
ported assumptions explicit before experimental
follow-up. Our main contributions are as follows:

* To our knowledge, we present the first neuro-
symbolic verifier for LLM-based adjuvant
design, formulating proposal assessment as
literature-grounded verification over structured
immunological predicates.

* We develop SAVANT, a framework that decom-
poses generated adjuvant proposals into con-
struction, immune-effect, and mechanism-level
proof obligations, and verifies them against a the-
orem library through structure-aware matching
and evidence aggregation.

* We enable interpretable, evidence-grounded as-
sessment of open-ended scientific designs by re-
porting proof-level support traces and localized
knowledge gaps, providing a structured alterna-
tive to global text-similarity scoring and holistic
LLM-as-Judge evaluation.

2 Related Work

2.1 Scientific Design with LLMs

LLMs have increasingly been used for scien-
tific design, including synthesis planning, tool-
augmented molecular reasoning, MOF predic-
tion and generation, and protein sequence design
(Boiko et al., 2023; M. Bran et al., 2024; Zheng
et al., 2023b; Kang and Kim, 2024; Zeinalipour
et al.,, 2024). Agentic systems further connect
LLMs with search, code execution, domain tools,
and laboratory automation, making them useful as-
sistants for complex scientific workflows (Boiko
et al., 2023; M. Bran et al., 2024).

Al-driven vaccine adjuvant design remains com-
paratively limited. Existing work mainly fo-
cuses on screening, prediction, or recommenda-
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tion over known candidates, such as machine-
learning-based adjuvanticity and toxicity assess-
ment in ADB (Natsume-Kitatani et al., 2025) and
ontology-grounded disease—adjuvant recommen-
dation in VaxjoGNN (Zheng and He, 2025). More
recently, Chen et al. (2026) introduced an open-
ended benchmark and formal framework for adju-
vant research with multimodal LLMs. These stud-
ies provide useful resources for adjuvant modeling,
but they do not directly address evidence-grounded
verification of open-ended LLM-generated adju-
vant designs.

2.2 Evidence-Grounded Neuro-Symbolic
Verification

Evidence-grounded verification evaluates whether
a claim is supported by retrieved evidence.
FEVER formulates this task as deciding whether
a textual claim is supported, refuted, or lacks suffi-
cient evidence (Thorne et al., 2018), while SciFact
extends the setting to scientific claims by retrieving
evidence-containing abstracts and rationales from
the literature (Wadden et al., 2020). These bench-
marks establish useful verification paradigms, but
they mainly operate on textual claims rather than
structured design objects with construction con-
straints, immune effects, and mechanistic chains.

Neuro-symbolic reasoning provides a comple-
mentary route by combining neural similarity with
symbolic rules or proof procedures. Neural The-
orem Provers soften symbolic unification with
differentiable matching (Rocktdschel and Riedel,
2017), Neural Logic Programming learns differ-
entiable first-order rules for knowledge-base rea-
soning (Yang et al., 2017), and DeepProbLog in-
tegrates neural predicates into probabilistic logic
programs (Manhaeve et al., 2018). These meth-
ods improve the flexibility of symbolic reason-
ing, but open-ended adjuvant design poses a dif-
ferent challenge: its mechanisms are supported by
fragmented experimental evidence, and complete
proof chains are rarely available.

3 Method

3.1 Formalizing Adjuvant Design

SAVANT first turns an adjuvant proposal into a for-
mal object whose components correspond to dis-
tinct biological claims. Following the adjuvant for-
mal framework (Chen et al., 2026), we decompose
each generated proposal into

y=(C.E,M), (D

where C contains construction claims about the
formulation, £ contains claimed immune-effect
predicates, and M contains mechanistic rationales.
This decomposition separates the composition of
the design, the immune outcome it aims to induce,
and the biological process used to justify that out-
come.

To make these claims verifiable, SAVANT rep-
resents each elementary biological statement with
a relation-role—value schema:

ST =), (2)
where f denotes the predicate functor, i.e., a design
or biological relation, r; specifies the semantic role
of an argument, and v; is the corresponding entity,
property, or value. For example, f may denote re-
lations such as DELIVER, ACTIVATE, or ENHANCE,
with roles such as agent, target, or outcome. This
representation preserves how each term is used in
the biological statement, such as a material compo-
nent, immune target, measured quantity, or experi-
mental condition.

A mechanistic rationale is represented as an or-
dered predicate chain using the DSL transition op-
erator:

p=f(ri =vi,r2 =19,..

m=pg>>p1>> -+ >>pr. 3)

Each >> denotes a literature-checkable transition
between two biological states or effects. A pro-
posal may contain multiple such chains:

M= {m®H m@ 3 4)

This chain form allows a rationale to be evaluated
both as a whole and as a set of local mechanistic
steps.

Literature evidence is formalized in the same
predicate space as a theorem library of evidence-
grounded Horn clauses:

K ={bj=p;j L1 ©)
Each element r; € K denotes a single-premise
rule with premise predicate b; and conclusion pred-
icate p;j, both of the form defined above. Here
= denotes a literature-supported causal or evi-
dential relation, rather than a strict logical im-
plication. By mapping generated proposals and
literature-derived evidence into the same symbolic
language, SAVANT turns adjuvant verification
into a comparison between structured biological
claims and structured evidence, rather than be-
tween free-form rationales and text passages. Ap-
pendix I provides end-to-end worked examples
illustrating ontology-constrained DSL rendering
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and the resulting evidence-grounded verification
traces.

3.2 Overview

As shown in Figure 2, SAVANT combines two-
stage LLM generation with neuro-symbolic veri-
fication. The LLM first generates a free-form de-
sign rationale and then renders it into an ontology-
constrained DSL. The verifier grounds the DSL
in a shared predicate space and checks construc-
tion claims, immune-effect claims, and mechanis-
tic chains against literature-derived symbolic evi-
dence using symmetric instantiation, minimal sub-
theorem proof, and evidence aggregation.

3.3 Ontology-Constrained Generation

SAVANT formulates adjuvant generation as a two-
stage procedure. The first stage produces an uncon-
strained natural-language rationale from the design
goal, allowing the LLM to explore candidate for-
mulations, immune-effect hypotheses, and mecha-
nistic explanations. The second stage uses this ra-
tionale as context and translates it into the DSL rep-
resentation introduced in Section 3.1.

Let m; and 7y denote the prompts for rationale
generation and DSL generation. Given a design
goal z, the first stage samples

z o~ Py(- | mi()), (6)

where z is a natural-language rationale. The sec-
ond stage generates a structured proposal:

y ~ PP (- | ma(x, 2)), (7

where y = (C, &, M) and O is the domain ontol-

ogy.
We represent the ontology as

0= (T,R,ATo), 8)

where 7 defines the type system, R defines ad-
missible design and biological relations, A de-
fines argument roles and value types, and I'p
denotes structural constraints over construction
claims, immune-effect claims, and mechanism
DSL chains.

During DSL generation, a finite-state controller
maintains a generation state g;. At each step, the
model selects a grammar-level action a¢, such as
filling a field, choosing a relation, or extending a
mechanism chain. The controller derives a logic
mask over ontology-compatible actions:

Et = Mask(qt, O) (9)

Let 7, = (a<¢, x, z) denote the generation context.
The masked action distribution is

Py(ag | m) = Pp(a | m)las € L), (10)

where 1[-] is the indicator function. It is then renor-
malized over valid actions:

Pg a
PO (ar | ) = —0talm)
Yawec, Pola | n)

After each action, the controller updates the gener-

ation state:

(11

qi+1 = 6(qr, ar). (12)

This design separates exploratory scientific rea-
soning from symbolic rendering: the first stage
preserves LLM flexibility, while the second pro-
duces a domain-compatible DSL object for neuro-
symbolic verification. Prompt templates and ontol-
ogy details are provided in Appendices E.1 and F.
We further conduct human validation of DSL ren-
dering, the evaluation protocol and results are pro-
vided in Appendix B.2.

3.4 Neuro-Symbolic Proof under Incomplete
Knowledge

Given a structured proposal y = (C,E, M), SA-
VANT converts its components into proof obliga-
tions. We write each obligation as

T =br = hy, (13)

where b; is an optional premise predicate and A, is
the target predicate to be supported. The theorem
library K consists of single-premise Horn clauses:

K ={b;=p;}jl1, (14)

where each rule has a premise predicate b;, and
a conclusion predicate p; in the shared predicate
space.

SAVANT constructs three types of proof obliga-
tions. Construction queries ask whether formula-
tion predicates have precedent support in the liter-
ature:

Q.(y) ={0=c|ceC}.

Immune-effect queries ask whether the claimed
immune-effect predicates are supported as effect-
side statements:

Qe(y) ={0=eleect} (16)

For these two query types, SAVANT performs
conclusion-side matching: it searches for rules in
K whose conclusion predicate p; matches c or
e, while the premise b; is not required to match
the query. Thus, construction and immune-effect

(15)
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Figure 2: Overview of SAVANT: two-stage generation followed by neuro-symbolic verification.

queries evaluate whether a predicate itself has lit-
erature support, rather than whether a causal tran-
sition is proven.

Mechanistic queries are obtained by decompos-
ing each chain in M into adjacent transitions. For
a chain

A7

each adjacent pair yields a query asking whether
the transition is supported by a rule in K:

Qn(y) = {p*) = p{” | m®) € M,
t=1,...,T }.
Unlike construction and immune-effect queries,
mechanistic queries require transition-side match-
ing: both the premise b; and conclusion p; of arule
must match the queried transition.
The full query set is therefore

Qy) = Qe(y) U Qe(y) U Qm(y). 19

Since adjuvant evidence is fragmented across em-
pirical studies, verification must handle terminol-
ogy variation and incomplete proof chains. SA-
VANT addresses this setting through two princi-
ples: minimal sub-theorem proof and symmetric
instantiation.

mk) :pék) >>p§k) >> ... >>p§f;),

(18)

Minimal sub-theorem proof. SAVANT does
not require an entire generated design or mech-
anism to be derived as a single proof. This re-
quirement is too strong for adjuvant design, where
the theorem library is incomplete, and the field

lacks a closed first-principles rule system. Instead,
SAVANT treats each construction claim, immune-
effect claim, and adjacent mechanistic transition as
a minimal sub-theorem.

For construction and immune-effect queries, the
sub-theorem is a predicate-level obligation of the
form () = h, and is evaluated by conclusion-side
matching against the theorem library. For mech-
anism chains, SAVANT decomposes each chain
m®*) € M into adjacent transitions:

B =p® S p® =1 T (0)
Each transition-level sub-theorem is evaluated by
matching both its premise and conclusion against
a single-premise rule in .

This proof strategy preserves local evidence
even when a complete reasoning chain is not fully
supported. It separates supported steps from unver-
ified ones, rather than rejecting the entire design as
a single unit. The resulting sub-theorem scores are
aggregated into stage-level scores in Section 3.5.

Symmetric instantiation. SAVANT instan-
tiates both generated proof obligations and
literature-derived rules into the same predicate
structure before matching. This is symmetric
because the same grounding function & is applied
to both sides. Matching is head-first: SAVANT
first resolves the conclusion-side functor through
exact matching, proxy functor mapping, and
semantic fallback, and then compares argument
values under aligned semantic roles. For transition
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Algorithm 1: Symmetric Instantiation

Input: Proof obligations Q(y), theorem library /C
Output: Query-level scores {p(7)}

1 foreach 7 € Q(y) do

2 7 + ®(7) R, + HeadCandidates(7.h.f, K)

p(t) <0

3 foreach r € R, do

7 <= ®(r) sp < PredMatch(7.h, 7.p) if
Sh < Anead then

5 | continue
6 if 7.0 = () then
7 | s+ sn

8 else

9

sp < PredMatch(7.b, 7.b)
s < EdgeMatch(ss, Sh, 7, 7)

10 | p(1) + max(p(7), s)

1 return {p(7)}

queries, the same procedure is also applied to the
premise side.

Here Mpeaq 1S the minimum conclusion-side
match score for candidate rules. PredMatch
first compares predicate functors and then
role-aligned argument values. For transition
queries, EdgeMatch combines premise-side and
conclusion-side predicate matches with a functor-
compatibility decay. The exact scoring form is
provided in Appendix C.

3.5 Soft Entailment and Score Aggregation

SAVANT assigns each proof obligation a contin-
uous support score rather than a binary decision.
Predicate matching follows the functor-first proce-
dure in Section 3.4. We write the predicate-level
match score as

PredMatch(p, Q) = Stype <p7 Q) : Svalue(p; Q)7 (21)
where siype compares predicate functors and syajue
measures semantic similarity between argument
values under aligned roles. For non-numerical val-
ues, Syane 18 computed by semantic matching after
normalization, and physical quantities are handled
separately by numerical-aware matching.

Numerical-aware matching is used for physical
quantities such as particle size, dose, concentra-
tion, and sequence length. After unit normaliza-
tion, let u,u’ be the normalized values and d, d’
their physical dimensions. We define:

) exp(—k|logygzq —logyg z|), dq = dy,
Snum =
€dim; dq 7é dy.
(22)

where x4, 7, are normalized numerical values,
dy,d, are physical dimensions, and the configura-
tion values are listed in Appendix C.

Let p(7) denote the support score of a proof
obligation. For construction and immune-effect
queries, SAVANT aggregates conclusion-side sup-
port as

S1 = Gpuard(Agg.cc (0 = ¢),Tlo(y)), (23)

Sy = Geff(MeaneEg p(0 = e), Spec(é’)). (24)

Here Gguara denotes conservative aggregation with
ontology-derived caps, IIn(y) denotes ontology-
prior support, and Gegr combines effect support
with effect specificity. The exact forms of Gguaa
and G are provided in Appendix C.

For mechanism chains, SAVANT aggregates lo-
cal edge scores with partial coverage. Let pgk) be
the support score of the ¢-th edge in chain m(*):

_ k
Pehin = Mean; Mean; pi”.  (25)

We also compute

C Nsup + 0.5 Nweak
edge — Tall )
a

(26)

where pgk) > Ogp is supported and 0 < pik) <

Osup is weakly supported. The Stage 3 score is
Sg =0.70 ﬁchain + 0.30 Cedge- (27)

Stage scores are mapped to the 1-5 scale with
stage-specific calibration, detailed in Appendix C.

4
(=1

Disc(.S;) (28)

Low-support proof obligations are reported as
knowledge gaps. This report separates literature-
supported components from assumptions that re-
quire further experimental validation.

4 Experiments

4.1 Theorem Library

We use the theorem library summarized in Table 1.
Detailed source statistics, stage-specific rule usage,
ontology-derived rule construction, and extraction
skill objectives are provided in Appendix A.

# Rules

3,365
1,433
1,684

6,482

Category Scope

Expert-annotated
Skill-extracted
Ontology-derived

Curated adjuvant evidence
Literature-derived mechanisms
Structured ontology fields

Total library Deduplicated Horn clauses

Table 1: Theorem library sources.
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Figure 3: Closed-world verification results. Score distributions show separation between theorem-supported and
perturbed instances, and threshold sweep shows classification metrics across operating thresholds.

4.2 Evaluation Data

We use the evaluation data summarized in Table 2.
The closed-world verification evaluates verifier be-
havior under a fixed theorem library, the chain-
ablation extension is used only for the minimal
sub-theorem ablation, and the expert-aligned set
evaluates agreement with human judgments. We
additionally conduct a stability evaluation to as-
sess whether stage-level expert alignment remains
consistent under changes in both design ques-
tions and generators. Detailed dataset construc-
tion, perturbation types, annotation protocols, and
the stability-evaluation setup are provided in Ap-
pendix B.

Dataset Total Pos. Neg.
Closed-world verification 4,413 1,840 2,573
Chain-ablation extension 600 300 300
Expert-aligned set 51 - -
Stability evaluation 60 - -

Table 2: Evaluation datasets used in our experiments.

4.3 Implementation Details

For the expert-aligned evaluation, all methods are
evaluated on the same design responses gener-
ated by GPT-40 (OpenAl), for the stability evalu-
ation, design responses are generated by Qwen3-
8B (Yang et al.,, 2025) and Kimi-k2.6 (Team
et al., 2026), with the latter also serving as an
LLM-as-Judge evaluator in the expert-aligned eval-
uation. SAVANT uses BioLORD-2023-M for
non-numerical biomedical value matching (Remy
et al., 2024). Baselines include BM25 (Robertson
and Zaragoza, 2009), sentence-embedding similar-
ity (Reimers and Gurevych, 2019), and LLM-as-
Judge evaluators including GPT-5, DeepSeek-v4-

Flash (DeepSeek-Al, 2026), DeepSeek-R1 (Guo
et al., 2025), Qwen3.5-Plus (Qwen Team, 2026),
Gemini-3-Flash-Preview (Google Al for Develop-
ers, 2025), and GLM-5.1 (GLM-5-Team et al.,
2026). Detailed RAG configurations are provided
in Appendix D. In ablations, removed verification
modules are replaced with direct embedding-style
matching over serialized predicates. Prompts are
provided in Appendix E.2.

4.4 Evaluation Metrics

For closed-world verification, we report AU-
ROC, PR-AUC, and threshold metrics at 7 €
{0.50,0.65,0.75}, with per-type score and ver-
dict diagnostics. For ablations, we report subset-
specific metrics, including AUROC, positive—
negative mean score gap, negative accuracy at
7 = 0.65, and mean score change. For expert-
aligned and stability evaluations, we report stage-
level Spearman’s p against human 1-5 scores for
construction quality, immune-effect support, and
mechanistic reasoning, the expert-aligned evalua-
tion additionally reports MAE.

4.5 Closed-World Verification Results

We first evaluate SAVANT in a closed-world veri-
fication setting, where both positive instances and
controlled perturbations are derived from the fixed
theorem library. This experiment is an internal
evaluation of the verifier and theorem library, test-
ing whether supported proof obligations receive
high scores and minimally corrupted variants are
rejected. It does not measure open-domain general-
ization, which we evaluate through expert-aligned
assessment in Section 4.7. Such controlled per-
turbation tests are commonly used in evidence
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Mechanism Ablation set Metric Full  Ablated A
Minimal sub-theorem One-bad-edge chains AUROC 1 0.9881 0.6698 —0.3184
One-bad-edge chains Pos—Neg gapt  0.1591 0.0406 —0.1184
Stage-2 endpoint cases AUROC 71 1.0000 0.7917 —0.2083
Symmetric instantiation  Effect-direction substitutions AUROC 1 0.9999 0.6141 —0.3858
Causal-direction reversals AUROC 1 0.9912 04637 —0.5275
Numerical-aware scorin Numeric perturbations NegAcc@0.651 1.0000 0.2133  —0.7867
£ Numeric perturbations Neg. mean | 0.1751  0.8128 +0.6377

Table 3: Targeted ablation results. A is Ablated minus Full. Pos—Neg gap is the mean positive—negative score
difference, larger is better. Neg. mean is the mean score of negative instances, lower is better.

verification, behavioral testing, contrast sets, and
knowledge-graph reasoning (Thorne et al., 2018;
Ribeiro et al., 2020; Gardner et al., 2020; Bordes
etal., 2013).

As shown in Figure 3, SAVANT clearly sepa-
rates theorem-supported and perturbed instances,
achieving 0.9979 AUROC and 0.9944 PR-AUC
over 4,413 binary-labeled instances. At a stricter
threshold of 7 = (.75, it obtains 0.9925 accuracy
and 0.9911 F1 while maintaining near-perfect re-
call. Full threshold and per-type diagnostics are
provided in Appendix G.

4.6 Ablation Study

We evaluate the three core mechanisms of SA-
VANT using targeted ablation subsets. Each sub-
set replaces the removed component with direct
embedding-based matching over serialized pred-
icates, with construction details provided in Ap-
pendix H. Table 3 summarizes the results.

Removing minimal sub-theorem proof weakens
discrimination on chains with local errors, sup-
porting local proof obligations rather than treat-
ing the entire chain as a single unit. Removing
symmetric instantiation hurts endpoint matching,
antonym substitutions, and causal-direction rever-
sals, showing that direct embedding over serial-
ized predicates fails to preserve predicate type, ar-
gument roles, and transition direction. Remov-
ing numerical-aware scoring causes numeric per-
turbations to receive much higher support, confirm-
ing that physical quantities require unit- and scale-
aware comparison.

4.7 Expert-Aligned Evaluation Results

We further evaluate whether automatic scores align
with expert judgments on open-ended adjuvant de-
sign responses. As shown in Table 4, SAVANT
achieves the highest rank correlations across all
three stages, with stronger alignment for immune-
effect support and mechanistic reasoning than for

construction quality. The correlations indicate
moderate absolute agreement, with expert scores
serving as an external reference rather than a
unique gold standard. Stage 1 is more sensitive
to expert-specific formulation priors because multi-
ple materials, delivery systems, preparation meth-
ods, and component combinations may be plausi-
ble. By contrast, immune-effect claims and mech-
anistic transitions are more directly tied to estab-
lished evidence and correspond more closely to the
proof obligations evaluated by SAVANT.

MAE measures proximity to the expert rating
scale rather than rank agreement. Kimi-k2.6 has
the lowest Stage 1 MAE but nearly zero rank corre-
lation, while DeepSeek-R1 shows negative or near-
zero rank correlations together with high MAE.
These results indicate that LLM judges may use the
same numeric scale differently even under a shared
rubric.

Retrieval baselines in Table 5 show weak
response-level alignment, suggesting that global
text similarity is insufficient for mechanistic as-
sessment. To control for differences in external
evidence access, we further evaluate Paper-RAG
and Evidence-RAG with GPT-5 and DeepSeek-v4-
Flash as judges. Both use the same RAG setting
and differ only in the indexed corpus. Paper-RAG
indexes 20,577 passages from 53 domain papers
and two textbooks, while Evidence-RAG addition-
ally includes 2,529 deduplicated natural-language
evidence records associated with the frozen run-
time theorem library. The judges receive the under-
lying natural-language evidence but not method-
specific symbolic representations or verification
outputs, aligning evidence access without incorpo-
rating components of SAVANT into the baselines.

As shown in Table 6, SAVANT achieves the
highest correlation in all three stages, although
the Stage 3 margin is narrow. Additional rule-
associated evidence improves some judge-stage
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Method S1p/MAE S2p/MAE S3p/MAE Method Stage 1 p Stage2 p Stage3p
SAVANT (Ours)  0.24/127 0.39/098 0.33/0.65 Paper-RAG

GPT-5 0.18/1.06 0.32/0.71  0.29/0.65 GPT-5 0.14 0.31 0.26
DeepSeek-v4-Flash  0.17/1.39  0.28/0.82 0.23/0.76 _ DeepSeek-v4-Flash  0.14 0.13 0.12
Qwen3.5-Plus 0.18/122 0.08/1.02 025/0.73  Evidence-RAG

Gemini-3-Flash 0.19/1.82 026/1.63 009/1.18  GPT-5 0.02 0.12 0.21
GLM-5.1 0.14/1.02 0.18/075 0.16/0.82  DeepSeek-v4-Flash  0.05 0.17 0.32
Kimi-k2.6 0.01/0.86 0.03/0.75 0.15/1.00

DeepSeek-R1 0127202 -0.18/1.45 -001/127 SAYANT (Ours) 0-24 0-39 0-33

Table 4: Stage-level expert alignment.

Retrieval scorer p MAE
BM25 0.08 092
Embedding similarity -0.10  0.78

Table 5: Single-score retrieval diagnostics.

combinations but does not produce consistent
gains, indicating that textual evidence access alone
does not reproduce structured verification. This
distinction is important for open-ended adjuvant
design, where a new formulation often has no com-
plete precedent and supporting evidence for con-
struction, immune effects, and mechanistic transi-
tions may come from different sources. SAVANT
maps these claims and literature evidence into a
shared predicate space and verifies local proof obli-
gations, whereas the RAG baselines judge com-
plete responses holistically from retrieved text.
This decomposition also produces proof traces that
localize supported obligations and low-support
knowledge gaps, Appendix I provides representa-
tive examples.

4.8 Stability Evaluation

We further examine whether stage-level expert
alignment remains stable when the design ques-
tions and generators change. Domain experts cre-
ated 30 additional open-ended design questions,
and Qwen3-8B and Kimi-k2.6 each generated one
response per question, yielding 60 expert-scored
responses. We use the same expert team, blinded
procedure, and three-stage rating criteria as in the
expert-aligned evaluation. The stability compari-
son includes SAVANT and the two strongest LLM-
as-Judge baselines in the expert-aligned evaluation,
GPT-5 and DeepSeek-v4-Flash.

As shown in Table 7, SAVANT exhibits the
smallest variation in stage-level rank correlations
and maintains the highest Stage 2 and Stage 3 cor-
relations across all settings. This stability is con-
sistent with the stage-wise verification design: re-
sponses from different generators are rendered into

Table 6: Stage-level expert alignment with RAG.

Method Stage 1 p Stage2 p Stage3p
GPT-4o responses (n = 51)

SAVANT 0.24 0.39 0.33
GPT-5 0.18 0.32 0.29
DeepSeek-v4-Flash 0.17 0.28 0.23
QOwen3-8B and Kimi-k2.6 responses (n = 60)
SAVANT 0.32 0.33 0.37
GPT-5 0.30 0.13 0.18
DeepSeek-v4-Flash 0.44 0.19 -0.04
Combined responses (n = 111)

SAVANT 0.27 0.37 0.42
GPT-5 0.24 0.26 0.29
DeepSeek-v4-Flash 0.36 0.24 0.06

Table 7: Stage-level stability evaluation.

a shared DSL, while immune-effect claims and
mechanism transitions are evaluated as local proof
obligations against the same theorem library. This
process reduces sensitivity to generator-specific
wording and holistic scoring. The advantage is
strongest in Stages 2 and 3 because these stages
operate on explicit immune-effect predicates and
directed mechanism edges, whereas construction
assessment allows multiple plausible formulations.

5 Conclusion

We presented SAVANT, a neuro-symbolic verifi-
cation framework for adjuvant design. SAVANT
combines two-stage generation with literature-
grounded verification, using minimal sub-theorem
proof, symmetric instantiation, and numerical-
aware matching to assess construction, immune-
effect, and mechanistic claims under incomplete
knowledge. Experiments show that SAVANT sep-
arates theorem-supported claims from controlled
perturbations, exhibits the most stable stage-level
expert alignment, and achieves the strongest align-
ment for immune-effect support and mechanistic
reasoning.

Looking forward, SAVANT can serve as a reflec-
tion module for LLMs and provide structured re-
ward for post-training toward evidence-grounded,
mechanistically interpretable generation.
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Limitations

SAVANT verifies literature support rather than em-
pirical vaccine efficacy. This is a domain-level
limitation of applying automated verification to ad-
juvant design. A high verification score indicates
that a proposal is structurally well-formed and sup-
ported by the current symbolic evidence base. It
does not imply safety, immunogenicity, manufac-
turability, or efficacy in wet-lab or clinical settings.
Experimental validation remains necessary before
drawing biological or translational conclusions.

SAVANT also depends on the coverage and qual-
ity of the theorem library. Although the library
combines expert-annotated rules, skill-extracted
rules, and ontology-derived rules, it remains in-
complete and may reflect biases in the available lit-
erature. Plausible but under-studied mechanisms
may therefore be marked as knowledge gaps. Low
support should be interpreted as insufficient evi-
dence in the current theorem library, not as evi-
dence of biological invalidity.

Our closed-world verification evaluates the in-
ternal discriminative capability of the verifier and
theorem library. Because positives and controlled
perturbations are defined against the same evi-
dence base, this setting does not measure open-
domain generalization. We complement it with
expert-aligned and stability evaluations across mul-
tiple generators, but these remain limited by sam-
ple size and the assigned expert-scoring protocol.
The observed correlations indicate moderate ab-
solute agreement rather than a unique gold stan-
dard for open-ended designs. Moreover, the stabil-
ity evaluation changes both questions and genera-
tors, measuring robustness to a combined distribu-
tion shift rather than an isolated generator effect.
Construction-quality alignment remains more sen-
sitive to expert-specific formulation priors than
the immune-effect and mechanism stages. Large-
scale crowdsourced annotation is not appropriate
because valid assessment requires specialized im-

munological expertise. Further evaluation should
cover broader design contexts and generators and
include more redundant expert scoring.

SAVANT relies on ontology-constrained DSL
rendering. Although human validation of the au-
dited subset shows high conceptual fidelity, resid-
ual errors may alter causal ordering, omit interme-
diate steps, or introduce unstated construction de-
tails. The structured DSL improves validity, re-
producibility, and proof construction, but it may
constrain designs to the current ontology, schema,
and functor set. Extending the ontology, improv-
ing rule extraction, and using verification outputs
for model reflection or post-training remain impor-
tant directions for future work.

Ethical Considerations

SAVANT is a literature-grounded verification
framework and does not establish vaccine safety,
immunogenicity, manufacturability, or clinical ef-
ficacy. Its outputs should not be interpreted as
experimental or medical recommendations. Any
practical adjuvant proposal would require expert
review, biosafety assessment, regulatory oversight,
and wet-lab validation.

Human expert evaluation is used only as an ex-
ternal reference for reliability analysis and error di-
agnosis. The expert scores are not used to train
SAVANT, tune verifier parameters, select model
outputs, or serve as an absolute source of ground
truth. Since each generated response is assigned to
one domain expert under a shared rubric, the proto-
col is closer to a realistic expert-review setting than
to a redundantly annotated agreement benchmark.

The data used in this study are derived from
public literature, ontology resources, theorem-
library construction, and model-generated design
responses. They do not involve patient-level
data, clinical samples, animal experiments, private
health information, personally identifiable informa-
tion, or sensitive user information. Human ex-
perts participate only in evaluating generated text
responses.

A key ethical risk of LLM-based design is that
fluent proposals may appear more reliable than
their evidence base. SAVANT aims to mitigate
this risk by exposing supported proof obligations
and low-support knowledge gaps. These gaps in-
dicate insufficient evidence in the current theorem
library rather than definitive biological invalidity.
The framework is intended to support expert re-
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view and evidence-grounded reasoning, not to pro-
vide actionable experimental protocols.
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Appendix Overview

This appendix provides supplementary material for
reproducibility and clarity. It is organized as fol-
lows:

* Appendix A: Theorem Library

» Appendix B: Evaluation Data

* Appendix C: Scoring Details

» Appendix D: RAG Baseline Configuration

» Appendix E: LLM Prompts

* Appendix F: Ontology and FSM

* Appendix G: Closed-World Details

» Appendix H: Ablation Study Details

» Appendix I:

Trace

Case Study and Verification

A Theorem Library Construction and
Statistics

A.1 Overview

The theorem library is the evidence base used by
SAVANT to verify generated adjuvant designs. It
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contains 6,482 deduplicated single-premise Horn
clauses, all represented in the shared predicate
space defined in Section 3.1. Each rule has the
form b; = p;, where both the premise b; and con-
clusion p; are relation—role—value predicates.

The library is constructed from three comple-
mentary sources, summarized in Table 8. Expert-
annotated rules provide curated evidence from
paper-level QA annotations and form the core sup-
port for construction and immune-effect verifica-
tion. Skill-extracted rules are produced by a GPT-
5.5 + Skills workflow to expand coverage of mecha-
nistic transitions. Ontology-derived rules are con-
verted from structured Vaccine Ontology / Vaxjo
2.0 templates (Monickaraj et al.) and provide ad-
ditional standardized background knowledge. The
following sections describe these sources, the for-
malization and normalization process, and the
stage-specific usage of the resulting rules.

A.2 Expert-Annotated Rules

The expert-annotated rules are derived from paper-
level adjuvant annotations produced by domain
experts. For each annotated paper, experts di-
rectly write structured DSL annotations covering
three components of adjuvant design: construc-
tion claims, immune-effect claims, and mechanis-
tic rationales. These annotations provide the most
curated source of evidence in the theorem library
and align with the formal decomposition y =
(C,&E, M) used by SAVANT.

We convert the expert-written DSL into the
shared predicate space. Construction and immune-
effect annotations are converted into predicate-
level support rules, while mechanistic rationales
are decomposed into local transition rules. After
normalization and deduplication, this source con-
tributes 3,365 single-premise Horn clauses. The
expert-annotated rules form the core evidence base
for Stage 1 and Stage 2, and also provide mecha-
nism rules used in Stage 3.

A.3 Skill-Extracted Rules

The skill-extracted rules are used to expand the
mechanism coverage of the theorem library,
especially for Stage 3 verification. We use a Codex
GPT-5.5 + Skills workflow with two extraction
skills: immunology-mechanism-extractor
for immune-core mechanism transitions, and
adjuvant-immune-bridge-extractor for
bridge rules connecting adjuvant materials, prop-
erties, or delivery features to immune mechanism

nodes. These rules are extracted from literature
evidence only, expert scores and evaluation labels
are never used to select or validate extracted rules.

The extraction workflow first produces complete
source-grounded DSL chains, rather than directly
writing isolated theorem edges. Adjacent steps in
each accepted chain are then lowered into atomic
single-premise Horn clauses of the form b; = p;.
Non-adjacent multi-hop paths are stored only as de-
rived sidecar indexes and are not treated as atomic
theorem rules. This design preserves mechanism
directionality while keeping the final theorem li-
brary compatible with the single-premise proof for-
mat used by SAVANT. Together, the two skill li-
braries contribute 1,433 accepted rules to the theo-
rem library.

Implementation skill:
immunology-mechanism-extractor

Objective: Extract immune-mechanism event chains
from literature evidence and lower adjacent mechanism
steps into verifiable single-premise Horn clauses.

Scope: Immune-core pathway and mechanism transi-
tions. This skill excludes construction and formulation-
entry predicates.

Input evidence: Paper title, PMID, DOI, source path,
abstract, section text, textbook or review evidence, open-
access PDF text, PubMed/PMC or journal-page evidence,
keyword-centered PDF snippets, and checked paper-level
mechanism-chain records.

Intermediate output: A source-grounded DSL chain
with ordered mechanism events, source metadata, evi-
dence level, evidence text, confidence, confidence basis,
check status, and candidate atomic edges.

Final output: Adjacent DSL edges lowered into single-
premise Horn clauses with premise predicate, conclusion
predicate, evidence text, source identifier, confidence,
library scope, plugin identifier, and step index.

Implementation skill:
adjuvant-immune-bridge-extractor

Objective: Extract bridge chains that connect adjuvant
materials, properties, or delivery features to the first
immune mechanism node.

Scope: Adjuvant-to-mechanism entry rules. This skill
focuses on property, material, or delivery-feature bridges
rather than raw composition facts.

Input evidence: The same source-grounded literature
inputs used for mechanism extraction, including paper
metadata, abstracts, sections, PDF snippets, journal
pages, PubMed/PMC evidence, and curated mechanism-
chain records.

Intermediate output: A source-grounded adjuvant-
bridge DSL chain with evidence metadata, confidence
basis, and atomic edge candidates.

Final output: Adjacent bridge steps lowered into single-
premise Horn clauses with source traceability, evidence
text, confidence, library scope, and step index.

Each accepted rule must contain source trace-
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Role in theorem library

Curated evidence for construction, immune-
effect, and mechanism rules

Additional mechanistic transition rules for ex-
panding Stage 3 coverage

Standardized background rules derived from
ontology fields rather than free-text extraction

Source # Rules  Source scale

Expert-annotated 3,365 51 paper-level QA annotations, 49 traceable
paper IDs in the final rule library

Skill-extracted 1,433  GPT-5.5 + Skills extraction over 94 unique lit-
erature or section sources

Ontology-derived 1,684  Curated Vaccine Ontology / Vaxjo 2.0 struc-
tured templates (Monickaraj et al.)

Total 6,482 -

Deduplicated single-premise Horn clauses in
the shared predicate space

Table 8: Source composition of the SAVANT theorem library.

Extraction library Input chains Atomic edges Duplicates removed Accepted rules Sources
General mechanism 374 1,222 53 1,169 69
Adjuvant bridge 57 277 13 264 28
Merged skill-extracted rules 431 1,499 66 1,433 94

Table 9: Statistics of skill-extracted rules. The two skill libraries together produce the 1,433 skill-extracted rules
reported in the main theorem library. The merged source count is 94 because the two libraries share three overlap-

ping sources.

ability, evidence text, confidence, confidence ba-
sis, and a valid relation—role—value predicate rep-
resentation. External search is used only to clarify
or corroborate a mechanism when local evidence
is incomplete or ambiguous, it is not used to in-
vent unverified rules. Model memory or general
common sense cannot replace source-grounded ev-
idence. If a rule depends on multiple evidence
pieces, the supporting sources must be recorded
in the confidence basis, and the rule is marked as
context-limited when appropriate.

We apply automatic validation after extraction
and lowering. The checks include JSON/JSONL
schema validation, DSL parsing, single-premise
validation, source traceability, required evidence
text, confidence range checking, evidence-level
checking, check-status validation, functor nor-
malization with a controlled functor set, target-
granularity checking, scope checking, adjacent-
edge validation, derived-path validation, and dupli-
cate removal. The final validated outputs contain
1,169 accepted general-mechanism rules and 264
accepted adjuvant-bridge rules.

A.4 Manual Spot Check

We further conduct a manual spot check to char-
acterize the quality of skill-extracted rules after
automatic validation, lowering, and duplicate re-
moval. This check serves as an external audit of
the validated skill-extracted rule pool and is not
used for rule construction, theorem-library filter-

ing, or downstream experimental evaluation. As
shown in Table 10, one vaccine-adjuvant expert re-
viewed a random sample of 112 skill-extracted the-
orem rules.

The expert found no systematic correctness is-
sues in the sampled rules. Only one theorem rule
was judged factually incorrect. The remaining
comments mainly concerned rule specificity and
predicate wording. Three rules were considered
to have limited informational value because they
expressed overly broad relations, such as generic
statements that an adjuvant activates immunity
without specifying an intermediate mechanism or
terminal endpoint. Thirteen rules were judged to
use less standard predicate wording, for example,
using a generic causal functor where a more spe-
cific immunological functor would better match
the intended relation. Overall, this spot check sup-
ports the reliability of the skill-extraction workflow
for producing usable mechanistic rules after auto-
matic validation, while indicating that residual is-
sues primarily involve informativeness and surface
formalization rather than broad biological correct-
ness.

A.5 Ontology-Derived Rules

The ontology-derived rules are converted from
the structured Vaccine Ontology / Vaxjo 2.0
template vaccine_adjuvant.csv (Monickaraj
etal.). These rules use only curated ontology fields.
Free-text Vaxjo-LLM mechanism summaries are
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Spot-check item Count  Share
Sampled rules for expert review 112 100.0%
Factually incorrect 1 0.9%
Limited informativeness 3 2.7%
Non-standard functor wording 13 11.6%

Table 10: Manual spot check of skill-extracted theo-
rem rules after automatic validation and duplicate re-
moval. The issue categories summarize expert com-
ments over 112 randomly sampled rules and are not
used for theorem-library filtering.

excluded from the formal theorem library.

Only three rule types are generated, as shown in
Table 12. All final rules are single-premise Horn
clauses and contain no co-conditions.

The ontology-derived rules are used only in
the Stage 3 effective library, even when their
source_type is immune_effect. They are not
used for Stage 1 construction validation or Stage 2
immune-effect scoring.

We apply field filtering, normalization, dedupli-
cation, and traceability checks before rule construc-
tion. The main checks are summarized in Table 14.
Here, source IDs refer to deduplicated paper_id
values recorded in the final Horn rules, whereas
processed ontology records refer to VO/Vaxjo en-
tries.

A.6 Deduplication and Rule Normalization

Deduplication is performed at the structured rule
level, rather than by embedding similarity or se-
mantic clustering. The general principle is to first
normalize each extracted or converted candidate
into a canonical DSL or predicate rule, and then
remove duplicates using deterministic canonical
keys. This makes the process reproducible and
avoids merging rules that are semantically related
but differ in direction, condition, conclusion, role,
or normalized value.

For skill-extracted rules, the deduplication unit
is an atomic single-step Horn rule. Each extracted
mechanism chain is first lowered into adjacent DSL
edges, and each edge is normalized into a canonical
form. The deduplication key is the canonical edge
DSL:

keygqn = CanonicalEdgeDSL(b; = p;). (29)

If two candidates normalize to the same edge, only
one rule is retained. When duplicate candidates
are supported by different evidence, the retained
rule keeps the preferred evidence record, prior-

itizing higher-confidence support and preserving
traceability where available. Rules that are only se-
mantically similar are not merged unless they map
to the same canonical edge.

For ontology-derived rules, the deduplication
unit is the normalized structured relation produced
after field conversion. Deduplication is not per-
formed by ontology term ID or source ID. Instead,
each rule candidate is normalized into one of three
relation keys:

(component_profile, ¢, u),

(component_receptor, ¢, ), (30)

(receptor_profile, r, u),
where c is the normalized component or adjuvant
alias, r is the normalized receptor value, and u is
the normalized immune-profile value. The corre-
sponding deduplication key is:
key, o = (relation_type,

€1V

condition_value, effect_value).

Aliases are retained as separate matching entries
when they produce distinct normalized component
values. If repeated aliases or repeated structured
fields yield the same normalized triple, only one
theorem rule is retained.

Across sources, we do not perform embedding-
level or manually judged semantic merging. Skill-
extracted rules are deduplicated within their canon-
ical DSL-edge space, while ontology-derived rules
are deduplicated within their normalized relation-
triple space. During final library assembly, rules
that map to the same canonical structure are
merged, rules that are merely semantically close
but differ structurally are retained as separate ev-
idence. This conservative deduplication strategy
preserves directionality, role structure, and source
traceability.

A.7 Stage-Specific Rule Usage

Stage-effective rule sets are usage-specific subsets
or expansions of the theorem library, rather than a
disjoint partition of all source-level rules. Table 17
summarizes which rule sources are used by each
verification stage.

The expert-annotated source contains 3,365
rules in total. Of these, 445 are used in Stage 1
and 2,581 are used in Stage 2, the remaining 339
expert-annotated rules are retained in the theorem
library but are outside the Stage 1/2 effective sub-
sets.
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Field Used for rules  Usage

LABEL Yes Canonical adjuvant/component concept
alternative label Yes Alias expansion for component matching
definition Yes Stored as evidence_text

definition source Yes Stored as paper_id for traceability

target receptor Yes Generates component—receptor rules
induces immune profile Yes Generates component—profile rules

ID Indirect Retained as processed ontology entry ID
Parent, Comment No theorem rule Retained only in processed ontology metadata
derives from, equivalent axioms No Not promoted into theorem rules
Editor/tracker fields No Not used for theorem construction

Table 11: Structured Vaxjo/VO fields used for ontology-derived rule construction.

Rule type Count Predicate form Source fields

Component—profile 1,018 CoNTAINS = ENHANCE LABEL/alternative label + induces immune profile
Component-receptor 622 CONTAINS = ACTIVATE LABEL/alternative label + target receptor
Receptor—profile derived 44 ACTIVATE = ENHANCE  Structured co-annotation of target receptor and induces

immune profile

Total 1,684 — -

Table 12: Ontology-derived rule types. The receptor—profile rules are derived from structured co-annotation, not
from free-text inference.

Formal library Total rules Vaxjo/VO rules Usage

Stage 1 effective 445 0 Construction validation

Stage 2 effective 2,581 0 immune-effect scoring

Stage 1/2 runtime 3,365 0 Expert-annotated construction and effect rules
Stage 3 effective 5,698 1,684 Expanded mechanism/effect reasoning

Table 13: Stage-specific usage of ontology-derived Vaxjo/VO rules.

Quality-control item Result  Notes

Processed ontology records 645  Unique processed VO/Vaxjo ontology entry IDs

Records with target receptor 209  Eligible for component-receptor rules

Records with immune profile 437  Eligible for component—profile rules

Final ontology-derived rules 1,684  Converted structured-field Horn rules

Unique rule IDs 1,684  No duplicate final rule IDs

Single-premise rules 1,684 /1,684  Exactly one condition per rule

Co-condition rules 0/1,684 No co-conditions in final rules

Unique source IDs 339  Deduplicated paper_id values in final rules, not rule counts

Table 14: Quality-control statistics for ontology-derived rules.

Extraction library = Atomic edges Unique rules Removed Deduplication key

General mechanism 1,222 1,169 53  Canonical adjacent mechanism edge
Adjuvant bridge 277 264 13 Canonical adjacent bridge edge
Total 1,499 1,433 66  Exact canonical DSL edge

Table 15: Deduplication statistics for skill-extracted rules. Deduplication is exact over canonical DSL edges, not
based on embedding similarity.
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Ontology-derived rule type # Rules Deduplication key Notes

Component—profile 1,018  (component_profile, ¢, u) Component or alias mapped to immune
profile

Component-receptor 622  (component_receptor, ¢, T) Component or alias mapped to receptor

Receptor—profile derived 44 (receptor_profile, r, u) Derived from structured co-annotation

Total 1,684 Normalized relation triple 339 unique source IDs retained for trace-
ability

Table 16: Deduplication structure for ontology-derived rules. Source IDs are retained for traceability but are not

used as deduplication keys.

Rule source # Rules Usage
Stage 1: Construction validation
Expert-annotated construction rules 445  Conclusion-side support for construction predicates
Stage 2: immune-effect scoring
Expert-annotated immune-effect rules 2,581  Conclusion-side support for immune-effect predicates
Stage 3: Mechanistic proof
Expert-annotated immune-effect rules 2,581  Effect-side and mechanism-related expert evidence
Skill-extracted rules 1,433 Mechanism and bridge transitions extracted from literature evidence
Ontology-derived rules 1,684  Structured VO/Vaxjo-derived for mechanism/effect reasoning
Stage 3 effective total 5,698 Expanded rule set for mechanistic proof

Table 17: Stage-specific theorem-library usage.

Stage 1 and Stage 2 use expert-annotated subsets, while Stage 3

expands coverage by combining expert-annotated, skill-extracted, and ontology-derived rules.
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B Evaluation Data Construction

B.1 Overview

This appendix details the construction and qual-
ity control of the evaluation data used in our ex-
periments. We use three evaluation datasets, con-
duct an additional stability evaluation, and per-
form a human audit of ontology-constrained DSL
rendering. The closed-world verification evalu-
ates whether the verifier can distinguish theorem-
supported claims from controlled perturbations un-
der a fixed theorem library. The chain-ablation ex-
tension is a separate diagnostic set used only for the
minimal sub-theorem ablation. The expert-aligned
set evaluates agreement with human and LLM-
based judgments on open-ended design responses.
The stability evaluation examines whether expert
alignment remains consistent under changes in de-
sign questions and generators. The human audit
evaluates whether the structured DSL outputs faith-
fully preserve the corresponding natural-language
design responses.

The following sections describe how closed-
world positives and negatives are constructed,
how the chain-ablation extension is generated,
how the expert-aligned set and stability-evaluation
responses are constructed and annotated, how
ontology-constrained DSL rendering is evalu-
ated through human audit, and how quality-

control checks are applied to ensure label validity,
parseability, and the absence of positive—negative
conflicts.

B.2 Human Validation of DSL Rendering

Faithful ontology-constrained DSL rendering is a
prerequisite for downstream verification because
SAVANT verifies the structured DSL outputs
rather than the free-form natural-language design
responses. We therefore conduct a manual audit of
the DSL outputs for 25 of the 51 GPT-40-generated
responses in the expert-aligned set. The adjudicat-
ing lead of the domain-expert team performed the
audit.

Rather than assigning a single correctness la-
bel to each complete response, the audit evaluates
atomic rendering units. These units consist of con-
struction field—value pairs, terminal immune-effect
claims, and directed mechanism edges. Each unit
is assigned one of three fidelity labels: consistent,
indicating that it faithfully matches the natural-
language response, conceptually consistent but
could be more specific, indicating that it preserves
the intended concept but loses or generalizes some
detail, or inconsistent, indicating that it introduces
a clearly unsupported or contradictory interpreta-
tion.

As shown in Table 18, 1,089 of the 1,119 au-
dited units (97.32%) faithfully match the source
responses. A further 18 units (1.61%) are concep-
tually consistent but could be more specific. To-
gether, these categories account for 1,107 units
(98.93%) that are acceptable at the conceptual
level. Only 12 units (1.07%) are inconsistent, and
all 113 terminal immune-effect claims are fully
consistent.

Most units that are not fully consistent occur
in mechanism rendering, particularly when paral-
lel relations are serialized as a causal sequence or
an intermediate mechanistic step is omitted. The
construction inconsistencies mainly involve prepa-
ration information that is not explicitly stated in the
source response. Within the audited subset, these
results indicate that the downstream verifier gen-
erally operates on semantically faithful structured
inputs, while also identifying residual rendering er-
rors that should not be ignored.

B.3 Closed-World Verification Construction

The closed-world verification is constructed from
the fixed theorem library and contains 4,413
binary-labeled instances. Positive instances are de-
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Unit type Total Consistent Conceptually consistent Inconsistent
Construction fields 764 752 5 7
Immune-effect claims 113 113 0 0
Mechanism edges 242 224 13 5
Total 1,119 1,089 18 12

Table 18: Human validation of DSL rendering.

rived from theorem-supported construction claims,
immune-effect claims, atomic mechanism transi-
tions, and true synonym variants. Negative in-
stances are generated by controlled perturbations
of theorem-derived claims. This setting evalu-
ates whether the verifier can distinguish supported
proof obligations from corrupted variants within
the available evidence base.

The negative categories target different verifier
failures. In particular, n_invalid_value tests
rejection of out-of-distribution values, whereas
n_semantic tests harder in-domain non-edges
whose values are type-compatible but unsupported.
The synonym positives are DSL/functor-level vari-
ants rather than natural-language paraphrases.

B.4 Chain-Ablation Extension

The chain-ablation extension is a separate diagnos-
tic set used only for the minimal sub-theorem ab-
lation. It contains 600 two-hop mechanism chains,
with 300 positives and 300 negatives. We keep this
extension separate from the closed-world verifica-
tion because it is designed to test a specific failure
mode: whether the verifier can detect a local mech-
anistic error inside an otherwise plausible chain.

The negative chains are not randomly gener-
ated invalid chains. Each negative consists of
a valid first edge followed by an invalid second
edge, where the corrupted value is sampled from
a compatible value pool but does not form a sup-
ported Stage 3 edge. This construction directly
tests whether a minimal sub-theorem proof can
identify local failures instead of assigning support
to the chain as a whole.

B.5 Expert-Aligned Evaluation and Stability
Evaluation Set

The expert-aligned set contains 51 question-
defined design contexts derived from expert-
curated QA annotations over 51 papers. For each
context, GPT-40 generated a natural-language ad-
juvant design response. Human experts scored
this generated response, not the original paper-
derived reference answer. The reference answer

was used only by retrieval baselines, where BM25
and embedding similarity compared the generated
response against the corresponding human refer-
ence answer. For the stability evaluation, domain
experts created 30 additional open-ended design
questions, and Qwen3-8B and Kimi-k2.6 each gen-
erated one response per question.

Expert Scoring Protocol

Input. Each annotator receives a question-defined ad-
juvant design context and the corresponding natural-
language design response.

Scored object. Annotators score the generated response.
The paper-derived human reference answer is not shown
as the target to be scored and is used only for retrieval-
baseline similarity evaluation.

Scale. Each dimension is scored on a 1-5 scale, where 1
indicates severe inconsistency or unsupported reasoning,
and 5 indicates strong consistency with domain knowl-
edge and available evidence.

Stage 1: Construction quality. Annotators check
whether the response clearly specifies the adjuvant type,
major components, key physicochemical properties, and
technically feasible preparation details. They also check
whether the response contains implausible materials, hal-
lucinated parameters, or construction details inconsistent
with known vaccine-adjuvant practice.

Stage 2: Immune-effect support. Annotators check
whether the response states concrete immune outcomes
rather than vague immune enhancement. They assess
whether the claimed effects are consistent with the de-
sign context, adjuvant type, and delivery setting, and
whether the response avoids overclaiming unsupported
effect strength or numerical outcomes.

Stage 3: Mechanistic reasoning. Annotators check
whether the response provides a coherent causal chain
from construction choices to intermediate immune mech-
anisms and terminal immune effects. They penalize
unsupported jumps, causal reversals, missing interme-
diate steps, or mechanisms that contradict established
immunological knowledge.

Output. Each annotation contains three numerical
scores, one for each stage, together with optional notes.

Five annotators with vaccine-adjuvant expertise
participated in the human evaluation as compen-
sated expert evaluators, including two PhD-level
and three master’s-level annotators. They were
compensated for their time spent scoring the gen-
erated responses. Before formal scoring, all an-
notators received the same rubric and calibration
instructions. We conducted a pre-annotation cal-
ibration exercise with redundant scoring on 10
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Type N Label Construction procedure

p_property 270 Pos. Property bundles from Stage 1 construction or antigen-construction rules, including
fields such as type, size, method, and components.

p_stage2 400 Pos. immune-effect predicates from the conclusion side of Stage 2 rules.

p_mechanism 400 Pos. Atomic Stage 3 transitions b; = p;, sampled from causal-chain and immune-effect
rules.

p_synonym 770 Pos. True functor-level synonym variants from the Stage 3 runtime synonym closure, with
values unchanged.

n_property 540 Neg.  Stage 1 property bundles with one field value replaced by an invalid anchored value
outside the allowed Stage 1 value set.

n_invalid_value 500 Neg.  Stage 3 samples with one condition-side or effect-side value replaced by an out-of-
distribution value.

n_stage2 400 Neg.  immune-effect negatives with the effect functor preserved and the target value replaced
by an invalid value.

n_semantic 500 Neg.  In-domain hard negatives sampled from the same source type, side, functor, and role
value pool, but unsupported in the closed-world graph.

n_numeric 75 Neg.  Single-side numerical perturbations, including unit-scale changes and cross-
dimensional replacements.

n_antonym 100 Neg.  Polarity negatives created by replacing the effect functor with an opposite-polarity func-
tor.

n_causal 400 Neg.  Directionality negatives created by reversing a supported edge when the reversed edge

is not in the positive closure.
Pseudo-synonym negatives where the effect functor is replaced by a surface-similar but
unsupported non-synonym.

n_pseudo_synonym 58 Neg.

Total 4,413 - 1,840 positives and 2,573 negatives.

Table 19: Closed-world verification construction. Positive instances are theorem-supported claims or true synonym
variants, negative instances are controlled perturbations.

Type N Label Construction procedure

p_chain_all_edges 300 Pos. Two-hop Stage 3 mechanism chains where both atomic edges are supported by the
theorem library.

n_chain_one_bad_edge 300 Neg. One-bad-edge chains where the first edge is supported and the second edge is corrupted

by replacing the effect-side value with a typed in-domain non-edge.

Table 20: Chain-ablation extension used only for the minimal sub-theorem ablation.

held-out examples to assess whether the rubric
supports consistent expert judgment. As shown
in Table 21, calibration agreement was strong for
Stage 1, moderate for Stage 2, and moderate-to-
substantial for Stage 3. Although exact agree-
ment was lower for the more judgment-intensive
immune-effect and mechanistic-reasoning stages,
within-one agreement remained very high across
all stages, indicating that most disagreements were
minor adjacent-score differences rather than large
rating conflicts.

After calibration, the 51 expert-aligned and 60
stability evaluation samples were divided approxi-
mately evenly across annotators, and each sample
was scored by one assigned expert. Among the five
annotators, one senior annotator served as an ad-
judicating lead for protocol clarification and bor-
derline scoring questions. This assignment-based
protocol reflects a realistic expert-review setting,

where domain experts may differ in emphasis when
assessing formulation plausibility, immune-effect
support, and mechanistic completeness.

The expert scores were used only as an external
alignment reference. They were not used to train
SAVANT, tune verifier parameters, select model
outputs, or serve as an absolute source of ground
truth. Because the expert-aligned and stability-
evaluation samples were intentionally assigned
rather than redundantly annotated, we report the
redundant pre-annotation calibration agreement in-
stead of inter-annotator agreement on the final as-
signed set. LLM-as-Judge baselines use the same
scoring dimensions as the human protocol. The
full LLM-as-Judge prompt and score parsing pro-
cedure are provided in Appendix E.2.
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Stage Ordinal @ Interval « Mean pairwise p Exact Within-1

Stage 1: Construction quality 0.874 0.870 0.917 0.922 1.000
Stage 2: Immune-effect support 0.586 0.541 0.709 0.578 0.984
Stage 3: Mechanistic reasoning 0.688 0.623 0.722 0.563 1.000

Table 21: Pre-annotation expert calibration results on 10 held-out examples. We report ordinal and interval Krip-
pendorff’s o, mean pairwise Spearman’s p, exact agreement, and within-one agreement on the 1-5 scoring scale.
Within-one agreement counts score pairs that differ by at most one point.

B.6 Data Quality Control

We apply quality-control checks to the closed-
world verification and the chain-ablation extension
before evaluation. For the closed-world verifica-
tion, all samples are binary-labeled, have unique
sample identifiers, and contain evaluable DSL or
property fields. Table 22 summarizes the main
checks.

Deduplication during verification construction
is performed at the candidate level using the sam-
ple type, source type, and DSL or property rep-
resentation. This prevents exactly repeated candi-
dates within the same construction process. We
do not, however, enforce a strict global canonical
deduplication over all samples, because the same
terminal effect or property bundle may be sup-
ported by multiple source rules. When grouping
only by stage and DSL/properties, the final verifi-
cation contains 66 duplicate evaluation keys. All
of them are positive duplicates, and none creates a
positive—negative label conflict.

Negative construction also checks that a per-
turbed instance does not fall back into the corre-
sponding positive closure. Stage 1 negatives are
checked against the positive property set, Stage 2
negatives against the terminal-effect positive set,
and Stage 3 negatives against the positive DSL-
edge set. Synonym positives use the true synonym
closure, and negative samples are not allowed to
fall back into that closure.

The chain-ablation extension is validated sepa-
rately because it is used only for the minimal sub-
theorem ablation. Table 24 shows that the exten-
sion is balanced, parseable, and free of duplicate
evaluation keys or label conflicts.
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Check

Result

Notes

Total samples

Binary labels

Positive / negative counts
Missing labels
Non-binary labels
Duplicate sample IDs
Positive—negative conflicts
Property parse failures
DSL parse failures

Empty evaluation samples

4,413
Yes

1,840 /2,573

0

[=NeloNeNoNel

Closed-world verification

All labels are 0/1

Matches the verification composition

No unlabeled samples

No invalid label values

No repeated sample identifiers

No canonical key has conflicting labels

All Stage 1 property samples are parseable

All DSL-based samples are parseable

All samples contain evaluable DSL or properties

Table 22: Quality-control checks for the closed-world verification.

Duplicate source

Count Interpretation

p_stage2 terminal-effect duplicates

p_property property-bundle duplicates

Positive—negative conflicts

65  Source-distinct positives sharing the same canonical terminal claim

1 Source-distinct positives sharing the same canonical property bundle
0  No duplicate key has conflicting labels

Table 23: Source-distinct duplicate evaluation keys retained in the closed-world verification.

Notes

Check Result
Total samples 600
Pos. / neg. 300/ 300
Duplicate IDs 0
Duplicate eval. keys 0
Label conflicts 0
DSL parse failures 0

Chain-ablation extension
Balanced diagnostic set
No repeated sample IDs
No repeated chain keys
No pos.—neg. conflicts
All chains parseable

Table 24: Quality-control checks for the chain-ablation

extension.
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C Scoring and Aggregation Details

C.1 Notation and Operators

This section describes the scoring rules used in SA-
VANT. The weights and thresholds are verifier con-
figuration settings rather than parameters tuned to
expert scores. We use symbolic coeflicients in the
equations and report their values in Table 25.

Let 7 = b; = h; denote a proof obligation,
where b; is an optional premise predicate and h,
is the target predicate. Let r = b, = p, denote a
theorem-library rule, where b, is the rule premise
and p, is the rule conclusion. We use 71, 75, and
T3 to denote the rule sets used by Stage 1, Stage 2,
and Stage 3, respectively.

For a set of values X, Mean(X) denotes the
arithmetic mean. The operator clip(z, 1,5) trun-
cates x to the interval [1,5]. The indicator func-
tion 1[-] returns 1 when the condition is true and 0
otherwise.

C.2 Predicate-Level Matching

For two predicates p and g, SAVANT computes a
predicate-level match score as

PredMatch(p, Q) = 3type<p7 Q) : Svalue(p; CI)- (32)

The type score syype compares predicate functors
using exact matching, case-insensitive matching,
proxy or synonym mapping, and semantic proxy
fallback.

The value score Sy,ue Measures semantic simi-
larity between normalized argument values. When
role information is available, values are compared
under aligned roles, otherwise, SAVANT falls
back to flat value matching. Exact normalized
matches receive full support. Non-numerical val-
ues use biomedical semantic matching, while phys-
ical quantities use the numerical-aware scoring
function below. Pseudo-synonymous values may
be penalized to avoid treating surface similarity as
equivalence.

C.3 Numerical-Aware Matching

For numerical values, SAVANT normalizes units
and compares values on a log scale. Let x, and
x, be the normalized numerical values, and let d,
and d, be their physical dimensions. The numeri-
cal score is

exp(—k|logyg zq — logygz|), dy = d,
Snum =
Edim; dq # d,.
(33)

Thus, unit-scale differences receive a graded
penalty, while cross-dimensional mismatches re-
ceive a small fallback score. Supported unit cat-
egories include size or length, mass or dose-like
amount, time, percentage or ratio, concentration or
molarity, voltage-related values, temperature, vol-
ume, and pH.

C.4 Stage 1 Construction Scoring

Stage 1 evaluates construction support. Let Sype,
Smethod> and Ssjze denote support scores for adju-
vant type, preparation method, and size. The core
construction score is
Ceore = atypeStype + Qimethod Smethod + Otsize Ssize -
(34)
Let Scomp denote optional component support and
Santigen denote antigen-related support. The proof-
support score is
C(proof = )\coreCcore + /\compScomp + /\antigen Santigen-
(35)
Stage 1 also uses theorem support Sy, and
ontology-prior support Sprior:

Clegacy = )\tththm + )\priorSprior- (36)
The final raw Stage 1 score is obtained by guarded
aggregation:

Ry = Gguard(clegacya Cproof’ HO)’ (37)
where Il» denotes ontology-prior checks. The
function Gguarq applies conservative caps when
core fields are missing, size is absent, multiple core
fields have only weak support, or ontology priors
detect mild, moderate, or severe construction is-
sues.

C.5 Stage 2 Immune-Effect Scoring

Stage 2 evaluates claimed terminal immune-effect
predicates without proving the full causal path. Let
e; be the j-th terminal effect predicate. For a rule
r € Ty, define its effect-side match as
92(€j, T) = ntypestype(ej ) pr) + nvaluesvalue(ej ) pr‘)-
(38)
The support for e; is the best matching rule conclu-
sion:

Geri(ej) = 7{1&2% g2(ej,7). (39)

If the value match is very low, SAVANT applies an
additional decay so that functor agreement alone
cannot produce high support.

For m terminal effects, the raw concept support
is

1
R27c0ncept = E Z Gt (63‘)' (40)
j=1
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Stage 2 also uses a specificity calibration. Let
Flerminal denote the fraction of terminal claims with
specific immune-effect functors, and let Dy de-
note token-level diversity of terminal-effect de-
scriptions. The specificity-adjusted score is

RQ,spec = NrawRQ,concept+/~qunctorFterminal+,udithoken'

(4D
The Stage 2 discrete score is then

Dy = Chp (beff + )\eff(RQ,spec - Teff)a 17 5) .
(42)

C.6 Stage 3 Mechanistic Chain Scoring

Stage 3 verifies mechanism chains through local
transition support and robust coverage aggregation.
For an edge pgli)l = pgk), let s, be the premise-
side predicate match and sj, be the conclusion-side
predicate match. For a transition query matched to

arule, EdgeMatch is implemented as

EdgeMatCh(Sba Shy T, 72) = (fcond3b+€eff5h)dfunctora

(43)
where dgnctor 18 @ decay factor determined by
functor compatibility, using the same exact, case-
insensitive, proxy, and semantic-fallback hierarchy
used for syype. We denote the resulting edge score
as

Sgk) = EdgeMatch(sy, sp, 7, 7). 44)

For each chain ¢, the chain score is the mean of
its edge scores:

score(ci) = Meany sﬁk). (45)

Multiple chains are averaged equally:
1 XK
Schain = 74 Z score(cy).
k=1
Let ngyp be the number of supported edges, nyeak
the number of weakly supported edges, and nyy
the total number of edges. Supported edges satisfy

(46)

sgk) > Bsup, while weak edges satisfy 0 < sgk) <
Osup- The partial edge coverage is
Cedge _ Nsup + WweakMweak ' (47)
Mall
The final Stage 3 raw score is
R3 = Bchaingchain + ﬁcovcedge- (48)

C.7 Discretization and Verdicts

For Stage 1 and Stage 3, raw scores are mapped to
the 1-5 scale using threshold-based discretization:
4
Di=1+> 1[R; >4,

=1

ie{1,3}. (49

Stage 2 uses the specificity-calibrated mapping de-
fined above. The report-level score is computed
from the three 1-5 stage scores:

Sreport =1v1D1 + v D2 + v3D3. (50)

The report is mapped to four implementation la-
bels: VERIFIED, PARTIAL, HYPOTHESIS, and UN-
VERIFIED. We use UNVERIFIED to match the im-
plementation label.

C.8 Hyperparameter Configuration

Table 25 lists the SAVANT scoring configuration.
These values are verifier settings, not parameters
tuned to maximize expert-alignment scores.

D RAG Baseline Configuration

Both RAG baselines use identical retrieval and
judging settings and differ only in the indexed
corpus. For a controlled comparison with SA-
VANT, retrieval uses the same BioLORD-2023-
M encoder with SentenceTransformers. Em-
beddings are L2-normalized and indexed using
FAISS IndexFlatIP for cosine-similarity retrieval,
with max_seq_length=128. Each query is con-
structed from the design question and the gener-
ated natural-language response. We first retrieve
40 candidates, deduplicate them by source page,
and retain the top eight passages. The same evi-
dence set is used for all three evaluation stages.

Paper-RAG indexes 20,577 passages obtained
by splitting 53 domain papers and two textbooks
into 96-word chunks with a 24-word overlap.
Evidence-RAG additionally indexes 2,529 dedu-
plicated natural-language evidence records associ-
ated with the frozen runtime theorem library, yield-
ing 23,106 retrieval records in total. Each added
evidence record is indexed independently without
further chunking.

Each judge receives the design question, com-
plete natural-language response, retrieved evi-
dence, and three-stage scoring rubric. Retrieved
evidence is placed after the response and before
the rubric, with each passage accompanied by its
source and page. The judges do not receive the
ontology-constrained DSL, Horn rules, proof obli-
gations, verification traces, SAVANT scores, or ex-
pert labels. GPT-5 and DeepSeek-v4-Flash use a
temperature of 0.3 and a maximum output length
of 4,096 tokens, with one run per setting.
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Symbol Value Description

Sexact 1.00 Exact functor or value
match

Scase 0.95 Case-insensitive func-
tor match

Sproxy 0.90 Proxy / synonym func-
tor mapping

Tproxy 0.75 Semantic proxy thresh-
old

K 2.0 Log-scale numerical
penalty

€dim 0.05 Cross-dimension
numerical fallback

Qutype 0.40 Stage 1 type support
weight

Omethod 0.35 Stage 1 method sup-
port weight

Qisize 0.25 Stage 1 size support
weight

Acore 0.86 Stage 1 core support
weight

Acomp 0.10 Optional component
support weight

Aantigen 0.04 Antigen support
weight

Athm 0.60 Theorem-support
weight

Aprior 0.40 Prior-support weight

Ntype 0.30 Stage 2 functor/type
weight

Tlvalue 0.70 Stage 2 value weight

Praw 0.70 Raw effect-support
weight

[Afunctor 0.20 Terminal-functor
specificity weight

Ldiv 0.10 Token-diversity
weight

bef 4.0 Stage 2 score offset

Aeff 4.0 Stage 2 calibration
slope

Teff 0.70 Stage 2 specificity cen-
ter

Eeond 0.50 Stage 3 condition-side
weight

Eefi 0.50 Stage 3 effect-side
weight

Osup 0.65 Supported-edge
threshold

Wweak 0.50 Weak-edge coverage
weight

Behain 0.70 Chain-mean weight

Beov 0.30 Edge-coverage weight

01, 02,03,04 0.30,0.50,0.70,0.90 Raw-to-1-5 thresholds

Vi,V2,V3 0.30, 0.30, 0.40 Report-level stage

weights

Table 25: SAVANT scoring hyperparameters.
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E LLM Prompts

E.1 Generation Prompts

This section provides the prompt templates used in
the two-stage generation process. The first prompt
elicits an unconstrained natural-language design
rationale from the input design goal. The second
prompt uses this rationale as context and renders
it into the ontology-constrained DSL used by SA-
VANT for downstream verification. We include the
prompts to make the generation procedure repro-
ducible and to clarify how exploratory language

generation is separated from symbolic rendering.

E.1.1 Stage-I Natural-Language Rationale
Prompt

Stage-1 Prompt: Free-Form Scientific Rationale

Role. You are an expert scientist in immunology.

Goal. Design a novel vaccine adjuvant system based on
the user’s request.

Instruction. Provide a detailed scientific rationale ex-
plaining the design principles, mechanisms of action,
delivery strategy, and expected immune outcomes. Struc-
ture the response around three aspects:

1. Adjuvant construction and physical/chemical prop-
erties, including type, size, formulation, and prepa-
ration method.

2. Expected immune effects and outcomes, including
antibody responses, T cell responses, cytokine
profiles, and protection.

3. Step-by-step causal mechanism from adjuvant
design to immune response.

Write in natural scientific language. Do not output JSON
or structured formats yet. If the design relies on specific
physical properties, such as size, charge, or molecular
weight, explicitly state their exact values in the rationale.

E.1.2 Stage-II Ontology-Constrained DSL
Rendering Prompt

Stage-II Prompt: Constrained Symbolic Rendering

Role. You are a strictly constrained data extraction assis-
tant.

Task. Convert the provided scientific rationale into a
strict structured vaccine-adjuvant design object.

Input.

Scientific Rationale: {rationale_text}

Extract the structured vaccine design from
above.

Zero-hallucination rule. Extract only entities, proper-
ties, and claims explicitly stated in the scientific rationale.
Do not invent components, values, pathways, doses,
sizes, or mechanisms. If a parameter is absent, leave it as
null or omit it.

Required design structure.

* The vaccine antigen and adjuvant must each con-
tain a components array.

* Each component must include a component_type,
selected from the controlled component types.

¢ The adjuvant must include a controlled
type, such as Nanoparticle, Emulsion,
Molecule, Inorganic_salt, Hydrogel, or
Microneedling.

* Vaccine, antigen, and adjuvant objects must in-
clude a preparation object with exactly one
controlled preparation method.

Controlled preparation methods. The prepa-

ration method must be one of mix, assemble,
conjugate, emulsify, encapsulate, crosslink,

or new_prepare. Each method has its own required
composition_type and optional method-specific fields.
Mandatory FSM-masked outputs. Generate
claim_statements and mechanism_chains. These
are the authoritative structured outputs. Legacy free-
form DSL strings are serialized automatically and should
not be generated directly.

Claim statements. Each claim statement must contain:

e functor: one controlled claim functor from the
schema.

* outcome: a compact outcome phrase, not a sen-
tence.

Do not include treatment groups, controls, magnitudes,
doses, comparators, or evidence fields in claim state-
ments. Generate two to five high-confidence claims and
prefer fewer precise claims over generic or redundant
ones.

Mechanism chains. Each mechanism chain must con-
tain ordered nodes. Each node must include:

e functor: one controlled mechanism functor from
the schema.

* value: a short canonical event phrase.

Adjacent nodes must form cause-to-effect relationships.
A chain with only one node is invalid. Generate three to
five non-overlapping chains, with two to five nodes per
chain. Prefer compact biological mechanism nodes and
place explanations in the chain rationale.

Mechanism constraints. Mechanism chains should de-
scribe biological causal mechanisms from adjuvant prop-
erties or first immune events to downstream immune ef-
fects. Chains should not end with upstream bookkeeping
nodes such as Size, Type, Method, Route, Contains,
Release, or Target unless no downstream immune
event is stated. Chains should continue from internal
receptor or pathway activation to biological endpoints
when supported.

Controlled functor families. Use controlled functors for
formulation entry, immune events, and endpoints. Exam-
ples include Size, Type, Contains, Target, Release,
Bind, Uptake, Present, Activate, Mature, Prime,
Polarize, Secrete, Enhance, Increase, Reduce,
Protect, and Kill. Use Size for size, Type for adju-
vant type, and Contains for composition.

Field placement. Place standard physicochemical prop-
erties in dedicated top-level fields when possible, includ-
ing type, size, shape, zeta_potential, dose, and
target_disease. Complex attributes may be placed in
properties.
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Component extraction. List all explicitly mentioned
constituent materials in the components array. Compo-
nent types include Protein, Antibody, NucleicAcid,
Lipid, InorganicSalt, Polymer, SmallMolecule,
and General. Do not omit components if materials are
mentioned in the rationale.

Consistency constraint. If a mechanism chain starts
from a design or property node, such as Size, Shape,
Type, Method, Route, Contains, Form, Encapsulate,
or Release, that value must be explicitly supported by a
populated field or statement in the structured design.
Rationale field. Each rationale item must be a complete,
self-contained point extracted from Stage I. Each item
must stay within the word limit and end with proper

punctuation.
. J

E.2 LLM-as-Judge Evaluation Prompt

We use the following prompt for LLM-as-Judge
baselines. The prompt asks each judge model to
evaluate the same generated adjuvant design re-
sponse along the three stage-aligned dimensions
used in expert scoring. We only use the integer 1-5
scores in our evaluation.

LLM-as-Judge Prompt

Role. You are a senior immunologist evaluating Al-
generated vaccine adjuvant design proposals.

Task. Assess each proposal across three stages that mir-
ror the SAVANT verification pipeline:

1. Stage 1 — Adjuvant Construction.
2. Stage 2 — Immune Effect Claims.
3. Stage 3 — Causal Chain Integrity.

Evaluate solely based on scientific reliability. Do not
evaluate writing quality, fluency, or rhetorical style.
Design Question.

{question}
Proposed Adjuvant Design.
{free_text_output}

Scoring instruction. Each stage should be scored from
1 to 5. For each stage, provide a brief reasoning in 2-3
sentences and an integer score from 1 to 5.

Stage 1 — Adjuvant Construction.

Evaluate whether the described adjuvant properties are
physically and chemically reasonable, technically fea-
sible, and consistent with published evidence or estab-
lished domain knowledge.

Consider adjuvant type, particle size or dimensions, for-
mulation strategy, preparation method, carrier material,
antigen loading or antigen-binding strategy, physico-
chemical properties such as charge, molecular weight,
component ratio, or release profile, and whether exact
values are provided when the mechanism depends on
specific physicochemical properties.

Scoring criteria.

* 5: Key construction parameters are highly consis-
tent with published evidence or established domain
knowledge, and the design is technically feasible.

* 4: Major construction parameters are reasonable,
minor details are vague but not clearly wrong.

* 3: The overall construction direction is plausible,
but one or two parameters are inaccurate, unclear,
or insufficiently supported.

¢ 2: The construction contains notable problems or
inconsistencies with domain knowledge or litera-
ture experience.

* 1: The construction is seriously flawed or contains
hallucinated parameters.

Stage 2 — Immune Effect Claims.

Evaluate whether the claimed immune outcomes are
scientifically credible.

Consider antibody titers or humoral immune responses,
T-cell responses, cytokine profiles, DC maturation, anti-
gen presentation, Th1/Th2 polarization, CD8+ T-cell re-
sponses, protective immunity, comparisons with control
groups if mentioned, and whether the claimed immune
effects align with the design question and the proposed
adjuvant system.

Scoring criteria.

* 5: Major immune effect claims are highly con-
sistent with published evidence or established
immunological knowledge.

* 4: Major effects are credible, minor claims are
reasonable inferences.

¢ 3: Some effects are credible, while others remain
unverified hypotheses.

¢ 2: Most claims lack support or contain implausible
values, magnitudes, or extrapolations.

* 1: The claims contradict known immunology or
appear hallucinated.

Stage 3 — Causal Chain Integrity.

Evaluate whether the stepwise mechanistic chain from
adjuvant structure to immune outcome is valid.

Consider whether the proposal forms a clear causal chain
from adjuvant construction and physicochemical prop-
erties to intermediate immune mechanisms and terminal
immune outcomes, whether each step is mechanisti-
cally justified, whether the causal direction is correct,
whether there are major logical gaps, whether the answer
over-infers directly from material properties to immune
outcomes, whether the answer merely stacks technical
terms without valid causal relations, and whether the
mechanism contradicts known biology.

Scoring criteria.

* 5: Every causal step is mechanistically justified,
logically coherent, and consistent with known
biology.

* 4: The overall chain is correct, but some steps are
loosely connected.

* 3: The starting point and endpoint are plausible,
but intermediate steps are unclear, incomplete, or
imprecise.

 2: The chain contains significant logical gaps or
unjustified inferential leaps.
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¢ 1: The causal reasoning is incoherent or contra-
dicts known biological mechanisms.

Output format. Output strictly in JSON format. Do not
output Markdown, explanations outside JSON, or any
additional text. Use the following JSON schema:

{

"stagel_construction": {

"reasoning": "<2-3 sentences>",
"score_1tob": 4

}’

"stage2_effects": {
"reasoning": "<2-3 sentences>",
"score_1tob": 4

}’

"stage3_causal_chain": {
"reasoning": "<2-3 sentences>",

"score_1tob": 3
}
}

Important. Each score_1to5 must be an integer from
1to5.
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F Ontology Schema and FSM
Constraints

F.1 Overview

SAVANT uses an ontology-constrained schema to
render free-form scientific rationales into struc-
tured design objects. The schema defines allowed
adjuvant types, component types, preparation
methods, immune-effect claims, and mechanism-
chain functors. It is implemented with strict
schema validation, so fields outside the selected
branch are not permitted. This supports the finite-
state generation procedure described in Section 3.3.
At each generation step, the controller masks ac-
tions that are not valid under the current schema
state.

F.2 Implementation Details

The ontology schema is implemented using
Pydantic. All schema classes inherit from a
strict base model with extra='forbid', which
rejects fields outside the selected schema branch.
This provides the implementation basis for branch
exclusivity: once an adjuvant type, preparation
method, claim functor, or mechanism functor is se-
lected, incompatible fields are not valid outputs.

For locally deployed models, SAVANT uses
Outlines to enforce schema-constrained genera-
tion. The closed vocabularies for claim functors
and mechanism functors are exposed as schema
enums, allowing invalid functor tokens to be
masked during generation. For API-based mod-
els, SAVANT uses Instructor to obtain schema-
constrained outputs under the same Pydantic
schema. Thus, local and API backends share the
same structural constraints, even though the con-
strained decoding interface differs.

F.3 Top-Level Design Schema

The generated design object contains four main
components: a vaccine object, a disease-model ob-
ject, structured immune-effect claims, and struc-
tured mechanism chains. The vaccine object con-
tains an antigen and an adjuvant, each with com-
ponent and preparation information. The claim
and mechanism fields are generated in structured
form and then serialized into legacy DSL strings
for downstream compatibility.

F.4 Adjuvant and Preparation Branches

Adjuvant generation uses mutually exclusive
schema branches for nanoparticle, microparticle,

emulsion, molecule, inorganic salt, hydrogel, and
microneedling adjuvant types. Once an adjuvant
type is selected, fields from incompatible branches
are rejected by the strict schema. Preparation meth-
ods are also branch-structured, with controlled
options including mix, assemble, conjugate,
emulsify, crosslink, and
new_prepare.

encapsulate,

F.5 Component Type Schema

Components are represented through a discrimi-
nated union over component types. Each compo-
nent has a name and a required component_type.
Specialized schemas are used for proteins, antibod-
ies, nucleic acids, small molecules, photosensitiz-
ers, lipids, inorganic salts, polymers, and general
components.

F.6 Claim and Mechanism Functors

Stage 2 claim statements use a controlled claim
functor and an open compact outcome phrase. The
outcome field is open because immune-effect tar-
gets can vary across diseases and experimental set-
tings, while the functor field is closed to enable
schema masking.

Mechanism chains use ordered nodes of the
form Functor(value). The functor is selected
from a closed vocabulary, while the value remains
an open compact scientific phrase. Each chain
must contain at least two nodes and at most five
nodes.

F.7 Verifier-Side Predicate Schema Registry

In addition to the generation-time schema, SA-
VANT maintains a verifier-side predicate schema
registry. This registry is automatically generated
from predicate rules and is used for parsing Horn
predicates, normalizing functor names, and sup-
porting symmetric instantiation. The registry is
implementation-facing, its internal argument slots
should not be interpreted as biological role labels.

The verifier-side registry is distinct from the
generation-time mechanism-node schema. Gener-
ation uses compact Functor (value) nodes for
constrained DSL rendering, whereas verification
expands predicates into canonical Horn-rule ob-
jects for matching. This separation allows the gen-
erator to remain compact while the verifier per-
forms structured comparison over normalized pred-
icates.
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Field

Required structure

Purpose

vaccine

Vaccine schema with name, target_disease,
antigen, adjuvant, and preparation

Stores the full vaccine-adjuvant design object

disease_model

Disease model schema with name, host_animal,
optional model type, route, and rationale

Records the biological context of the design

claim_statements

List of structured Stage 2 claim objects, each with
functor and outcome

Represents terminal immune-effect claims

mechanism_chains

List of ordered mechanism chains, each containing
controlled-functor nodes and an optional rationale

Represents causal mechanism chains

rationale

List of concise natural-language rationale items

Stores extracted scientific reasoning from the
Stage-I rationale

Table 26: Top-level structured design schema used by SAVANT.

Functor group Claim functors

High-level effect claims Enhance, Increase, Reduce, Inhibit, Suppress, Protect, Avoid, Control, Balance, Equal,
Positive, Establish, Tune, Sustain, Prolong

Event-level claims

Activate, Prime, Differentiate, Polarize, Express, Secrete, Present, Mature, Recruit,

Induce, Neutralize, Kill, Disrupt, Irradiate, Route, Target, Release, Uptake, Migrate

Table 27: Controlled functors for Stage 2 claim statements.

F.8 FSM Constraints

The schema enforces finite-state constraints during
DSL rendering. First, strict models reject extra
fields outside the selected schema branch. Second,
the adjuvant and preparation schemas are branch-
structured, so selecting one type masks incompati-
ble fields from other branches. Third, claim state-
ments and mechanism chains must use controlled
functors. Fourth, mechanism chains must contain
at least two causal nodes. These constraints im-
plement the grammar-level logic mask used by SA-
VANT.

For compatibility with downstream verifica-
tion code, structured claims and mechanism
chains are serialized into legacy DSL strings.
Claim statements are serialized as Claim =
Functor (outcome), and mechanism chains are
serialized by joining ordered nodes with the >> op-
erator.
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Functor group

Mechanism functors

Design / formulation entry

Size, Shape, Type, Method, Route, Target, Contains, Form, Display, Mix, Conjugate,
Assemble, Encapsulate, Crosslink, New_Prepare, Release, Sustain

Immune mechanism events

Bind, Uptake, Process, Present, Activate, Mature, Migrate, Recruit, Prime,
Differentiate, Polarize, Express, Secrete, Trigger, Enable, Induce

Effects / endpoints / constraints

Enhance, Increase, Reduce, Inhibit, Suppress, Protect, Avoid, Control, Balance,
Equal, Positive, Establish, Tune, Neutralize, Kill, Disrupt, Irradiate, Prolong

Table 28: Controlled functors for mechanism-chain nodes.

Functor Predicate family Frequency in registry
Enhance Immune-effect or endpoint support 1,625
Method Construction or preparation method 1,242
Contains Component or composition relation 835
Reduce Negative or suppressive effect relation 469
Type Adjuvant or object type relation 435
VaccineProperty Vaccine-level construction property 286
AdjuvantProperty Adjuvant-level construction property 273
Name Name or identifier relation 264
AntigenProperty Antigen-level construction property 172
Equal Equivalence or balance relation 148
Increase Increased immune or biological outcome 141
Activate Receptor, pathway, or cell activation 101
Route Delivery or administration route 62
Size Size or scale relation 51
Target Targeting relation 26

Table 29: Representative verifier-side predicate functors. Frequencies are computed from the predicate-rule registry.
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G Full Closed-World Verification Results

This section reports the complete closed-world ver-
ification results. The verification contains 4,413
binary-labeled instances, including 1,840 positives
and 2,573 negatives. All instances are used for
classification and ranking evaluation. Because
this verification evaluates verifier behavior under a
fixed theorem library, we report aggregate metrics,
threshold behavior, robustness gaps, and per-type
diagnostics.

G.1 Metric Definitions

For a threshold 7, a sample is predicted positive if
its verifier score is at least 7. We report standard
threshold-based metrics, including Accuracy, Pre-
cision, Recall, F1, and Specificity. AUROC and
PR-AUC are computed over all binary-labeled sam-
ples using the continuous verifier score.

In per-type diagnostics, Acc@0.5, Acc@0.65,
and Acc@0.75 denote within-type accuracy under
the corresponding threshold. Acc@vrd denotes
accuracy induced by the implementation verdict
threshold. VERI, HYP, PART, and UNV denote
the percentages of samples assigned to VERIFIED,
HYPOTHESIS, PARTIAL, and UNVERIFIED verdicts.

For robustness diagnostics, P-Exact Mean is
the mean score of exact positive instances, and
P-Synonym Mean is the mean score of synonym-
rewritten positive instances. The synonym robust-
ness ratio is
SR — P-Synonym Mean

~ P-Exact Mean
Score gaps compare positive and perturbed sub-
sets:

GV

Ag = Spos — Sg; (52)

where S is the relevant positive reference mean
and 5, is the mean score of perturbation group g.
Larger gaps indicate stronger separation between
supported claims and the corresponding perturba-
tion type.

G.2 Overall and Threshold Results

Threshold  Acc. Prec. Rec. F1 Spec.
0.50 0.8271 0.7069 1.0000 0.8283 0.7035
0.65 0.9837 0.9628 0.9995 0.9808 0.9724
0.75 0.9925 0.9829 0.9995 0.9911 0.9876

Table 30: Closed-world threshold metrics.

Table 30 reports performance at three operating
thresholds. This table shows how the verifier be-

haves under different decision thresholds, rather
than only under a single implementation setting.

The lower threshold preserves perfect recall but
admits more false positives. Increasing the thresh-
old improves precision and specificity while retain-
ing nearly all positive instances, indicating that pos-
itive and negative examples are well separated by
the continuous verifier score.

Table 31 reports the implementation-level ver-
dict metrics, confusion matrix, and threshold-
independent ranking metrics. This complements
the threshold sweep by showing the final operat-
ing point used by the verifier together with AUROC
and PR-AUC.

Metric Value
Accuracy 0.9837
Precision 0.9628
Recall 0.9995
F1 0.9808
Specificity  0.9724
TP 1839
FP 71

TN 2502
FN 1
AUROC 0.9979
PR-AUC 0.9944

Table 31: Closed-world verdict-level and ranking met-
rics over all 4,413 instances.

At the implementation operating point, SA-
VANT rejects most perturbations while missing
only one positive instance. The high AUROC and
PR-AUC show that this performance is not an arti-
fact of a single threshold, but reflects strong rank-
ing separation across the full score range.

G.3 Robustness and Score-Gap Diagnostics

Table 32 evaluates robustness to synonym rewrit-
ing and different perturbation types. We include
this table because aggregate AUROC does not re-
veal whether the verifier is robust to true functor
synonyms, numerical perturbations, semantic hard
negatives, or causal-direction errors.

The synonym robustness ratio remains high, in-
dicating that functor-level synonym handling pre-
serves support for valid synonym-rewritten pos-
itives.  Invalid-value, numeric, semantic, and
pseudo-synonym perturbations show large score
gaps, suggesting strong rejection of unsupported
values and false functor variants. Antonym and
causal perturbations are harder, but their gaps re-
main positive, showing that the verifier still tends
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Robustness / gap metric  Value

P-Exact Recall@0.75 0.9991
P-Exact Mean 0.9995
P-Synonym Mean 0.8998
SR 0.9003
AScore 0.6237
AStage2 0.4223
AlnvalidValue 0.8585
ASemantic 0.7593
ANumeric 0.8244
AAntonym 0.4905
ACausal 0.5885
APseudoSynonym 0.8623

Table 32: Closed-world robustness and score-gap diag-
nostics. Larger gap values indicate stronger separation
between supported claims and the corresponding pertur-
bation type.

to downgrade polarity and directionality errors.

G.4 Per-Type Diagnostics

Table 33 provides the full per-type breakdown.
This table localizes which perturbations are easy or
difficult for the verifier. It also shows how different
types are mapped into verdict categories, which is
important for understanding whether errors are in-
correctly verified or instead downgraded to lower-
confidence labels.

The positive groups receive consistently high
scores, including synonym-rewritten positives.
Among negatives, invalid-value and numerical per-
turbations are strongly rejected, showing the ef-
fect of value validation and numerical-aware scor-
ing. In-domain semantic negatives, antonym sub-
stitutions, and causal reversals are more difficult
because they preserve plausible biomedical vocab-
ulary or local structure. However, these cases
are generally downgraded to hypothesis-level or
partial-support verdicts rather than being broadly
verified.
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Type N Mean Acc@0.5 Acc@0.65 Acc@0.75 Acc@vrd VERI% HYP% PART% UNV%

p_property 270 1.0000  1.0000 1.0000 1.0000 1.0000 100.0 0.0 0.0 0.0
p_stage2 400 0.9996  1.0000 1.0000 1.0000 1.0000 100.0 0.0 0.0 0.0
p_mechanism 400 0.9991  1.0000 0.9975 0.9975 0.9975 99.8 0.2 0.0 0.0
p_synonym 770  0.8998  1.0000 1.0000 1.0000 1.0000 100.0 0.0 0.0 0.0
n_property 540 0.3735 0.7519 1.0000 1.0000 1.0000 0.0 100.0 0.0 0.0
n_stage2 400 0.5772  0.1675 0.9425 0.9825 0.9425 5.8 0.0 94.2 0.0
n_invalid_value 500 0.1410 1.0000 1.0000 1.0000 1.0000 0.0 100.0 0.0 0.0
n_semantic 500 0.2402  0.9200 0.9700 0.9940 0.9700 3.0 97.0 0.0 0.0
n_numeric 75 0.1751  1.0000 1.0000 1.0000 1.0000 0.0 100.0 0.0 0.0
n_antonym 100 0.5090  0.4200 0.8800 0.9600 0.8800 12.0 88.0 0.0 0.0
n_causal 400 0.4110  0.5300 0.9725 0.9800 0.9725 2.8 97.2 0.0 0.0
n_pseudo_synonym 58 0.1371  0.8276 0.8276 0.8276 0.8276 17.2 82.8 0.0 0.0

Table 33: Per-type closed-world diagnostics. Positive types are prefixed with p_, negative types are prefixed with
n_. VERI, HYP, PART, and UNV denote VERIFIED, HYPOTHESIS, PARTIAL, and UNVERIFIED.
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H Ablation Study Details

This section reports the full ablation diagnostics.
The ablation experiments use 5,013 samples in to-
tal, consisting of the 4,413 closed-world verifica-
tion samples and the 600-sample chain-ablation ex-
tension. The primary ablation evidence is evalu-
ated on targeted subsets designed to isolate each
mechanism.

H.1 Metric Definitions

For each ablation variant, we report ranking,
threshold, and score-separation metrics. PosMean
and NegMean denote the mean verifier scores of
positive and negative samples within a target sub-
set. We define the positive—negative score gap as

Gap = PosMean — NegMean. (583)

Larger gaps indicate stronger separation between
supported and unsupported instances.

For negative-only diagnostics, Acc@0.65 de-
notes the fraction of negative samples assigned a
score below 0.65. Thus, higher Acc@0.65 and
lower mean score indicate stronger rejection of neg-
ative instances. In Table 34, Ablated--Full de-
notes the metric value of the ablated variant minus
the full SAVANT value.

H.2 Targeted Primary Ablations

Table 34 reports the main targeted ablation results.
Each row evaluates a mechanism on the subset
where its removal should be most visible. This
is more informative than relying only on aggre-
gate performance, because some mechanisms af-
fect specific failure modes rather than the full veri-
fication uniformly.

Removing minimal sub-theorem proof substan-
tially weakens ranking on local chain-error cases.
This supports the use of local proof obligations
rather than treating the whole mechanism chain as
a single undifferentiated object. Removing sym-
metric instantiation has the strongest effect on end-
point, polarity, and directionality subsets, which
shows that matching generated claims and theorem
rules in a shared predicate structure is necessary
for preserving relation type and causal direction.
Removing numeric-aware scoring causes numeric
negatives to receive much higher support, confirm-
ing that physical quantities require unit- and scale-
aware comparison.

H.3 Overall Variant Summary

Table 35 reports aggregate performance over the
full 5,013-sample ablation pool. This table is use-
ful for showing global behavior, but it should be in-
terpreted together with the targeted diagnostics be-
cause some components are designed for specific
error modes.

The aggregate table shows that removing sym-
metric instantiation causes the largest global degra-
dation. Minimal sub-theorem proof and numeric-
aware scoring have more localized effects, so their
importance is clearer in the chain-local-error and
numeric-negative subsets.

H.4 Target-Subset Diagnostics

Table 36 provides a broader view of how each abla-
tion variant behaves across target subsets. The Gap
column reports PosMean--NegMean.

The target-subset table shows that the ablations
behave as intended. The minimal-sub-theorem ab-
lation primarily affects the chain subset. The nu-
meric ablation does not change most non-numeric
subsets, but it substantially affects numeric-
negative rejection. The symmetric-instantiation
ablation broadly weakens structured matching, es-
pecially for Stage 2 endpoints, polarity-sensitive
cases, and causal-direction reversals.

H.5 Targeted Negative Diagnostics

Table 37 reports negative-only diagnostics. These
results show how much support each ablation vari-
ant assigns to different negative types.

The n_chain_one_bad_edge subset requires
special interpretation. These negative chains in-
tentionally retain one supported edge and corrupt
only the second edge, so their absolute scores can
remain high under a fixed threshold. For this rea-
son, fixed-threshold negative accuracy is not the
main evidence for the minimal-sub-theorem abla-
tion. The primary evidence is the chain-subset
AUROC and PosMean—NegMean separation in Ta-
ble 34.
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Mechanism Ablation set Metric Full Ablated Ablated—Full

Minimal sub-theorem Chain local-error AUROC 1 0.9881 0.6698 -0.3184
Minimal sub-theorem Chain local-error Pos—Neg gapt  0.1591  0.0406 -0.1184
Symmetric instantiation ~ Stage 2 endpoint AUROC 1 1.0000 0.7917 -0.2083
Symmetric instantiation Hard semantic AUROC 1 0.9987  0.9662 -0.0324
Symmetric instantiation ~Antonym / polarity AUROC 1 0.9999 0.6141 -0.3858
Symmetric instantiation Directionality AUROC 1 0.9912  0.4637 -0.5275
Numeric-aware scoring ~ Numeric negative NegAcc@0.651 1.0000 0.2133 -0.7867
Numeric-aware scoring ~ Numeric negative Mean score |, 0.1751 0.8128 +0.6377

Table 34: Targeted primary ablation results. Each ablation is evaluated on a subset designed to stress the corre-
sponding mechanism. Pos—Neg gap is the mean positive—negative score difference. For Mean score |, lower is
better.

Variant AUROC Acc@0.65 PosMean NegMean

full 0.9921 0.9262 0.9632 0.3866
minimal_off 0.9914 0.9280 0.9396 0.3814
numeric_off 0.9891 0.9144 0.9632 0.4032
symmetric_off  0.7565 0.6858 0.7614 0.5364

Table 35: Overall ablation summary over the 5,013-
sample ablation pool.
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Variant Target N AUROC Acc@0.65 PosMean NegMean Gap

full stage2 800  1.0000 0.9713 0.9996 0.5772 0.4224
full chain 600  0.9881 0.5033 0.9962 0.8371 0.1591
full semantic 1670  0.9987 0.9904 0.9337 0.2402 0.6936
full antonym 1270  0.9999 0.9898 0.9337 0.5090 0.4248
full causal 800  0.9912 0.9850 0.9991 0.4110 0.5881
minimal_off stage?2 800  1.0000 0.9713 0.9996 0.5772 0.4224
minimal_off chain 600  0.6698 0.5183 0.8283 0.7877 0.0406
minimal_off semantic 1670  0.9987 0.9904 0.9337 0.2402 0.6936
minimal_off antonym 1270  0.9999 0.9898 0.9337 0.5090 0.4248
minimal_off causal 800  0.9912 0.9850 0.9991 0.4110 0.5881
numeric_off stage?2 800  1.0000 0.9713 0.9996 0.5772 0.4224
numeric_off chain 600  0.9881 0.5033 0.9962 0.8371 0.1591
numeric_off semantic 1670  0.9987 0.9904 0.9337 0.2402 0.6936
numeric_off antonym 1270  0.9999 0.9898 0.9337 0.5090 0.4248
numeric_off causal 800  0.9912 0.9850 0.9991 0.4110 0.5881
symmetric_off  stage2 800  0.7917 0.7600 0.7232 0.6339 0.0894
symmetric_off chain 600  0.6149 0.5100 0.8141 0.7874 0.0267
symmetric_off semantic 1670  0.9662 0.8826 0.7604 0.2994 0.4610
symmetric_off antonym 1270 0.6141 0.8102 0.7604 0.7111 0.0493
symmetric_off causal 800 0.4637 0.4850 0.7875 0.7980 -0.0105

Table 36: Target-subset ablation diagnostics. Gap denotes PosMean—NegMean.

Table 37: Targeted negative diagnostics for ablation variants. Lower mean and higher Acc@0.65 indicate stronger

Variant Negative type N Mean  Acc@0.65
full n_stage2 400  0.5772 0.9425
full n_numeric 75 0.1751 1.0000
full n_semantic 500  0.2402 0.9700
full n_antonym 100 0.5090 0.8800
full n_causal 400 04110 0.9725
full n_chain_one_bad_edge 300 0.8371 0.0067
minimal_off n_stage2 400  0.5772 0.9425
minimal_off n_numeric 75 0.1751 1.0000
minimal_off n_semantic 500  0.2402 0.9700
minimal_off n_antonym 100 0.5090 0.8800
minimal_off n_causal 400 04110 0.9725
minimal_off n_chain_one_bad_edge 300 0.7877 0.0467
numeric_off n_stage2 400  0.5772 0.9425
numeric_off n_numeric 75 0.8128 0.2133
numeric_off n_semantic 500  0.2402 0.9700
numeric_off n_antonym 100 0.5090 0.8800
numeric_off n_causal 400 04110 0.9725
numeric_off n_chain_one_bad_edge 300 0.8371 0.0067
symmetric_off n_stage2 400  0.6339 0.7475
symmetric_off n_numeric 75 0.8128 0.2133
symmetric_off n_semantic 500  0.2994 0.9340
symmetric_off n_antonym 100  0.7111 0.2200
symmetric_off n_causal 400  0.7980 0.0700
symmetric_off n_chain_one_bad_edge 300 0.7874 0.0333

rejection of negative instances.
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I Case Study and Verification Trace

I.1  Overview

This section provides representative qualitative ex-
amples of verification outputs from SAVANT. The
goal is to illustrate how SAVANT processes GPT-
4o-generated natural-language design responses,
renders them into ontology-constrained DSL ob-
jects, and produces evidence-grounded verifica-
tion traces. The two cases cover both high-
support proof obligations and low-support knowl-
edge gaps.

The case studies are not intended as additional
quantitative evaluation. Instead, they demonstrate
the interpretability of the verification process. For
each case, we first show a compressed version of
the design question, the generated response, and
the corresponding DSL rendering. We then present
proof obligations, matched theorem-library evi-
dence, support scores, and verification status. A
knowledge gap indicates insufficient support in the
current theorem library, rather than evidence that
the proposed mechanism is biologically invalid.

I.2 From Natural-Language Response to
Structured DSL

We show two representative cases. Case A il-
lustrates a high-support rendering example, while
Case B illustrates a partially supported design that
leads to lower-support proof obligations in the ver-
ification trace.

Case A. Figure 4 shows a representative ren-
dering example. Given a design question: “De-
sign an adjuvant for classical swine fever virus
that can achieve potent humoral immunity with
Thl polarization and strong dendritic cell ac-
tivation and antigen presentation under a mod-
ular SpyCatcher/Spylag constraint using stable
virus-like nanoparticles. What would be the ad-
juvant formulation, immune response character-
istics, and underlying mechanisms?”, GPT-40
first generates a natural-language scientific ratio-
nale. SAVANT then converts the response into an
ontology-constrained DSL object containing con-
struction fields, immune-effect claims, and mecha-
nism chains.

Case B. Figure 5 shows case B. Given a design
question: “Design an adjuvant for SARS-CoV-2
that can achieve significant anti-RBD 1gG, 1gGl,
and IgG2c responses, elevated cross-variant RBD

1gG against multiple variants, and maintain stabil-
ity under refrigerated conditions. What would be
the adjuvant formulation, immune response char-
acteristics, and underlying mechanisms?”. The
case B illustrates a partially supported generated
design. We use it to show that SAVANT does
not only produce a scalar score, but also separates
supported structured claims from lower-support as-
sumptions.

This example highlights a different use case
from Case A. The generated response contains
structured construction fields, terminal effect
claims, and multiple mechanistic chains, but not all
proof obligations receive equally strong evidence
support. The next subsection uses the rendered
DSL objects from both cases to show how SA-
VANT assigns support scores and identifies knowl-
edge gaps.

1.3 Evidence-Grounded Verification Trace

The verification trace uses the ontology-
constrained DSL objects shown in the previous
subsection as input. SAVANT does not verify the
free-form natural-language response directly. In-
stead, it converts the rendered construction fields,
immune-effect claims, and mechanism chains into
proof obligations over the shared predicate space.
Construction fields and terminal immune-effect
claims become predicate-level obligations, while
each adjacent pair in a mechanism chain becomes
a transition-level obligation.

For each obligation, SAVANT searches the theo-
rem library for the best matching rule, computes a
continuous support score, and assigns a status such
as supported, partial support, or knowledge gap.
The following visualizations show how these lo-
cal proof decisions are produced for the two cases.
This trace-level view is intended to make clear
which parts of a generated design are evidence-
grounded and which parts remain unsupported un-
der the current theorem library.

The expert scores and comments reported
for these cases are based only on the GPT-4o-
generated natural-language responses. The experts
did not see the verification traces produced by SA-
VANT. We therefore treat the expert comments as
independent qualitative references rather than as
supervision for the traces.

The trace below shows how SAVANT evalu-
ates the proposal through soft-symbolic matching
against the available theorem library. Low-support
edges can reflect either incomplete theorem-library
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coverage or coarse mechanism steps in the gener-
ated response.

LI.3.1 Case A: Mostly Supported Verification
Trace

Figures 6 and 7 show the verification for GPT-40-
generated adjuvant design proposal. The proposal
describes a nanoparticle formulation of approxi-
mately 100-120 nm containing MPLA, R848, and
PEI. The expert scores for this case are 4/4/4 for
construction quality, immune-effect support, and
mechanistic reasoning, respectively.

Stage 1 — Construction. Five of six represen-
tative construction obligations are strongly sup-
ported. The weaker obligation is Contains (PEI),
which matches a scaffold-related construction rule
with a score of 0.46. This is an approximate
construction-level match rather than a direct mate-
rial match. Guarded aggregation prevents this par-
tial component match from dominating the stage-
level score, yielding a Stage 1 score of 4.0.

Stage 2 — Immune Effects. All four immune-
effect claims receive support, although several are
supported through generic endpoint or ontology-
derived rules rather than disease-specific evidence.
The specificity calibration module accounts for
these broader matches, yielding an average con-
cept score of 0.810 and a Stage 2 score of 4.068.
This indicates that the terminal effects are broadly
supported, while some claims remain matched at a
coarse concept level.

Stage 3 — Mechanism. Four causal chains are
constructed.  The trace evaluates each chain
through local edge-level proof obligations, so the
score reflects both the intended causal direction
and the specificity of the matched theorem rule.

e Chain 1 (0.743): Size — DC uptake — TLR
activation. The first edge is directionally com-
patible with particle-size support for cellular
uptake. The second edge is more indirect: the
matched theorem supports downstream sig-
naling activation rather than TLR7/TLR4 en-
gagement specifically. Thus, the chain pre-
serves a broadly plausible direction from for-
mulation property to innate immune activa-
tion, but the evidence is approximate.

* Chain 2 (0.838): MPLA/R848 — DC matu-
ration — IL-12/IFN-vy. The MPLA compo-
nent is supported through a receptor-linked

ontology rule for TLR4. The R848 compo-
nent is not covered by this matched rule, re-
flecting limited component-specific coverage.
The cytokine endpoint is supported at a coarse
level: the matched evidence captures an IL-
12/IFN-v immune-activation axis, but it does
not prove that dendritic cells directly secrete
IFN-7.

* Chain 3 (0.823): VLP-polymer complex —
MHC I/II presentation — T cell priming. The
first edge matches an antigen-presentation-
related rule, providing indirect support for
the presentation step. The second edge sup-
ports the CD4/Tth side of the priming claim
through MHC-II presentation, while the CDS8
component is only partially covered by the
broader antigen-presentation context.

* Chain 4 (0.419, Partial): Sustained antigen
exposure — antibody enhancement — CSFV
neutralization. The first edge receives partial
directional support from a sustained-release-
to-immune-activation rule, but the matched
endpoint is cytokine secretion rather than an-
tibody production. The second edge receives
no high-support match, because the current
theorem library does not contain a direct rule
linking antibody production to CSFV neutral-
ization. This gap may reflect missing CSFV-
specific evidence in the theorem library, a
coarse generated transition, or both. SA-
VANT therefore marks this step as a knowl-
edge gap rather than forcing a cross-pathogen
generalization.

Summary. Overall, the trace shows that the
proposal is directionally plausible and well sup-
ported at the construction and terminal-effect lev-
els, while several mechanism matches remain ap-
proximate. Chains 1-3 receive partial-to-high sup-
port from related theorem-library rules, but the
trace also exposes specificity limitations in the cur-
rent evidence base. Chain 4 identifies a local-
ized evidence gap for the downstream neutraliza-
tion step. The final verdict (VERIFIED, 4.0204) is
consistent with the expert scores of 4/4/4: the de-
sign is broadly supported, but not all mechanis-
tic steps are directly grounded at high specificity.
This illustrates how SAVANT separates supported
proof obligations from lower-support assumptions
instead of reducing the generated proposal to a sin-
gle plausibility score.
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1.3.2 Case B: Partial-Support Verification
Trace

This case verifies a GPT-4o-generated adjuvant de-
sign proposal for SARS-CoV-2, such as Figures 8
and 9. The expert scores for this case are 4/4/3 for
construction quality, immune-effect support, and
mechanistic reasoning, respectively.

Stage 1 — Construction. The construction stage
receives a score of 4.0. The adjuvant type
and emulsification method are strongly supported,
and the size claim receives moderate-to-high sup-
port. Several component matches are approximate
rather than exact. For example, Contains (R848)
is matched to a resiquimod-related construction
rule, while Contains (DOTAP) is supported by a
partial component-level match. The guarded ag-
gregation module combines these construction sig-
nals with ontology-prior checks, so the stage-level
score remains high while preserving information
about weaker component matches.

Stage 2 — Immune Effects. The immune-
effect stage receives a score of 4.237. The
antibody-related claims, including Enhance (IgG
production) and Increase(cross-variant
RBD IgG), receive high support through endpoint-
level matching and ontology-derived evidence.
However, these are broad endpoint matches rather
than direct evidence for cross-variant protection.
This is directionally consistent with the expert com-
ment that the cross-protection claim may require
further validation. The trace therefore supports the
general immune-effect direction, while indicating
that the strongest cross-variant claim is matched at
a relatively coarse concept level.

Stage 3 — Mechanism. The mechanism stage re-
ceives a score of 3.0 and is assigned partial support.
Five mechanism chains are evaluated through local
edge-level proof obligations:

* Chain 1 (0.882): Size — lymph-node target-
ing — dendritic-cell uptake. The first edge
receives strong support from a size-to-lymph-
node-targeting rule. The second edge is di-
rectionally plausible but more approximate,
because the matched theorem links lymph-
node targeting to an antibody-related outcome
rather than directly proving dendritic-cell up-
take.

e Chain 2 (0.744): TLR7/8 agonist — con-
trolled release — endosomal TLR activation.

Both edges receive moderate support. The
matched evidence captures related immune
activation and TLR-pathway activation, but
the generated chain compresses release, in-
tracellular delivery, and receptor engagement
into a short transition. This makes the proof
direction plausible but not highly specific.

Chain 3 (0.799): Cationic nanoemulsion
— membrane binding — antigen presen-
tation. The first edge is supported by a
cationic-lipid-charge-to-cell-membrane bind-
ing rule. The second edge is supported by
an antigen-presentation-related rule. This
chain is one of the clearer mechanistic
paths in the case, although the matched
evidence remains formulation-general rather
than antigen-specific.

* Chain 4 (0.381, Partial): Encapsulation of
TLR7/8 agonist and RBD antigen — sus-
tained immune activation — Thl priming.
The first edge receives partial support from
a sustained-release-related rule. The second
edge receives weak support from a rule about
dendritic-cell migration and antigen-specific
T-cell priming. This is directionally consis-
tent with the expert comment that antigen
loading and sustained release were not spec-
ified in sufficient detail in the generated re-
sponse. The trace therefore treats this chain as
partially supported rather than fully verified.

* Chain 5 (0.000, Hypothesis): CD80/CD86
expression — dendritic-cell maturation — T-
cell activation. This chain contains immuno-
logically related events, but the generated or-
dering is coarse because CD80/CD86 expres-
sion is more naturally interpreted as a marker
or consequence of dendritic-cell maturation
rather than its upstream cause. No high-
support theorem rule is retrieved for either
local transition. SAVANT marks the chain
as a hypothesis-level knowledge gap rather
than forcing support from loosely related evi-
dence.

Summary. Overall, the trace is directionally
consistent with the expert evaluation pattern of
4/4/3. The construction and terminal immune-
effect claims are broadly supported, while the
mechanism stage is weaker because several gener-
ated transitions are either too coarse or lack direct
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theorem-library support. Importantly, the expert
comments were made without access to the veri-
fication trace, yet they point to similar regions of
uncertainty, cross-variant protection is supported
mainly at a broad endpoint level, and the antigen-
loading or sustained-release mechanism is only
partially grounded in the Stage 3 proof trace. This
case illustrates that SAVANT can assign a partial
final verdict when the generated design is plausible
but the mechanistic chain contains under-specified
or weakly supported steps.
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GPT-40:

Vaccine Adjuvant Design for Classical Swine Fever Virus (CSFV) with a SpyCatcher/SpyTag  -Constrained Virus -Like Nanoparticle Syst em

To address the need for a modular vaccine platform for CSFV, leveraging the SpyCatcher/SpyTag system and virus  -like nanoparticles (VLPs), the adjuvant must be carefully designed to
enhance humoral immunity, promote Th1 polarization, and drive robust dendritic cell (DC) activation. Below, I outline a scien tifically grounded design for such an adjuvant system

Adjuvant Construction and Physical/Chemical Properties

Type and Formulation: The adjuvant will be a hybrid system composed of a stable Toll -like receptor (TLR) agonist -conjugated lipid nanoparticle (LNP) c ombined with a cationic polymer
scaffold. The LNP will encapsulate a TLR7/8 agonist (e.g., resiquimod, R848) for endosomal delivery and surface -conjugate a TLR4 agonist (e.g., monophosphoryl lipid A, MPLA) for
extracellular signaling. Additionally, the adjuvant will incorporate a cationic polymer, polyethyleneimine (PEI, molecular we  ight ~25 kDa), functionalized with SpyCatcher domains to
physically bind SpyTag -labeled VLPs.

Size and Charge: The LNPs will be optimized to a size of ~100 -120 nm in diameter with a slightly negative zeta potential (~ -10 mV) for efficient uptake by DCs. The polymer scaffold will be
positively charged (+20 -30 mV) to enhance electrostatic interactions with cell membranes and facilitate endosomal escape.

Preparation Method:
LNP Formation: The TLR7/8 agonist will be encapsulated into liposomes using thin -film hydration followed by extrusion. The lipid ition wi Il include pt idylcholine,
cholesterol, and MPLA -conjugated phospholipids.
Polymer Functionalization: PEI will be conjugated with SpyCatcher via N -hydroxysuccinimide (NHS) chemistry to allow modular assembly with SpyTag -labeled VLPs.
Adjuvant Assembly: SpyTag -labeled VLP antigens will be mixed with the SpyCatcher -functionalized PEI scaffold, followed by complexation with LNPs vi a mild agitation

Expected Immune Effects and Outcomes
Humoral Immunity: The adjuvant will elicit high titers of CSFV -neutralizing antibodies, driven by the robust activation of follicular helper T cel Is (Tfh) and germinal center B cells. The
display of antigens on VLPs, in combination with strong DC activation, will enhance B cell receptor cross  -linking and antigen pr ocessing, amplifying antibody production.
Th1 Polarization: The simultaneous activation of TLR4 and TLR7/8 will skew the CD4+ T cell response toward a Th1 phenotype, characterized by th e production of cytokines such as
interferon-gamma (IFN-y), interleukin-12 (IL-12), and tumor necrosis factor -alpha (TNF-a). This polarization will be crucial for controlling intracellular viral replication.
Dendritic Cell Activation: DCs will be potently activated by the dual TLR agonists. MPLA will engage cell surface TLR4, while the R848 encapsulated in L NPs will target endosomal TLR7/8.
This dual activation will upregulate major histocompatibility complex (MHC) class I and IT molecules, as well as co  -stimulatory molecules (CD80, CD86), enhancing antigen presentation to
T cells.
Cytokine Profiles: The adjuvant will induce a pro -inflammatory cytokine milieu, including IL -12, TNF-a, and IFN-y, to promote Th1 polarization. IL -6 will also be produced to support Tfh
differentiation and B cell responses.
Protection: The vaccine system is expected to induce sterilizing immunity against CSFV by neutralizing the virus in the extracellular spa  ce and eliminating infected cells via Th1 -mediated
mechanisms

Step-by-Step Causal Mechanism from Adjuvant Design to Immune Response
Adjuvant Uptake by APCs: The LNPs and VLP -polymer complexes are taken up by DCs via macropinocytosis and receptor-mediated endocytosis, facilitated by their nanoscale size
(~100 -120 nm) and surface charge properties.
TLR Activation:
- MPLA on the LNP surface interacts with TLR4 on the DC plasma membrane, triggering MyD88 - and TRIF-dependent signaling p athways.
- R848 is released in the following LNP ion and activates TLR7/8, further amplifying MyD88  -dependent sig naling.
Cytokine Secretion and DC Maturation: The dual TLR stimulation induces the production of IL -12, TNF-q, and type I interferons, promoting DC maturation. Mature DCs upregulate MHC
molecules and co -stimulatory proteins (CD80, CD86), enhancing their ability to interact with T cells.
Antigen Presentation:
- SpyTag -labeled VLPs bound to the polymer scaffold are efficiently processed and presented on MHC class I and Il molecul  es.
- Cross-presentation of antigens to CD8+ T cells is facilitated by the cationic PEI scaffold, which promotes endosomal es  cape of antigenic peptides.
T Cell Activation and Polarization:
- CD4+ T cells primed by DCs differentiate into Th1 cells under the influence of L -12 and type I interferons.
- CD8+ T cells are activated via cross -presentation, enabling cytotoxic responses against infected cells.
B Cell Activation and Humoral Immunity:
- The particulate nature of the VLPs enhances B cell receptor cross -linking, leading to robust activation.
- Tfh cells, driven by IL-6 and IL-21, provide cognate help to B cells in germinal centers, promoting high -affinity antibody producti on.
Immune Effector Functions:
- Neutralizing antibodies target CSFV particles in the extracellular space, preventing infection.
- Th1-mediated cytotoxic responses eliminate virus -infected cells, providing intracellular control of the virus.

This adjuvant system combines modularity, potent humoral immunity, and Th1 polarization, making it an ideal candidate foraS  pyCatcher/SpyTag -constrained VLP -based CSFV vaccine.
The dual TLR activation and antigen delivery strategy ensure robust activation of both the innate and adaptive immune systems , leading to long -lasting protection against CSFV.

(a) GPT-40 natural-language response for Case A.

SAVANT:
Vaccine and construction
Vaccine:
Name = CSFV SpyCatcher/SpyTag VLP Vaccine

Target disease = Classical Swine Fever Virus (CSFV)
Structure = SpyCatcher/SpyTag-constrained VLP system

Antigen:
Name = SpyTag-Labeled VLP Antigen
Component = SpyTag-labeled VLP [Protein]
Preparation = conjugate (SpyCatcher/SpyTagsystem)

Adjuvant:

Name = TLR Agonist-Conjugated LNP with PEI Scaffold

Type = Nanoparticle

Size = 100-120 nm

Shape = Spherical

Zeta potential = ~-10 mV (LNP), +20-30 mV (polymer)

Components = [R848 [SmallMolecule], MPLA[Lipid], Polyethyleneimine
(PEI) [Polymer],SpyCatcher[Protein] ]

Preparation = assemble

Immuneeffect claims

Claim = Enhance (humoral immunity)
Claim = Polarize(Thl response)
Claim = Activate(dendritic cells)
Claim = Protect(CSFV infection)

Mechanism chains
Size(100--120 nm) >> Uptake(dendritic cells) >> Activate(TLR7 and TLR4
pathways)

Contains (MPLA and R848) >> Activate (maturation of dendritic cells)>>
Secrete (IL-12 and IFN-gamma)

Form (SpyCatcher/SpyTag VLP-polymer complex)>> Present(antigens on MHC I
and II) >> Prime(CD8 and CD4 T cells)

Sustain(antigen exposure) >> Enhance (antibody production) >>
Neutralize (CSFV particles)

(b) SAVANT ontology-constrained DSL rendering for Case A.
Figure 4: Case visualization of natural-language response rendering. (a) shows the GPT-4o0-generated scientific
rationale, and (b) shows the corresponding SAVANT DSL representation after null fields are removed. The DSL

separates construction information, terminal immune-effect claims, and ordered mechanism chains for downstream
theorem-library verification.
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GPT-40:
Adjuvant Design for SARS -CoV-2 Vaccine

Adjuvant Construction and Physical/Chemical Properties
To achieve robust anti -receptor-binding domain (RBD) IgG, IgG1, and IgG2c responses, as well as cross -variant RBD IgG, the adjuv ant system will be based on a nanoemulsion platform
combined with a Toll -like receptor (TLR) agonist. The prop formulation i two key corr B
« Cationic Nanoemulsion (CNE):

- Composition: The nanoemulsion is composed of squalene (an FDA -approved biodegradable oil), stabilized with Tween 80 (a nonionic surfactant) and DOTAP (a cati  onic lipid to impart
positive surface charge).

- Size and Charge: The particle size will be maintained at ~150 nm, as particles in this range are effectively taken up by antigen -presenting cells (APCs) such as dendritic cells, The zeta
potential will be approximately +20 mV to facilitate interaction with negatively charged cell membranes.

- Preparation Method: The nanoemulsion will be formulated using high -energy ultrasonication, which ensures homogeneity and stability of the formulation. It will be op timized for
long-term stability under refrigerated conditions (2 -8°C) by adding cryoprotectants like trehalose during lyophilization.
+ TLR7/8 Agonist:

- Molecular Component: Imidazoquinolinone derivatives (e.g., resiquimod, R848) will be encapsulated in the  nanoemulsion. These molecules are potent activators of TLR7/8, which are
expressed on dendritic cells and monocytes.

- Encapsulation Efficiency: The hydrophobic nature of the TLR agonist ensures high encapsulation efficiency (>90%) within  the squalene core of the nanoemulsion. This encapsulation
ensures controlled release and prevents systemic toxicity.
+ Stability and Storage: The nanoemulsion system is optimized for long -term stability under refrigerated conditions, ensuring vaccine integrity during storage and transp ort. Lyophilized

formulations can be reconstituted without loss of efficacy.

Expected Immune Effects and Outcomes

The proposed adjuvant system is designed to induce the following immune effects:

+ Anti-RBD IgG Response: Cationic nanoemulsions enhance the delivery of RBD antigen to dendritic cells, boosting overall IgG production.

1g9G Subclass Responses: The addition of TLR7/8 agonists promotes a strong Th1 -skewed response, leading to elevated IgG2c levels (in mice, equivalentto  1gG1 in humans).
Simultaneously, the balanced adjuvant properties allow for IgG1 production, ensuring a mixed Th1/Th2 response.

Cross-Variant RBD IgG: By enhancing antigen uptake and presentation, the adjuvant system facilitates the generation of broadly neutralizing antibodi  es against conserved epitopes of
the RBD, potentially effective against multiple variants.

Cytokine Profiles: TLR7/8 activation leads to the production of type Iinterferons, IL -12, and TNF-a, which drive Th1 responses. IL -6 and IL-4 secretion are moderated to avoid excessive
inflammation while supporting antibody production.

« TCell Responses: The adjuvant system enhances CD4+ T cell activation (Th1 -biased) and promotes differentiation of cytotoxic CD8+ T cells, critica | for clearing infected cells.

Step-by-Step Causal Mechanism from Adjuvant Design to Inmune Response
- Antigen Delivery and Uptake:
- The cationic surface of the nanoemulsion facilitates electrostatic interactions with negatively charged cell membranes, enhancing uptake by dendritic cells and macrop hages via
endocytosis.
- The 150 nm particle size ensures efficient drainage to lymph nodes, where professional APCs reside.
+ Controlled Antigen Release:
- The encapsulated TLR7/8 agonist and the RBD antigen are co -delivered to APCs, ensuring simultaneous activation of innat e immune sensors and antigen processing.
- The slow release of the TLR agonist from the nanoemulsion prolongs immune activation, enhancing the magnitude of the response.
+ Innate Immune Activation:
- Upon uptake, the TLR7/8 agonist activates endosomal TLRs in dendritic cells and monocytes, leading to the production of  pro-inflammatory cytokines (e.g., IL-12, IFN-a) and
upregulation of costimulatory molecules (CD80, CD86).
- The resulting cytokine milieu favors a Th1 -biased adaptive immune response.
« Antigen Presentation and T Cell Activation:
- Processed RBD peptides are presented on MHC class I and II molecules to CD8+ and CD4+ T cells, respectively.
- CD4+ T cells differentiate into Th1 cells, driven by IL -12, producing IFN -y to support [gG2c production and cytotoxic T~ cell activation.
+ B Cell Activation and Antibody Production:
- The balanced cytokine environment supports germinal center formation and B cell differentiation into plasma cells, prod  ucing high-affinity anti-RBD antibodies (IgG, IgG1, IgG2c).
- Cross-variant neutralization is achieved by targeting conserved epitopes, enabled by robust antigen presentationand T cell help.
« Memory Formation:
- The strong innate and adaptive immune activation drives the generation of long -lived memory B and T cells, ensuring dur able immunity and rapid recall responses upon exposure to
SARS-CoV-2 variants.

This adjuvant system leverages synergistic innate immune activation and precision antigen delivery to achieve potent and dura ~ ble immune responses against SARS -CoV-2 and its evolving
variants.

(a) GPT-40 natural-language response for Case B.

SAVANT:
Vaccine and construction
Vaccine:
Name = SARS-CoV-2 vaccine with cationic nancemulsion

Target disease = SARS-CoV-2

preparation = Adjuvant and antigen assembly
Preparation type = assemble

Details = Combination of nanoemulsion and RBD antigen

Antigen:
Name = RBD antigen
Component = Receptor Binding Domain (RBD) [Protein]
Targeted response = anti-RBD IgG, IgGl, IgG2c
P tion = lation into 1
Preparation type = encapsulate
Encapsulation technique = encapsulation in squalene core

ion

Name = Cationic Nanoemulsion with TLR7/8 agonist

Type = Nanoparticle

Size ~150 nm

Shape = spherical

Zeta potential = +20 mV

Stability condition = refrigerated at 2-8°C with cryoprotectants

Components = [ squalene [Lipid], Tween 80 [Lipid], DOTAP [Lipid],
R848 [SmallMolecule] ]

Preparation = High-energy ultrasonication

Preparation type = emulsify

Emulsification method = high-energy ultrasonication

Immuneeffect claims

Claim = Enhance (IgG production)

Claim = Induce(Thl-skewed T cell responses)
Claim = Increase(cross-variant RBD IgG)
Claim Protect (against SARS-CoV-2 variants)
Claim = Sustain(antigen release)

Mechanism chains
Size (150 nm) >> Target(lymph nodes) >> Uptake(dendritic cells)

Contains (TLR7/8 agonist) >> Release(controlled TLR agonist delivery) >>
Activate (endosomal TLRs)

Form(cationic nanoemulsion) >> Bind(cell membranes) >> Enhance (antigen
presentation)

Encapsulate (TLR7/8 agonist and RBD antigen) >> Sustain(immune activation)
>> Prime (Thl responses)

Express (CD80 and CD86) >> Mature(dendritic cells) >> Activate(T cells)

(b) SAVANT ontology-constrained DSL rendering for Case B.
Figure 5: Second case visualization of natural-language response rendering. (a) shows the generated scientific
rationale, and (b) shows the corresponding structured DSL representation after null fields are removed. The DSL

separates construction information, terminal immune-effect claims, and ordered mechanism chains for downstream
verification.
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Case A Verification Trace - Stage 1/2 Final Verdict
VERIFIED

Overall score: 4.0204

Stage 1 - Construction Stage 2 - Immune Effects
4.0 VERIFIED 4.068 VERIFIED
Raw support: 0.884 - guarded aggregation Average concept score: 0.810 - specificity calibration
Stage 1 - Construction Proof Obligations Stage 2 - Effect Proof Obligations
Query obligation Matched theorem DSL. Score Status Query claim Matched theorem DSL. Score Status
Type(type=Nanoparticle)  ga_801_co_002 1.00 ( SUPPORTED Enhance (hunoral STAGE2-ENDPOINT-ONTOLOGY 0.90  SUPPORTED
MATCHED THEOREM DSL immunity) MATCHED THEOREM DSL
Type(type=Nanoparticle) = TerminalEffectConcept(?) = Enhance(humoral immunity)

AdjuvantProperty (property=type, value=Nanoparticle)
Endpoint ontology
Expert-annotated rule

Polarize(Thi response) VAXJ0-STAGE2 0.72  SUPPORTED

size(value=100-120 nm) 4a_034_co_003 0.92 (‘SUPPORTED T
MATCHED THEOREM DSL AdjuvantContext (Polyethyleneimine vaccine adjuvant) =
Size(value=Quantity(100.0 nm)) = Polarize(Thl response)
5 perty (property=size, 100nm)

Ontology-derived rule
Expert-annotated rule

i -06Y 0.72 SUPPORTED
Method(method=assenble) ~ ga_60l_co 012 1.00 | SUPPORTED cells) e T
MATCHED THEOREM DSL TerminalEffectConcept(?) = Activate(dendritic cells)
Hethod(method=assenble) = R
AdjuvantProperty (property=hethod, value-assenble) Endpoint ontology
Expert-annotated rule Protect (CSFV STAGE2-ENDPOINT-ONTOLOGY 0.90  sUPPORTED

infection) MATCHED THEOREM DSL

Contains (component=MPLA! 2_609_co_oe3
(comp e 100 (QERECEED TerminalEffectConcept(2) = Protect(CSFV infection)

MATCHED THEOREM DSL
Contains (component=HPLA) = Endpoint ontology
AdjuvantProperty (property=Contains, value=HPLA)

Expert-annotated rule

Contains(component=PEI) ga_601_co_008 0.46 | PARTIAL
MATCHED THEOREM DSL
Contains (component=peptide phospholipid scaffold) =
AdjuvantProperty (property=Contains, value-peptide
phospholipid scaffold)
Expert-annotated rule
AgMethod (method=conjugate) qa_037_ag_020 1.00 | SUPPORTED

MATCHED THEOREM DSL
Aghethod(method=conjugate) =
AntigenProperty (property-AgMethod, value=conjugate)

Expert-annotated rule

Figure 6: Verification trace for Case A, Stages 1-2. Green indicates high-support matches and yellow indicates
partial or approximate matches. Full evidence text, long source titles, internal debug fields, and null fields are
omitted for readability.
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Case A Verification Trace - Stage 3 Minimal Sub-Theorem Proof

Mechanism Edge Trace

Chain 1
Chain score 0.743 - Verified

5ize(100-120 nm) — Uptake(DCs) —» Activate(TLR pathways)

Step 1 proof 0.359
QUERY EDGE

Size(100-120 nm) = Uptake(dendritic cells)

MATCHED THEOREM DSL - ADJ_BRIDGE_R1_ATOMIC_00074

size(target-366 to 350 nm) = Enhance(target=cellular internalization)

Skill-extracted rule

Chain 2
Chain score 0.838 - Verified

Contains(MPLA + R848) —» Activate(DC maturation) —» Secrete(IL-12 / TFN-y)

Step 1 proof 0.522
QUERY EDGE
Contains(MPLA and R848) => Activate(maturation of dendritic cells)
MATCHED THEOREM DSL - VAXJO_VO_RECEPTOR_00032
Contains (conponent=mpl-a) = Activate(target=TLRa)
Ontology-derived rule
Chain 3 Form(VLP-polyner complex) > Present(MHC I/ II) —» Prime(T cells)
Chain score 0.823 - Verified
Step 1 proof 0.438
QUERY EDGE

Form(SpyCatcher/spyTag VLP-polymer complex) = Present(antigens on MHC T and IT)
MATCHED THEOREM DSL - IMM_R2_ATOMIC_00104
Increase(target-phagosomal alkalinization) = Present(target=MiC I peptide complexes)

Skill-extracted rule

Chain 4
Chain score 0.419 - Partial

sustain(antigen exposure) — Enhance(antibody production) —»

Step 1 proof 0.594
QUERY EDGE

sustain(antigen exposure) = Enhance(antibody production)

MATCHED THEOREM DSL - QA_016_CHAIN_002_R002_002

Sustain(target-antigen release) = Enhance(target=cytokine secretion)

Expert-annotated rule

@ High local proof score @ Moderate local proof score / partial support @ No high-support match / local knowledge gap

Neutralize(CSFV particles)

Stage 3 - Mechanism

4.0

4 chains - aggregated support: 0.705

VERIFIED

0.743 VERIFIED
Step 2 proof 0.353
QUERY EDGE
Uptake (dendritic cells) = Activate(TLR7 and TLRA pathways)
MATCHED THEOREM DSL - IMM_R2_ATOMIC_00888
Enhance(target=PLC gamma activation) = Activate(target=NFkB activation)
Skill-extracted rule
0.838 VERIFIED
Step 2 proof 0.667
QUERY EDGE
Activate(maturation of dendritic cells) = Secrete(IL-12 and IFN-ganma)
MATCHED THEOREM DSL - IMM_R2_ATOMIC_00046
Activate(target=iK cell activation) = Secrete(target=IFN gamma secretion)
Skill-extracted rule
0.823 VERIFIED
Step 2 proof 0.676
QUERY EDGE
Present(antigens on MHC T and I1) = Prime(CDE and (D4 T cells)
MATCHED THEOREM DSL - IMM_R2_ATOMIC_00203
Present (target=MHC IT antigen presentation) = Prine(target=Tfh cell help)
Skill-extracted rule
0.419 PARTIAL
Step 2 proof 0.000
QUERY EDGE

Enhance(antibody production) = Neutralize(cSFV particles)
MATCHED THEOREM DSL
tio high-support theorem rule found.

Knowledge gap

Figure 7: Verification trace for Case A, Stage 3. The figure shows minimal sub-theorem proof over adjacent mecha-
nism edges. Green indicates high local support, yellow indicates partial support, and red indicates a local knowledge

&ap.
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Case B Verification Trace - Stage 1/2 Final Verdict
PARTIAL

Overall score: 3.6712

Stage 1 - Construction Stage 2 - Immune Effects
4.0 VERIFIED 4.237 VERIFIED
Raw support: 0.838 - guarded aggregation Average concept score: 0.836 - specificity calibration
Stage 1 - Construction Proof Obligations Stage 2 | Effect Proof O
Query obligation Matched theorem DSL Score Status Query claim Matched theorem DSL. Score Status
Type(type=Nanoparticle) qa_0e1_co_002 1.00 | SUPPORTED Enhance(IgG production)  STAGE2-ENDPOINT-ONTOLOGY 0.90 (SUPPORTED
MATCHED THEOREM DSL MATCHED THEOREM DSL
Type(type=Nanoparticle) = TerminalEffectConcept(?) = Enhance(IgG production)
Adj property=type, "ticle)

Endpoint ontology
Expert-annotated rule

Induce(Thl-skewed T cell VAXJO-STAGE2 0.72 ( SUPPORTED
Size(value=~150 nm) 3_034_co_003 0.70 ( SUPPORTED responses) MATCHED THEOREM DSL
MATCHED THEOREM DSL AdjuvantContext(squalene vaccine adjuvant) =
Size(value=Quantity(100.0 nm)) = Tnduce(Thi-skewed T cell responses)
Adj P property=size, 106nm)

Ontology-derived rule
Expert-annotated rule

Increase(cross-variant  STAGE2-ENDPOINT-ONTOLOGY 090 Eon
Method(method=emulsify) qa_010_co_003 1.00 | SUPPORTED RBD IgG) MATCHED THEOREM DSL
MATCHED THEOREM DSL TerminalEffectConcept(?) = Increase(cross-variant RBD
Hethod (method=emulsify) = 1e6)
5 perty(property-] b ify)

Endpoint ontology
Expert-annotated rule

Protect(against SARS- -ONTOLOGY 0.90 ( SUPPORTED
Contains (component=R848) 92_002_co_048 0.53 | PARTIAL CoV-2 variants) MATCHED THEOREM DSL
MATCHED THEOREM DSL TerminalEffectConcept(?) = Protect(against SARS-CoV-2
Contains (component=Resiquinod) = variants)
AdjuvantProperty(property=Contains,
value=Resiquimod) Endpoint ontology
Expert-annotated rule Sustain(antigen release) qa_@9_imm_017 0.76 | SUPPORTED
5 MATCHED THEOREM DSL
Contains (component=DOTAP. qa_667_co_oes
¢ P ) 0.64 LIt Contains(component=SpFN ALFQ) =
MATCHED THEOREM DSL get= g antibod
Contains (conponent=PDA) = months)

AdjuvantProperty (property=Contains, value=PDA)
Expert-annotated rule
Expert-annotated rule

Aghethod (method=encapsulate) qa_037_ag_020 0.52 | PARTIAL
MATCHED THEOREM DSL

Aghethod (method=conjugate) =
AntigenProperty(property=Aghiethod, value=conjugate)

Expert-annotated rule

Figure 8: Verification trace for Case B, Stages 1-2. Green indicates high-support matches and yellow indicates
partial or approximate matches. Full evidence text, long source titles, internal debug fields, and null fields are
omitted for readability.
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Case B Verification Trace - Stage 3 Minimal Sub-Theorem Proof Stage 3 - Mechanism
3.0

5 chains - aggregated support: 0.561

Mechanism Edge Trace

Chain 1 Size(150 nm) > Target(lymph nodes) > Uptake(DCs) 0.882 VERIFIED
Chain score 0.882 - Verified
Step 1 proof 0.860  Step 2 proof 0.551
QUERY EDGE QUERY EDGE
Size(150 nm) = Target(lymph nodes) Target(lymph nodes) = Uptake(dendritic cells)
MATCHED THEOREM DSL - QA_029_CHAIN_002_R001_000 MATCHED THEOREM DSL - QA_029_CHAIN_001_R002_001
Size(target=116nm) = Target(target=lymph node) Target(: =lymph node) = Enh: rget=pentamer antibody titer)
Expert-annotated rule Expert-annotated rule
Chain 2 Contains(TLR7/8 agonist) — Release(TLR agonist) — Activate(endosomal TLRs) 0.744 VERIFIED
Chain score 0.744 - Verified
Step 1 proof 0.366  Step 2 proof 0.356
QUERY EDGE QUERY EDGE
Contains(TLR7/8 agonist) = Release(controlled TLR agonist delivery) Release(controlled TLR agonist delivery) => Activate(endosomal TLRs)
MATCHED THEOREM DSL - QA_001_IMM_048 MATCHED THEOREM DSL - QA_039_CHAIN_001_R002_001
Contains( ~peptide) = get=tunor inhibition) get=APC uptake) = R1 TLR2 pathuay)
Expert-annotated rule Expert-annotated rule
Chain 3 Form(cationic nanoemulsion) > Bind(cell membranes) -~ Enhance(antigen presentation) 0.799 ViEAED
Chain score 0.799 - Verified
Step 1 proof 0.495  Step 2 proof 0.500
QUERY EDGE QUERY EDGE
Form(cationic nanoemulsion) = Bind(cell membranes) Bind(cell membranes) = Enhance(antigen presentation)
MATCHED THEOREM DSL - ADJ_BRIDGE_R1_ATOMIC_00144 MATCHED THEOREM DSL - QA_005_IMM_073
AdjuvantProperty(property=cationic lipid charge) = Bind(target=cell membrane) Contains(component=R4Pam2CysB) => Enhance(target=antigen presentation)
Skill-extracted rule Expert-annotated rule
Chain 4 Encapsulate(TLR agonist + RBD) —» Sustain(immune activation) —5 Prime(Thl responses) 0.381 PARTIAL
Chain score 0.381 - Partial
Step 1 proof 0.404 | Step 2 proof 0.227
QUERY EDGE QUERY EDGE
Encapsulate(TLR7/8 agonist and RBD antigen) => Sustain(immune activation) Sustain(immune activation) => Prime(Thl responses)
MATCHED THEOREM DSL - QA_016_CHAIN_002_R001_000 MATCHED THEOREM DSL - IMM_R2_ATOMIC_00164
Contains( V) = in(: igen release) Migrate(target=CCR7 dependent DC migration) = Prime(target=antigen specific T cell

Expert-annotated rule priming)

Skill-extracted rule

Chain 5 Express(CDBO/CD86) —>  Mature(DCs) —>  Activate(T cells) 0.000 TR
Chain score 0.000
Hypothesis Step 1 proof 0.000 | Step 2 proof 0.000

QUERY EDGE QUERY EDGE

Express(CD80 and CD36) = Mature(dendritic cells) (e (e i) =5 [ o i)

MATCHED THEOREM DSL MATCHED THEOREM DSL.

[0 (et G i [ (R e e s e

Knowledge gap Knowledge gap

@ High local proof score @ Moderate local proof score / partial support @ No high-support match / local knowledge gap

Figure 9: Verification trace for Case B, Stage 3. The figure shows minimal sub-theorem proof over adjacent mecha-
nism edges. Green indicates high local support, yellow indicates partial support, and red indicates a local knowledge
gap.
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