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Abstract

Introduction: Biomedical PDFs distribute an-
swer evidence across prose, tables, figures,
and cross-document relations, complicating
the retrieval of answer-sufficient context. We
examine whether graph and multimodal re-
trieval provide complementary answers and
whether direct concatenation exploits this
complementarity. ~ Methods: We screen
13 local generators on 205 pharmacokinet-
ics/pharmacodynamics multiple-choice ques-
tions and evaluate 11 retrieval conditions over
ten runs for five selected models. We quan-
tify questions answered correctly by either or
both retrieval routes and compare direct fu-
sion with each standalone route using paired
question-level bootstrap intervals. A sepa-
rate ten-run panel tests answer order, irrele-
vant context, paraphrasing, generated distrac-
tors, and option removal. Results: Multi-
modal retrieval alone answers 11.5-16.2% of
questions correctly that graph retrieval misses,
while graph retrieval alone answers 7.9-13.9%
that multimodal retrieval misses. Counting a
question as correct whenever either route suc-
ceeds yields an oracle upper bound of 69.5-
77.7%, exceeding direct concatenation by 8.4—
13.5 percentage points. Direct fusion improves
on the stronger standalone route by at most
0.6 points; paired intervals include zero in all
ten model-depth comparisons. In repeated
evaluation, Gemma-4-31B with multimodal re-
trieval achieved the highest accuracy (66.6%,
95% CI 65.4-67.8). Discussion: The central
finding is substantial answer-level complemen-
tarity that direct concatenation does not reli-
ably exploit. The oracle bound measures ret-
rospective selection, not an implemented rout-
ing method. These findings motivate evaluat-
ing source-aware routing or reranking to select
between complementary retrieval routes.

1 Introduction

Retrieval-augmented generation (RAG) grounds
model outputs in external evidence (Lewis et al.,

huong.nt@pctu.edu.vn

2020), but biomedical PDFs complicate evidence
retrieval. A single answer may depend on prose
that identifies a drug or endpoint and a table or fig-
ure that provides the decisive dose, population, or
numerical value. Document-level recall is there-
fore insufficient: the system must retrieve answer-
sufficient evidence while preserving its source and
page context.

Our previous study in glycobiology compared
text conversion with OCR-free page retrieval on
120 questions (Kocbek et al., 2025). Its results
showed that retrieval effectiveness depended on
both evidence representation and generator capa-
bility. The present PK/PD study shifts the focus
from document conversion to evidence selection:
once text, tables, figures, and pages are indexed,
does graph retrieval improve biomedical question
answering, and can graph and multimodal evi-
dence be combined effectively?

Graph retrieval can connect entities and rela-
tions that are separated across chunks or docu-
ments. LightRAG integrates graph and vector
representations with low- and high-level retrieval
(Guo et al., 2025b); our pipeline extends its input
with source-linked text, tables, figures, and image
descriptions, consistent with the multimodal de-
sign of RAG-Anything (Guo et al., 2025a). This
expansion may recover otherwise fragmented ev-
idence, but it may also introduce generic enti-
ties, indirect relations, or excessive context that
displaces the exact passage, table cell, or figure
needed for an answer.

Figure 1 summarizes the evidence-first archi-
tecture, which uses MinerU for PDF extraction
(Wang et al., 2024), Milvus for source-linked
search (Wang et al., 2021), and model-isolated
LightRAG graphs. Across thirteen local genera-
tors, we compare text, visual-asset, multimodal,
page-level late-interaction, graph, and graph—
multimodal retrieval. Five selected models are
evaluated over ten repeated runs; additional pertur-
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bations test answer order, irrelevant context, para-
phrasing, distractors, and option removal. A cen-
tral contribution is the answer-level complemen-
tarity analysis: graph and multimodal routes an-
swer partly different questions correctly. Selecting
the correct answer whenever either route succeeds
yields an oracle upper bound 8.4-13.5 percentage
points above direct concatenation.

2 Related Work

Building RAG systems for biomedical documents
requires a common representation that can sup-
port several retrieval routes. Scientific PDFs must
first be converted into structured, source-linked ev-
idence that preserves prose, tables, figures, cap-
tions, and page provenance. We use MinerU be-
cause a single extraction pipeline can be reused
for text retrieval, multimodal ingestion, and Ligh-
tRAG graph construction: text and Markdown sup-
port chunking and graph extraction, while tables,
figures, crops, and captions provide typed multi-
modal evidence (Wang et al., 2024). This shared
preprocessing avoids separate document conver-
sions for each retriever and keeps their outputs
aligned to the same source locations.

The resulting representations also require a stor-
age layer that can serve different indexing strate-
gies. Milvus provides scalable vector manage-
ment and similarity search (Wang et al., 2021)
while separating storage, indexing, and query ex-
ecution (Guo et al., 2022). In our architecture,
it stores dense text and visual embeddings, Ligh-
tRAG chunks, entities, and relations, and the
page-level multi-vector representations required
by late-interaction retrievers such as ColPali and
ColQwen. Document, page, modality, retrieval-
model, and generator identifiers preserve prove-
nance and isolate model-specific collections while
allowing all retrieval routes to use a common back-
end.

Multimodal retrieval can index extracted assets
or rendered pages. ColPali extends ColBERT-style
late interaction (Khattab and Zaharia, 2020) by
matching query tokens against page-patch embed-
dings (Faysse et al., 2025). This preserves local-
ized visual signals without cross-encoding every
page, but increases storage and similarity cost; re-
ducing page vectors trades efficiency against qual-
ity (Maetal., 2025). Joint image—text memory can
outperform text-only retrieval (Chen et al., 2022),
yet realistic multimodal systems remain vulnera-

ble to tables and rephrased queries (Wasserman
et al., 2025). A highly ranked page is therefore
not necessarily answer-sufficient evidence.

Graph retrieval represents relations spanning
chunks, pages, or documents. GraphRAG uses en-
tity graphs and community summaries (Edge et al.,
2024); LightRAG combines graph indexing, vec-
tors, dual-level retrieval, and incremental updates
(Guo et al., 2025b). Its RAG-Anything integration
supports interleaved text, tables, images, and equa-
tions (Guo et al., 2025a). We ask whether graph
structure adds decisive biomedical evidence and
whether it can be combined with multimodal can-
didates without indirect context displacing direct
evidence.

Multiple-choice questions (MCQs) permit con-
sistent scoring across models and runs without a
generative judge, but options can reveal cues, sup-
port elimination, and make results sensitive to or-
der and distractor quality (Balepur et al., 2025).
Surface validity is distinct from psychometric
plausibility (Feng et al., 2024), and choice-aware
generation can produce more discriminating alter-
natives than generic methods (Lee et al., 2025).
We therefore treat MCQ accuracy as an evaluation
instrument, and audit answer order, paraphrasing,
distractor replacement, and option removal.

3 Materials and Methods

3.1 Benchmark and task

The benchmark contains 205 PK/PD MCQs: 68
easy, 69 medium, and 68 hard. A master’s-trained
domain researcher developed and refined the ques-
tions with input from a doctoral student, using 60
source papers. The benchmark workbook records
source DOIs and answer locations in pages, tables,
figures, or text. Multiple development iterations
reviewed the questions and retrieval-difficulty la-
bels: when a model correctly answered a hard
question with sufficient supporting explanation,
the question was downgraded or replaced. This
constitutes iterative domain review; independent
expert validation remains a future step. It covers
antimicrobial PK/PD, with particular emphasis on
beta-lactam therapy. Questions address dosing and
infusion strategies, exposure targets, therapeutic
drug monitoring, tissue distribution, efficacy and
toxicity, and dose individualization in clinically
complex populations. Easy questions use explicit
textual evidence; medium questions require tables,
figures, or within-document synthesis; hard ques-
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Figure 1: API-native, evidence-first multimodal GraphRAG architecture and evaluation workflow.

tions integrate sections or papers. Options are in-
cluded in the retrieval query because a distinguish-
ing drug, dose, endpoint, or value may appear only
there. The primary outcome is exact option ac-
curacy. Document hit rate indicates whether the
linked paper was retrieved, not whether the con-
text was answer sufficient.

3.2 Parsing and evidence preservation

MinerU converts PDFs into structured Markdown
and visual assets. Documents longer than 20 pages
are rendered and processed in consecutive 20-
page batches to control memory use and process-
ing time. The MinerU outputs are then reassem-
bled in their original page order before inges-
tion, with global page numbers and source prove-
nance preserved across batch boundaries. Typed
table records retain body, caption, footnote, crop,
source, and page; figure records retain crop, cap-
tion, local text, source, and page. This follows
MinerU’s structured extraction (Wang et al., 2024)
and RAG-Anything’s interleaved multimodal rep-
resentation (Guo et al., 2025a).

Text chunks and visual descriptions are embed-
ded and stored in Milvus (Guo et al., 2022). Ap-
proximate search uses a Hierarchical Navigable
Small World (HNSW) index, a multilayer proxim-
ity graph that efficiently narrows the search from
broad neighborhoods to nearby vectors (Malkov
and Yashunin, 2020); page-image retrievers use

ColPali-style late interaction (Faysse et al., 2025).

3.3 Native LightRAG graph

LightRAG constructs graphs from MinerU Mark-
down and typed multimodal records (Guo et al.,
2025b). LLM-based indexing extracts domain en-
tities and relations; query keywords select entities
and higher-level concepts. Each dataset-model
pair uses a separate Milvus database to isolate
graphs, vectors, and assets.

Context prioritizes concrete text windows, table
bodies, figure-local text, source links, and page
metadata over graph summaries. We evaluate one-
and two-hop traversal. Combined conditions con-
catenate LightRAG nodes and relations with the
top 10 multimodal candidates, without learned gat-
ing or reranking (Section 5.1). Graph-MM 1-
Hop and Graph-MM 2-Hop denote these direct-
concatenation baselines.

3.4 Retrieval conditions and models

We evaluate zero-shot, text, visual-asset, and mul-
timodal RAG; ColPali, ColQwen, and Modern-
VBERT page retrieval, graph retrieval at one
and two hops; and graph—multimodal retrieval at
both depths. The 13-model screen spans dense
and sparse mixture-of-experts generators with 4B—
428B total parameters. Models are served locally
with vLLM 0.24.0 on one to four H200 GPUs, us-
ing checkpoint-native BF16, FP8, NVFP4, INT4,
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W4A4, or MXFP8 formats and context windows
of 110,000-262,144 tokens (Kwon et al., 2023).
Sampling follows checkpoint recommendations;
the five repeated models use temperature 1.0 and
top-p = 0.95, with top-k = 64 for Gemma, 20
for Qwen, and no explicit top-k for MiniMax-M3.
Retrieval uses top-k = 10. The random seed was
unset; the runtime default is presumed to be 0.

3.5 Screening and repeated analysis

In Stage 1, we screen 13 generators once across
zero-shot, text, multimodal, graph, and graph—
multimodal conditions. Accuracy, model size,
and local feasibility are then used to select
five models: Gemma-4-31B, Gemma-4-26B-A4B,
Qwen3.6-27B, Qwen3.6-35B-A3B, and MiniMax-
M3. In Stage 2, we repeat all 11 conditions ten
times for these models. Stages 1 and 2 use exactly
the same 205 questions, with no development/test
split. Each completed run is one statistical sample
(n = 10 runs per model-condition), and 95% in-
tervals are calculated across the ten run-level met-
ric estimates to quantify run-to-run variability. For
Gemma-4-31B, we also aggregate accuracy, total
tokens, and hit rate within each run and difficulty
stratum.

Within each run, we classify each question as
correct under both routes, multimodal only, graph
only, or neither. The union of the first three de-
fines an ideal-selection upper bound; route-only
categories measure complementarity, and its gap
from direct fusion measures unrealized potential.
Complementarity estimates are then summarized
across the same ten run-level samples (n = 10).
We additionally calculate paired 95% question-
cluster bootstrap intervals for direct fusion minus
each standalone route, by resampling questions
10,000 times. Each sampled question retains its re-
sults from all ten runs and all compared methods;
duplicate questions are sampled together. This up-
per bound uses oracle selection: it chooses the suc-
cessful route after the correct answer is known. It
therefore measures the potential value of route se-
lection, but not the performance of a deployable
system that must choose a route before answering.

3.6 Robustness perturbations

In Stage 3, we evaluate the five selected genera-
tors under zero-shot and text retrieval over ten runs
per condition. Answer shuffling probes positional
bias (Pezeshkpour and Hruschka, 2024); context
noise probes distractibility (Shi et al., 2023; Liu

et al., 2024); and paraphrasing probes semantic in-
variance and can support decontamination audits
(Yang et al., 2023). Generated distractors replace
incorrect options, while the open-ended condition
removes all options (Feng et al., 2024; Lee et al.,
2025; Balepur et al., 2025).

We pool binary responses to obtain 95%
Agresti—Coull intervals, which estimate a bino-
mial proportion using adjusted success counts and
an adjusted effective sample size, providing more
stable coverage than the simple Wald interval
(Agresti and Coull, 1998). Each perturbation is
compared with its baseline using a two-proportion
z-test; baselines have no test. Results are ex-
ploratory because pooling ignores question pairing
and repeated-run dependence.

4 Results

4.1 Stage 1: broad single-run screen

Figure 2 shows that no retrieval architecture dom-
inated the broad 13-generator screen. Gemma-
4-31B was strongest with multimodal retrieval
(68.3%), Gemma-4-26B-A4B with both one-
and two-hop graph retrieval (64.9% for each),
and Qwen3.6-35B-A3B with two-hop graph—
multimodal fusion (66.8%). ColQwen raised
Qwen3.6-27B page retrieval to 51.2%, compared
with 28.3% for ColPali, but remained below that
model’s best graph result of 62.4%. This hetero-
geneity motivated selection of five models for re-
peated evaluation in Stage 2.

4.2 Stage 2: retrieval analysis (n=10)

Table 2 compares the 11 repeated conditions.
Gemma-4-31B is highest with multimodal re-
trieval (66.6%, 95% CI 65.4-67.8), followed by
Qwen3.6-27B with multimodal retrieval (65.1%,
63.1-67.2) and MiniMax-M3 with one-hop di-
rect fusion (65.0%, 62.8-67.3). Direct fusion
exceeds the better same-depth component only
for Qwen3.6-35B-A3B (+0.6 and +0.1 percent-
age points at one and two hops) and MiniMax-
M3 at one hop (+0.5 percentage points). Paired
question-cluster intervals for direct fusion minus
the stronger standalone route include zero in all
ten model—depth comparisons. These exploratory
results concern direct concatenation, not evidence
fusion generally.

189



RAG

MEdGemma-4B --

Gemma-4-26B-A4B 28.3
DiffusionGemma-26B -
MedGemma-278B 23.4
Gemma-4-31B
Qwen3.6-27B
Qwen3.6-35B-A3B

Qwen3.5-122B-A10B

Late-interaction retrieval

Graph RAG Graph+MM
100

s05 405 415 -

64.9 64.9 55.1 59.5

53.2 51.2 493 48.8 8>

51.7 53.2 51.7 57.6

61.5 60.0 65.4 67.8 2o g
z

58.5 62.4 58.0 60.0 @
=]

- 60 o

63.4 63.9 65.4 66.8 ®
3

50.2 43.9 50.2 483 - £
ko]
©

44.4 49.3 51.7 49.3 X

- 40

58.5 59.5 65.4 64.4

vs oo IS

55.1 53.7 53.2 54.1 25 (chance)

61.5 64.4 66.3 66.8

& K K K K
0\0“‘ N &X\ @’X\ 2
© X X A A
(, (, X X
& &
& &

Note: Cells report exact-match accuracy on 205 four-option questions. Graph+MM denotes direct concatenation of graph and multimodal candidates; white

separators group conventional, page-level, graph, and fused retrieval routes.

Figure 2: Accuracy across generators and retrieval architectures in Stage 1.

Table 2: Retrieval comparison in Stage 2 across n = 10 runs.

Zero-shot Text Visual Multi- Modern- Col- Col- Graph Graph Graph+MM  Graph+MM
Model Metric generation retrieval assets modal VBERT Pali Qwen 1-hop 2-hop 1-hop 2-hop
36.2 60.3 54.5 66.6 33.7 36.6 46.6 61.3 60.6 65.8 66.1
Acc. [35.0-37.5) [59.5-61.1] [53.1-55.9] [65.4-67.8] [327-348) [35.1-38.11 [45.1-48.1] 160.2-62.4] [59.4-61.9] [64.5-67.0] [65.3-66.9]
Gemma-4-31B 0.0 93.2 94.6 33.7 89.3 96.9 96.3 93.0 92.7
Hit [n/a] 193.2-93.2] [88.8-88.8] [94.6-94.6] 133.7-33.7) [31.7-31.7) 89.3-89.3] 196.7-97.1] 195.9-96.7] [92.4-93.6] [923-93.1]
564/125 5,363/129 6,292/165 5,568/140 3,783/140 3,775/150 3,774/160 5,796/131 5,886/131 6,076/130 6,132/130
Tok. Is64-S64124-125] 15:363-5.363:128-130] 16292-6292:162-167] 15:368-5.568:139-141] BB BT AT B TIsS6-163] s 2 (6118-6.146:129-131]
30.7 57.0 43.8 60.8 32.7 33.0 40.1 59.6 59.9 583 59.1
Acc. [29.1-32.2] [55.0-59.0] [42.4-45.1] [59.6-62.0] 130.5-34.9] [31.8-34.3] [37.6-42.6] [58.2-609] [58.8-60.9] [56.9-59.8] [57.9-60.2]
Gemma-4-26B-A4B . 33.7 89.3 95.4 96.3
Hit n/al 192.7-92.7) [89.9-90.3] [94.1-94.1] (33.7-33.7) [33.7-33.7] (89.3-89.3] 195.0-95.7) [96.0-96.5] 92.2-92.9] [93.7-94.2]
564/125 5,367/150 6,552/208 5,652/166 3,783/155 3,775/168 3,774/195 5,564/161 5,641/160 6,164/158 6,218/162
Tok. 1564-564:125-126] 15367-5.367:147-153] 16541-6.562:200-217) [5652-5652:161-1701 BIBAT-163] BT53775160-175] B3 771842051 15585-5.572:158-1651 15633-5,649:155-165] (6.149-6,178153-1631 16202-6235158-1661
34.0 61.3 52.5 65.1 . 33.2 47.1 61.7 61.5 64.9 64.2
Acc. [31.8-36.2] [59.7-62.8] [50.0-55.1] [63.1-67.2] [31.6-35.4] [31.4-349] [45.8-48.4] 160.2-63.2] [60.3-62.8] [63.3-66.5] [63.3-65.2]
Qwen3.6-27B 0.0 91.7 89.8 94.6 . 33.7 89.3 97.2 97.2 93.6 94.0
Hit n/a] 191.7-91.7] [89.8-89.8] [94.6-94.6] 133.7-33.7) [33.7-33.7) (89.3-89.3] 196.7-97.7) 196.8-97.7] 93.0-94.1) 93.3-94.6]
Tok 554/190 5,554/285 9,949/299 6.661/269 8,833/224 8,895/247 8,894/298 6,177/263 6,258/265 6,539/263 6,620/298
33.5 57.6 423 55.8 30.4 31.1 37.6 57.6 58.0 58.2 58.1
Acc. [323-347] [55.6-59.5 [40.7-43 8] [54.4-57.2] [29.4-314] [29.7-32.4 (35.9-39.4) [56.6-58.6] [56.2-59.81 (56.0-60.4] [56.2-60.0]
Qwen3.6-35B-A3B 0.0 92.2 87.8 93.7 33.7 24.4 89.3 959 96.3 92.5 93.7
Hit [n/a] 1922-922] [87.8-87.8] [93.7-93.7] [33.7-33.7) [24.4-24.4] [89.3-89.3] 195.4-96.5 95.9-96.7] 191.7-93.3] [93.2-94.1]
554/141 5.560/258 10,798/192 6.866/170 8.833/149 8,895/169 8.,894/170 6,251/213 6,306/228 6.728/188 6.776/177
Tok. [554-554:138-143) 5.560-5.560:234-281] [10.795-10.795:185-201] 16:366-6.866:159-151] [BE-8TRI-154] 15895-8.3951157-182] 83048 894:158-153] [6241-6.262:195-232] (6292-6321:205-251] 16710-6746:166-210] 16764-6788:171-152]
35.3 59.6 54.5 64.5 33.7 34.0 40.4 64.0 63.7 65.0 64.4
Acc. [33.9-36.7) [58.2-609] [52.9-56.2] [63.2-65.9] [31.3-36.1] [322-35.9] [38.9-41.8] 161.9-66.1] [622-65.2] [62.8-67.3] [62.6-66.2]
MiniMax-M3 91.7 91.2 33.7 89.3 96.9 95.7 94.3 93.2
Hit [w/a] 91.7-91.7] 191.2-91.2] [94.6-94.6] [33.7-33.7] [33.7-33.7) [89.3-89.3] 196.5-97.3] 95.1-96.4] [93.7-94.8] [92.7-93.7]
670/113 5,085/132 10,765/160 7.111/145 6,614/131 6,664/137 6,684/145 5,825/135 5,821/136 6.513/137 6.593/137
Tok. f6T0-670:112-113) [5.085-5.085:131-133] 110.765-10.765:155-163] T ) z 2y

Note: Acc. = exact-match accuracy; Hit = document hit rate (%); Tok. = mean input/output tokens. Smaller text gives 95% intervals. Zero-shot generation
retrieves no context, so its document hit rate is fixed at 0% and an interval is not applicable (n/a). Graph+MM = direct graph—multimodal candidate concatenation.

Bold marks the best point estimate within each metric row.

4.2.1 Late interaction is useful but
insufficient

ColQwen beats ColPali by 6.4-13.9 percentage
points across the five generators and achieves an
89.3% document hit rate, compared with 24.4—
33.7% for ColPali. Nevertheless, it remains
18.0-24.1 percentage points behind multimodal re-

trieval. The result separates retrieval from evi-
dence sufficiency: page-level late interaction can
locate the linked document while failing to iso-
late the decisive cell, caption, dose, or endpoint,
or while presenting too much page content for re-
liable generation. Thus ColQwen is a useful re-
trieval component, not a sufficient end-to-end so-
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lution.

4.2.2 Difficulty-stratified patterns

Figure 3 summarizes the ten-run difficulty-
stratified distributions for the best-performing
Gemma-4-31B. Graph-only retrieval reaches 92.4—
93.4% mean accuracy on easy questions but falls
to 31.8-35.7% on hard questions. Multimodal re-
trieval is more balanced, reaching 87.1%, 68.3%,
and 44.6% on easy, medium, and hard questions,
respectively. Graph-MM 2-Hop matches the hard-
question accuracy of multimodal retrieval (44.6%)
but does not improve overall accuracy; it also in-
creases mean total tokens from 5,708 to 6,262 and
reduces document hit rate from 94.6% to 92.7%.
Thus, the figure shows that high document hit
rate does not necessarily correspond to answer-
sufficient evidence.

4.2.3 Direct fusion rarely improves on its
components

Across the repeated panel, direct graph—
multimodal fusion ranges from 58.1% to 66.1%
accuracy. It exceeds the stronger same-depth com-
ponent only for Qwen3.6-35B-A3B at both graph
depths and MiniMax-M3 at one hop, with gains
of 0.1-0.6 percentage points. Direct candidate
concatenation therefore does not reliably exploit
the two evidence sources and can allow redundant
or indirect graph context to displace more precise
visual or textual evidence.

4.24 Complementarity and unrealized fusion
potential

Graph and multimodal retrieval can remain useful
even when direct fusion does not improve aver-
age accuracy, because the two routes answer dif-
ferent questions correctly. Table 3 shows that
both routes answer 43.8-53.2% of questions cor-
rectly, while multimodal-only answers account
for a further 11.5-16.2% and graph-only answers
for 7.9-13.9%. Consequently, ideal selection
reaches 69.5-77.7%, compared with 58.1-66.1%
for direct concatenation. The largest gap occurs
for Qwen3.6-27B with two-hop graph retrieval:
13.5 percentage points, corresponding to approxi-
mately 27 additional correct answers per run. The
smallest gap occurs for Gemma-4-31B at two
hops, but still amounts to 8.4 points, or approxi-
mately 17 additional answers. Because ideal se-
lection retrospectively chooses the route that an-
swered each question correctly, these gains are not
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directly achievable without a router that can pre-
dict the better evidence source before generation.
They nevertheless show that all evaluated models
contain substantial unrealized complementarity.

4.3 Stage 3: robustness probes and
contamination considerations

Answer shuffling and context noise change accu-
racy by at most 1.6 points (Table 4). Paraphras-
ing is stable for MiniMax-M3 and both Gemma
models, but Qwen3.6-27B text retrieval falls from
58.0% to 48.9% (Z 2.02, p = 0.044) and
Qwen3.6-35B from 55.9% to 42.8% (Z = 3.13,
p = 0.002). Stable zero-shot paraphrasing for
both Qwen models localizes this fragility to the
tested text-retrieval pipeline rather than the family
in every setting.

These perturbations do not diagnose contamina-
tion: a drop can reflect prompting, retrieval, or
scoring rather than memorization. The Qwen con-
trast cannot distinguish generator sensitivity from
changed retrieval matches or evidence composi-
tion. Its immediate value is robustness auditing.
Future checkpoint regressions could trigger a sep-
arate contamination investigation using meaning-
preserving variants plus completion- or overlap-
based methods (Yang et al., 2023).

Generated distractors increase accuracy by
12.8-28.7 points (p < 0.001 throughout), indi-
cating easier items rather than better pharmaco-
logical reasoning. Expert alternatives often en-
code adjacent doses, endpoints, populations, or do-
main confusions; generic generation can yield flu-
ent but semantically distant, heterogeneous, or eas-
ily eliminated options. This agrees with evidence
that surface-valid LLM distractors need not cap-
ture misconceptions (Feng et al., 2024), whereas
choice-aware optimization improves plausibility
and discrimination (Lee et al., 2025).

Holding the expert key fixed while replacing
only incorrect options may amplify this effect: the
key can remain more specific, evidence-aligned, or
stylistically distinct. Text retrieval may expose the
exact dose or endpoint needed to reject distant al-
ternatives. These hypotheses require blinded plau-
sibility ratings, style checks, evidence-similarity
analysis, and credible-misconception annotation.
Regenerated items should not be assumed diffi-
culty equivalent without psychometric validation
(Balepur et al., 2025).

Removing options reduces exact match to 0.1—
2.3% (p < 0.001 throughout). Because response
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Note: Rows show easy, medium, and hard questions; columns show exact-match accuracy, total tokens per question, and document hit rate. Boxplots summarize
ten run-level aggregates. Graph-MM 1-Hop and Graph-MM 2-Hop denote direct graph—multimodal candidate concatenation. Augmentation labels appear along

the bottom row only.

Figure 3: Difficulty-stratified performance of Gemma-4-31B across the 11 retained retrieval conditions.

Table 3: Answer-level complementarity and ideal-selection potential averaged over ten runs.

Both routes Multimodal ~ Graph Direct Ideal Potential
Model correct only only fusion  selection gain
One-hop graph retrieval
48.9% 11.9% 10.7%  58.3% 71.5%  13.2pp
Gemma-4-26B-A4B  (n = 100) (n=24) (n=22) (n=120) (n=146) (n = 26)
53.2% 13.5% 8.1% 65.8% 747%  8.9pp
Gemma-4-31B (n = 109) (n=28) (n=17 (n =135 (n=153) (n=18)
49.4% 15.8% 123%  64.9% 775%  12.6pp
Qwen3.6-27B (n = 101) (n = 32) (n =25 (n=133) (n=159) (n = 26)
43.8% 12.0% 13.9%  58.2% 69.7%  11.5pp
Qwen3.6-35B-A3B (n = 90) (n = 25) (n=28) (n=119) (n =143) (n =24)
o 51.6% 13.0% 124%  650%  77.0%  12.0pp
MiniMax-M3 (n = 106) (n = 27) (n=26) (n=133) (n=158) (n=25)
Two-hop graph retrieval
8.4% 12.3% 114%  59.1% 722%  13.1pp
Gemma-4-26B-A4B (n = 99) (n = 25) (n=23) (n=121) (n=148) (n =27)
52.7% 13.9% 79%  66.1%  14.5%  8.4pp
Gemma-4-31B (n = 108) (n = 28) (n=16) (n=136) (n=153) (n=17)
48.9% 16.2% 126%  642%  71.7%  13.5pp
Qwen3.6-27B (n = 100) (n = 33) (n=26) (n=132) (n=159) (n=27)
44.3% 11.5% 13.7%  58.1% 69.5%  11.4pp
Qwen3.6-35B-A3B (n = 91) (n = 24) (n=28) (n=119) (n=142) (n =23)
o 51.6% 12.9% 121%  64.4%  76.6%  12.2pp
MiniMax-M3 (n = 106) (n = 26) (n =25 (n=132) (n=157) (n=25)

Note: Percentages are accompanied by the rounded mean number of correct answers per run (n; 205 questions). “Both routes correct” denotes questions answered
correctly by both multimodal and graph retrieval; the route-only columns identify complementary correct answers. Direct fusion is the implemented
candidate-concatenation baseline. Ideal selection is an oracle upper bound that counts a question as correct when either route succeeds. Potential gain is ideal
selection minus direct fusion, reported in percentage points (pp) and additional correct answers per run.

format and scoring both change, this demonstrates
dependence on option anchors but is not directly
comparable to open-ended QA performance.

5 Discussion

The results do not support a uniform advantage
for graph retrieval. Retrieval architecture interacts
strongly with the generator: graph-only retrieval
outperforms multimodal retrieval for Qwen3.6-
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Table 4: Robustness analysis for selected models across ten runs.

Answer Context Generated Open
Model Baseline shuffle noise Paraphrase distractors ended
Zero-shot generation
34.0 [31.9-36.0] 34.8 [32.7-36.9] 35.2[33.2-37.3] 36.7 [34.6-38.7] 62.7 [60.6-64.8] 1.2 [0.7-1.6]

Gemma-4-31B
32.4 [30.4-34.4] 33.5[31.5-35.6]
(2=0.32, p=0.74)
32.1[28.5-35.8]
(Z2=0.82, p=0.41)
32.1[30.1-34.1]

Gemma-4-26B-A4B

33.6 [29.9-37.3]
Qwen3.6-27B

31.2[29.2-33.2]
Qwen3.6-35B-A3B

36.2 [34.1-38.3] 36.1[34.0-38.2]

MiniMax-M3 (Z2=0.29, p=0.77)

(Z=-0.18, p=0.85) (Z=-0.31, p=0.75) (Z=—-0.71, p=0.48) (Z=—-7.95, p<0.001) (Z=22.82, p<0.001)
32.1[30.1-34.2]
(Z=0.74, p=0.45)
34.1[30.3-37.8]
(2=0.30, p=0.76)
31.4[29.4-33.4]
(Z=-0.96, p=0.34) (Z=—-0.76, p=0.45) (Z=—-0.58, p=0.56) (Z=—4.25, p<0.001) (Z=20.81, p<0.001)
34.6 [32.6-36.7]
(Z2=0.71, p=0.47)

33.1[31.0-35.1] 56.6 [54.5-58.8] 0.7 [0.3-1.0]
(Z2=0.47, p=0.64) (Z=-6.03, p<0.001) (Z=24.69, p<0.001)

33.9 [30.2-37.7] 51.5 [47.6-55.5] 1.3[0.4-2.2]
(Z2=0.34, p=0.73) (Z=-—4.08, p<0.001) (Z=14.43, p<0.001)

30.8 [28.8-32.8] 44.2 [42.1-46.4] 1.0 [0.6-1.5]

33.6 [31.6-35.7] 53.1[50.9-55.2] 2.3[1.7-3.0]
(Z=1.00, p=0.31) (Z=-4.37,p<0.001) (£=21.02, p<0.001)

Text retrieval

58.0 [55.9-60.1] 58.7 [56.6-60.8]
Gemma-4-31B

54.0 [51.9-56.2] 55.3[53.1-57.4]
Gemma-4-26B-A4B

58.0 [54.1-61.9] 59.3 [55.4-63.2]
Qwen3.6-27B

55.9 [53.7-58.0] 56.3 [54.1-58.4]
Qwen3.6-35B-A3B

59.9 [57.8-62.0] 58.7 [56.5-60.8]

MiniMax-M3 (2=0.09, p=0.92)

56.8 [54.6-58.9]
(Z=-0.19, p=0.85) (Z=0.35, p=0.72)
54.3 [52.1-56.4]
(Z=-0.17, p=0.86) (Z=0.09, p=0.92)
57.5[53.6-61.4]
(Z=-0.57, p=0.56) (Z=—-0.12, p=0.90) (Z=2.02, p=0.044) (Z=-3.94, p<0.001) (Z=20.23, p<0.001)
57.3[55.2-59.4]
(Z=-0.59, p=0.56) (Z=—-0.87, p=0.38) (Z=3.13, p=0.002) (Z=-4.34, p<0.001) (Z=33.82, p<0.001)
58.6 [56.4-60.7]
(Z=0.12, p=0.90)

56.6 [54.5-58.8] 75.9 [74.0-77.7] 0.3 [0.1-0.5]
(Z=0.39, p=0.69) (Z=-5.58, p<0.001) (Z=34.78, p<0.001)
51.7 [49.5-53.9] 70.6 [68.7-72.6] 0.1 [0.0-0.2]

(Z=0.80, p=0.42) (Z=-4.75,p<0.001) (Z=34.33, p<0.001)
48.9 [45.0-52.9] 71.7 [68.2-75.3] 0.3 [0.0-0.7]

42.8 [40.7-44.9] 69.0 [67.0-71.0] 0.2 [0.0-0.4]

58.1 [55.9-60.2] 72.7 [70.8-74.7] 0.1 [0.0-0.2]
(2=0.26, p=0.79) (Z=-4.16, p<0.001) (Z=35.76, p<0.001)

Note: Cells report exact-match accuracy (%) and 95% Agresti—Coull intervals; second lines give two-proportion tests against the corresponding baseline.
Baselines have no test. Inference is exploratory because it ignores question pairing and repeated-run clustering.

35B-A3B, whereas multimodal retrieval leads for
several other models, and direct fusion rarely im-
proves on the stronger component. Nevertheless,
Table 3 shows substantial answer-level comple-
mentarity. This finding is consistent with both the
promise of joint visual-text retrieval (Chen et al.,
2022) and evidence that multimodal retrieval re-
mains vulnerable to tables and rephrasing (Wasser-
man et al., 2025).

Graph retrieval identifies related sources and en-
tities, but many PK/PD answers require an exact
text window, table cell, figure label, dose, or end-
point. Direct concatenation can therefore displace
decisive evidence with relevant but insufficient
context. Figure 3 likewise distinguishes graph rel-
evance, document hit rate, and answer sufficiency.

Unlike our earlier conversion-focused study
(Kocbek et al., 2025), this work evaluates
typed MinerU evidence, LightRAG depth, graph—
multimodal fusion, and local deployment. The re-
sults show that graph augmentation is not consis-
tently effective.

5.1 Future multimodal-graph fusion

In future work, we plan to examine paired item-
level tests, inexpensive routing or reciprocal rank
fusion (Cormack et al., 2009), semantic or ex-
pert scoring of open-ended answers, evidence-
level recall, complementarity stratified by diffi-
culty and evidence modality, and question-only re-

trieval with options supplied only to the answering
model.

Sparse mixture-of-experts models also merit
evaluation on compact systems. DGX Spark
provides 273 GB/s memory bandwidth versus
4.8 TB/s for one H200, a 17.6-fold difference
(NVIDIA Corporation, 2026a,b). On our H200,
dense Gemma-4-31B generated below 10 out-
put tokens/s, while Gemma-4-26B-A4B generated
about 50 tokens/s; their best repeated accuracies
were 66.6% and 60.8%, respectively. Because
model family, active parameters, quantization, and
retrieval differ, this is not a controlled hardware
comparison. Future work should report accuracy
per watt, questions per joule, latency, throughput,
and cost under matched settings.

Perturbation trajectories can reveal regressions,
but memorization claims require overlap or com-
pletion evidence and fresh held-out questions
(Yang et al., 2023).

6 Limitations

The single-run screen supports model selection
rather than definitive ranking. Ten-run intervals
quantify run variability; paired question-cluster in-
tervals remain conditional on the observed runs
and do not model source-paper dependence. Ro-
bustness tests pool repeated binary responses and
may overstate precision. Ideal selection is an ora-
cle bound, not a deployable policy.
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The 205-question benchmark is restricted to
antimicrobial PK/PD and primarily uses MCQs.
Options in retrieval may enable cues or elimi-
nation, while option-free exact match may un-
dercount partially correct answers. Generaliza-
tion requires larger independent benchmarks and
evidence-grounded open-ended evaluation. Exact
checkpoint revisions should be archived.

Ethical and deployment considerations. The
system supports literature inspection, not clinical
decision-making. Local deployment may limit
document disclosure but does not establish privacy,
security, or clinical validity. Users should inspect
cited evidence and distinguish retrieved material
from generated synthesis; the benchmark contains
no patient records.

7 Conclusion

Across 13 local generators, graph retrieval bene-
fits were model- and question-dependent. Multi-
modal retrieval achieved the highest repeated accu-
racy; direct fusion rarely improved on the stronger
component despite answer-level complementarity.
ColQwen outperformed ColPali but remained be-
low multimodal retrieval. These results support
learned, source-aware routing or reranking.
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