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Abstract

We present PERELMAN (PipEline foR sciEn-
tific Literature Meta-ANalysis), an agentic frame-
work designed to extract specific information from
a large corpus of scientific articles to support
large-scale literature reviews and meta-analyses.
Our central goal is to reliably transform hetero-
geneous article content into a unified, machine-
readable representation. PERELMAN first elic-
its domain knowledge-including target variables,
inclusion criteria, units, and normalization rules-
through a structured dialogue with a subject-matter
expert. This domain knowledge is then reused
across multiple stages of the pipeline and guides
coordinated agents in extracting evidence from nar-
rative text, tables, and figures, enabling consis-
tent aggregation across studies. In order to as-
sess reproducibility and validate our implementa-
tion, we evaluate the system on the task of repro-
ducing the meta-analysis of layered Li-ion cathode
properties LiNig gMng 1Cop.1O2 (NMCS811). We
describe our solution, which has the potential to
reduce the time required to prepare meta-analyses
from months to minutes.

1 Introduction

Scientific literature is growing faster than researchers can
synthesize it: the number of published papers in 2025 is
roughly twice that of 2019 [Liang et al., 20251, while Cross-
ref already indexes on the order of 10® DOI records [Crossref,
2025]. In many experimental domains, this growth hinders
reproducible evidence synthesis because key metrics must be
aggregated across many partially inconsistent studies.

We introduce PERELMAN (PipEline foR sciEntific Liter-
ature Meta-ANalysis), an agentic pipeline that extracts tar-
get variables from domain papers into auditable structured
records for expert meta-reviews. PERELMAN combines
(1) expert-guided domain knowledge elicitation, (ii) layout-
aware PDF parsing into an LLM-readable representation (text
+ figure assets), and (iii) figure-centric multimodal extraction
with image normalization and a text fallback. The system out-
puts a per-article json record with provenance for selective
human verification.

The approach builds on automated evidence-synthesis
tools [Marshall et al., 2015; van de Schoot et al., 20211, sci-
entific document infrastructure [Lo ez al., 2020; Lopez, 2009;
Zhong et al., 2019], text-focused scientific IE [Beltagy et
al., 2019; Luan er al., 2018; Cheung et al., 2024], and chart
benchmarks that expose persistent numerical-reasoning gaps
in VLMs [Masry etal., 2022; Wang et al., 2024b; Circi e al.,
2025]. In materials and chemistry, this is aligned with hybrid
extraction pipelines that combine models, schemas, and nor-
malization [Swain and Cole, 2016; Huang and Cole, 2020;
Foppiano. et al., 2024]. At the workflow level, PEREL-
MAN - follows tool-using agentic designs [Yao er al., 2022;
Schick et al., 2023]; memory-augmented architectures such
as RATE and ELMUR are relevant for long-horizon context
tracking [Cherepanov et al., 2023; Cherepanov et al., 2025].

We evaluate PERELMAN on a subset of the NMC811
benchmark meta-analysis dataset [Savina and Abakumov,
2023]. The study focuses on extracting first-cycle discharge
capacity, first-cycle coulombic efficiency, and voltage range,
and shows that domain-knowledge-enhanced prompting im-
proves over a page-wise VLM baseline in this single-domain
demo setting.

A video demonstrating its use is available at'.

2 Pipeline
2.1 Agentic System Architecture

The architecture of the agentic system consists of three major
components:
(i) agentic system for extracting domain knowledge,
(ii) an article-parsing tool,
(iii) an agent for extracting data from the parsed articles, us-
ing domain knowledge.

The principal architecture is presented in Figure 1.

2.2 Domain knowledge

Domain knowledge is represented as a structured object
via a three-step pipeline. A clarification agent first resolves
ambiguity by asking 2-5 focused questions, with expert
answers appended to the research context. A constraints
agent then converts the enriched description into a typed
schema {query_understanding, entity._type,

'https://youtu.be/RLIMOHb3uDO
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Figure 1: Principal PERELMAN Architecture scheme
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Figure 2: Subplot mosaic representation. The VLM encodes the
panel layout as ac/bc/dd; each letter maps to a subplot identifier.

entity description, limitations,
search_queries}, where limitations are  veri-
fiable conditions and queries specify domain and recency.

2.3 Data Collection

The module runs parallel Tavily searches, extracts typed
candidates with provenance using LLM batch analysis,
deduplicates them by normalized names plus an LLM
DedupPlan, and verifies candidates with 1-2 combined
queries before PDF metric extraction.

2.4 Article Parsing

The core parser can be any OCR system that preserves table
structure and produces LLM-readable output. In our setup,
the best results were obtained with Docling [Auer et al.,
2024; Livathinos et al.;72025]. We convert each PDF into
layout-aware Markdown and extract figure images into a ded-
icated folder, preserving captions when available.

2.5 VLM Agent

Figure data extraction
Data extraction is multimodal. For each figure, we build extra
context: the caption plus a 1000 character window around
figure mentions in Markdown. This context is passed to the
vision model to ground extraction in nearby textual descrip-
tions.

We use a VLM to predict a strict JSON schema that in-
cludes mosaic grid (rows/cols), panel labels, optional target

panel, relevance flag, and required rotation. If the model out-
puts a 1x1 grid but labels indicate multiple panels, we correct
the grid; if labels are absent, we apply a simple aspect-ratio
heuristic and split the image into panels. The same invoca-
tion predicts rotation (0°, 90°, 180°, 270°), and the figure is
rotated if needed.

Multi-modal Metric Extraction

After image normalization, a larger VLM processes the target
image together with the full extra content from Section 2.5.
Target parameters are extracted in json format according to
the expert-defined domain knowledge (Section 2.2). If im-
age extraction fails, we fall back to a text-only LLM; in our
default setup, the extractor uses GPT-oss 1208 [OpenAl
et al., 2025]. Text extraction runs on overlapping Markdown
chunks, and first non-null values are merged into the final
record.

Outputs

At the end of the pipeline, we produce a json file with
extracted target metrics for downstream expert analysis and
meta-review writing. These records are candidate extractions,
and fields with lower reliability, especially chart-derived
Coulombic efficiency, remain targets for human verification.
In this setup, the cropping module reaches 70.83% accuracy.
Given correctly cropped images, the target-image classifier
reaches 88.25%. The effective Image Normalizer accuracy is
therefore 70.83% - 88.25% = 62.5%.

Table 3 shows that most target information is located in fig-
ures. At the same time, chart extraction remains substantially
weaker than text/table extraction. In an earlier pipeline ver-
sion, extraction accuracy was 86% for text, 100% for tables,
but only 34.6% for charts.

Chart-based Question Answering Specialized chart-QA
benchmarks show that modern VLMs still do not reach
human-level performance on scientific charts [Wang et al.,
2024b]. We evaluated top models from this benchmark, to-
gether with several recent VLMs, on retrieval of target chart
values. Results are presented in Table 4. After prompt tun-
ing, extraction was run only on expert-selected, cropped, and
normalized target images. The main tuning change was ex-
plicit injection of expert domain knowledge: metric defini-
tions, typical reporting locations, and chart-reading heuris-
tics. As shown in Table 5, this improves target-parameter
extraction by up to an order of magnitude (from 4.55% to
80.95% for one metric).

3 Experiments

Layered oxides of the form LiNi,Mn,Co,O02 (NMC, = +
y + z = 1) are key Li-ion cathode materials. The Ni-
rich composition LiNiy gMng. 1 Cog.1 O (NMC811) provides
high specific capacity (=~ 200 mAhg~!) and is widely stud-
ied for high-energy cells [Li et al, 2015]. At the same
time, NMC811 suffers from complex degradation mecha-
nisms, which leads to partially inconsistent metrics across
the literature [Jung et al., 2017]. Savina and Abakumov
addressed this with a large-scale manual meta-analysis of
NMCS811, aggregating 548 articles and more than 950 records
[Savina and Abakumov, 2023]. Their benchmark highlights
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System First Discharge Capacity = Coulombic Efficiency  Voltage (max) Voltage (min)
Ours 58.33% 33.33% 95.83% 70.80%
Ours (MinerU parser) 54.17% 33.33% 87.50% 87.50%
Ours (DoclingOCR) 53.85% 30.77% 84.62% 73.08%
Ours (DeepSeekOCR) 53.85% 23.08% 84.62% 73.08%
GPT-5.2 Pro Extended Thinking 25.00% 0.00% 79.20% 79.20%
GPT-5.2 Thinking Heavy 8.30% 8.30% 58.30% 58.30%
Table 1: Accuracy by type for different systems
VLM Text First cycle Discharge Capacity Coulombic efficiency Voltage (max) Voltage (min)
— gpt-oss-120b 19.23% 11.54% 42.31% 30.77%
granite-2b  gpt-0ss-120b 50.00% 19.23% 80.77% 69.23%
granite-8b  gpt-0ss-120b 53.85% 30.77% 84.62% 73.08%

Table 2: Extraction quality by type (%)

Source Text Table Chart
Fraction 29% 1% 70%

Table 3: Target parameters source type distribution

Model Avg. Cap. CE Viax Vinin
Claude 3.7 Sonnet  30.7 0.0 0.0 72.7 50.0
Gemma 3 27B 00 00 00 0.0 00
GLM 4.5V 80 00 0.0 182 136
GPT-5 Mini 9.1 00 0.0 136 22.7
Grok-4 36 00 00 7.1 7.1

Nemotron-12B-V2 153 0.0 0.0 27.8 333
Qwen3 VL235B 17.1 4.6 0.0 31.8 31.8

Table 4: VLM evaluation results (default prompt, no domain knowl-
edge)

Approach Cap. CE Vinax Vinin

Default 4.55% 0.00% 31.82% 31.82%
Tuned + normalized 80.95% 36.36% 95.65% 73.91%

Table 5: Prompt-tuning accuracy for qwen3-vI-235B (3.0% toler-
ance)

both the value of systematic synthesis and the high manual
effort required. We reproduce a 24-article expert-grounded
subset: each target value is linked to its source location, in-
cluding the specific figure or panel and extraction procedure.
For each record, the reference meta-analysis reports: first-
cycle discharge capacity (mAhg~!), first-cycle Coulombic
efficiency (%), upper cut-off voltage and C-rate.

4 Results

Evaluation metric. A prediction is counted as correct if it
falls within +3% relative tolerance of the benchmark value
in [Savina and Abakumov, 2023]. For voltage ranges, both
endpoints must satisfy this criterion. Table 1 reports N = 24

results. On a larger n = 200 run with the same setup, ac-
curacies were 56.00%; 49.50%, 86.70%, and 85.64% for ca-
pacity, Coulombic efficiency, voltage maximum, and voltage
minimum, respectively.

In Table 1, “Ours” denotes the full pipeline with
granite=8b for figure annotation and GPT-oss 120B
for text extraction. The MinerU [Wang et al., 2024a] parser
variant is close to Docling on the main metrics, but was
more than 2x slower in our sampled runs. “DoclingOCR”
and “DeepSeekOCR” replace the figure-annotation VLM,
while GPT-5.2 rows are page-wise baselines without pipeline
components. We also analyze configuration effects; for ex-
ample, Table 2 shows that larger chart-annotation VLMs im-
prove end-to-end extraction accuracy.

We observed three main challenges: chart extraction with
minimal domain context, component coupling through target-
image classification, and complex multi-panel figures that vi-
olate near-uniform mosaic splitting. The low Coulombic-
efficiency scores also show that reliability is uneven across
scientific parameters.

5 Conclusions

We introduced PERELMAN, an agentic pipeline for mul-
timodal literature meta-analysis. Combining layout-aware
parsing with figure-centric extraction, it outperforms VLM-
only baselines on an expert-grounded NMCS811 benchmark
with figure/panel-level source annotations. PERELMAN re-
duces manual effort by producing auditable candidate records
for expert verification; future work will improve complex
multi-panel figure handling and test schema-based adaptation
beyond NMC811.
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