
HighlightBench: Benchmarking and Diagnosing
Markup-Driven Table Reasoning 

in Scientific Documents
Lexin Wang · Shenghua Liu† · Yiwei Wang · Yujun Cai · 

Yuyao Ge · Jiayu Yao · Jiafeng Guo · Xueqi Cheng

highlightbench.netlify.app  

TASK TAXONOMY
T1 grounds visual cues to table regions; T2 preserves scope during constrained 
retrieval; T3 follows local row–column relations; T4 applies comparison and 
aggregation over selected subsets; T5 checks evidence consistency across 
missing or irregular entries.

WHY HIGHLIGHTBENCH
Visual markups such as highlights, underlines, and bold text are common in 
table-centric documents. To systematically evaluate how multimodal models 
understand and reason with these cues, we construct HighlightBench, a 
diagnostic benchmark for markup-conditioned table reasoning.

REFERENCE PIPELINE
We decompose table reasoning into a three-part reference pipeline for reproducible, stage-specific 
diagnosis.
Docgraph Generation organizes table content, row–column topology, and detected markups, keeping cue-
to-region binding explicit and inspectable. Two-Stage Routing selects the operation path, completes 
marker, anchor, and scope constraints, and directs gray-zone cases through confidence-gated refinement. 
DSL Execution runs the routed plan on the docgraph and returns the structured answer together with route, 
slot, plan, and execution traces.

MODEL PERFORMANCE
We evaluate 12 end-to-end models across 21 automatically scorable diagnostic subtasks, covering 266 real-
world images with 2,268 QA pairs and 180 synthetic images with 1,015 QA pairs. The results reveal distinct 
capability profiles across task families: direct retrieval is comparatively stable, while markup grounding, 
local relations, aggregation, and consistency remain more challenging, exposing different failure modes in 
markup-conditioned reasoning.

COUNTERFACTUAL EVIDENCE
Controlled marker relocation reveals how visual cues steer 
model decisions under fixed table content and questions. 
Congruent and distractor placements produce distinct 
perception and selection patterns.

Marker relocation changes answer accuracy across highlight, 
underline, and bold conditions, revealing cue-dependent 

decisions.

The matrices separate marker perception from target alignment 
across counterfactual variants.

MECHANISM READOUT
Secondary analyses connect marker sensitivity with 
answer selection and error attribution. Marker-hit, value-
correct, and failure categories locate how visual cues 
influence outcomes.

Failure attribution separates logical and coordinate errors; the 
radar plot compares marker-hit and value-correct behavior across 

markup types.
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