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OCRGenBench: A Comprehensive Benchmark for Evaluating OCR Generative Capabilities
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OCRGenBench: A Comprehensive Benchmark for
Evaluating OCR Generative Capabilities

Peirong Zhang', Haowei Xu', Jiaxin Zhang', Xuhan Zheng', Guitao Xu!,
Yuyi Zhang', Junle Liu®, Zhenhua Yang', Wei Zhou?, Lianwen Jin'*
1 South China University of Technology, Guangzhou 510641, China
2 Cardiff University, Cardiff CF24 4AG, UK
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Figure 1: Task categorization and subordination of OCRGenBench. It includes 33 OCR generative
tasks under five text categories: document, handwriting, scene text, artistic text, and layout-rich
text. Each primary category encompasses multiple sub-tasks.
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Paper: https://arxiv.org/abs/2507.15085

Code:

https://github.com/NiceRingNode/Awesome-Generative-Models-for-OCR
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A Mixed Diet Makes DINO An Omnivorous Vision Encoder
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A Mixed Diet Makes DINO An Omnivorous Vision Encoder

Rishabh Kabra'?  Maks Ovsjanikov!  Drew A. Hudson'  Ye Xia' Skanda Koppula'*
Andre Araujo'  Joao Carreira'  Niloy J. Mitra®

!Google DeepMind 2University College London

{rkabra, movsani, dorarad, yexia, skandak, andrearaujo, joacluis}@google.com n.mitra@ucl.ac.uk
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Figure 2. Omnivorous Vision Encoder architecture. A frozen
encoder f* extracts features z,, = f*(z,,) from a spectrum of
modalities denoted m (Segmentation, RGBE. Depth). A trainable
modality-agnostic adapter g maps these features into a common,
aligned embedding space. producing a modality-invariant repre-
sentation t = gz, ). A convenient implementation of this archi-
tecture uses the early layers of a pretrained network as the frozen
part f*, and the later layers as the adapter g.
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DARE-bench: Evaluating Modeling and Instruction Fidelity of LLMs in Data Science
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DARE-BENCH: EVALUATING MODELING AND
INSTRUCTION FIDELITY OF LLMS IN DATA SCIENCE

Fan Shu'*  Yite Wang?*{ Ruofan Wu! Boyi Liu®
Zhewei Yao? Yuxiong He? Feng Yan!
'University of Houston ?Snowflake Al Research
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Figure 1: DARE-bench defines each task by providing a natural-language question and structured
files (metadata and train/test splits). An LLM agent executes code within a sandbox to generate
predictions, which are compared against ground truth for automatic and reproducible evaluation
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AI+HW 2035: Shaping the Next Decade

Deming Chen!, Jason Cong?, Azalia Mirhoseini®, Christos Kozyrakis®,
Subhasish Mitra3, Jinjun Xiong®, Cliff Young®, Anima Anandkumar?,
Michael Littman®, Aron Kirschen®, Sophia Shao'?, Serge Leef!!, Naresh Shanbhag!,
Dejan Milojicicm, Michael Schulte!®, Gert Cauwenberghs”, Jerry M. Chow!?,
Tri Dao'®!7, Kailash Gopalakrishnan'®, Richard Ho'®, Hoshik Kim?°,

Kunle Olukotun®2!, David Z. Pan?2, Mark Ren?3, Dan Roth?%25,

Aarti Singhze, Yizhou Sun?, Yusu Wang14, Yann LeCun??, and Ruchir Puril®

"University of Illinois Urbana-Champaign, ?University of California, Los Angeles,
3Stanford University, *‘NVIDIA, ®State University of New York at Buffalo,
“Google, "California Institute of Technology, *Brown University, “SEMRON,
University of California, Berkeley, ' Synopsys, *Hewlett Packard Labs,

3 Advanced Micro Devices (AMD), *University of California, San Diego, '*IBM Research,
YPrinceton University, *"Together Al, ‘*EnCharge Al, ‘*OpenAl, 2’SK Hynix,
2'SambaNova Systems, 2*The University of Texas at Austin, >*Agentrys, **Oracle Al,
2>University of Pennsylvania, **Carnegie Mellon University, *"New York University

Corresponding Authors: Deming Chen, dchen@illinois.edu; Ruchir Puri, ruchir@us.ibm.com.
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Hardware Technologies
(3D Integration, Compute-in-Memory, Connectivity-Compute Co-design,
Photonic/Optoelectronic-Based Computing, Analog Al Accelerators, Topologies
and Routing Optimized for Al, Quantum-Classical Integration, and others.)
f
v

Algorithms & Paradigms
(Physics-informed Al, Efficient Training/Inference, Memory-Efficient
Architectures, Sparse and Low-Rank Models, Self-lmproving Models,
Hardware-Aware Compilers, Unified Programming Frameworks, and others.)
F 3

4
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Applications & Societal Impact
(Productivity, Sustainability, Science, Security, Health,
Economy, Workforce, Education, and others.)

Figure 1: A Multi-Layered Vision for AI+HW Co-Design and Co-Evolution
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KARL: Knowledge Agents via Reinforcement Learning
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KARL: Knowledge Agents via
Reinforcement Learning

Databricks Al Research”

*Please see Contributions for Full List

We present a system for training enterprise search agents via reinforcement learning that achieves
state-of-the-art performance across a diverse suite of hard-to-verify agentic search tasks. Our work
makes four core contributions. First, we introduce KARLBench, a multi-capability evaluation suite
spanning six distinct search regimes, including constraint-driven entity search, cross-document report
synthesis, tabular numerical reasoning, exhaustive entity retrieval, procedural reasoning over technical
documentation, and fact aggregation over internal enterprise notes. Second, we show that models
trained across heterogeneous search behaviors generalize substantially better than those optimized
for any single benchmark. Third, we develop an agentic synthesis pipeline that employs long-horizon
reasoning and tool use to generate diverse, grounded, and high-quality training data, with iterative
bootstrapping from increasingly capable models. Fourth, we propose a new post-training paradigm
based on iterative large-batch off-policy RL that is sample efficient, robust to trainer-inference engine
discrepancies, and naturally extends to multi-task training with out-of-distribution generalization.
Compared to Claude 4.6 and GPT 5.2, KARL is Pareto-optimal on KARLBench across cost—quality
and latency—quality trade-offs, including tasks that were out-of-distribution during training. With
sufficient test-time compute, it surpasses the strongest closed models. These results show that
tailored synthetic data in combination with multi-task reinforcement learning enables cost-efficient
and high-performing knowledge agents for grounded reasoning.

Date: March 6, 2026 < databricks
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Figure 1 Performance of KARL, with and without test-time compute, compared to state-of-the-art agentic models on
KARLBench. The cost=quality and latency—quality Pareto frontiers show that KARL achieves favorable trade-offs over
existing models. All while being more cost and latency effective, KARL exceeds the quality of Sonnet 4.6 with three
parallel rollouts and matches the best model, Opus 4.6, with ten parallel rollouts. See experiment details in Appendix B.
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Paper: https://arxiv.org/abs/2603.05218
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The Spike, the Sparse and the Sink: Anatomy of Massive Activations and Attention Sinks
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The Spike, the Sparse and the Sink:
Anatomy of Massive Activations and Attention Sinks
Shangwen Sun' Alfredo Canziani' Yann LeCun' Jiachen Zhu'
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Figure 1. Top-3 channel magnitudes across depth in Llama 2 7B and Qwen3 8B (post-residuals vs. block outputs). In both models,

—&— self-attention block —=— feed-forward block

—&— self-attention block —=— feed-forward block

early blocks inject massive activations that persist through most of the network before being neutralized by late blocks.
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Paper: https://arxiv.org/abs/2603.05498
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GLM-OCR Technical Report
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GLM-OCR Technical Report

Shuaiqi Duan*!  Yadong Xue*! Weihan Wang*! Zhe Su’ Huan Liu'
Sheng Yang' Guobing Gan' Guo Wang! Zihan Wang' Shengdong Yan'!
Dexin Jin! Yuxuan Zhang' Guohong Wen! Yanfeng Wang' Yutao Zhang'
Xiaohan Zhang! Wenyi Hong! Yukuo Cen' DaYin! Bin Chen!
Wenmeng Yu'!  Xiaotao Gu'! Jie Tang?

1Zhipu Al 2Tsinghua University
*Equal contribution  TProject leader

€) Code: https://github.com/zai-org/GLM—OCR
# Model: https://huggingface.co/zai-org/GLM-OCR
QDemo: https://ocr.z.ai/
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Figure 1: Performance of GLM-OCR on OmniDocBench v1.5.
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Paper: https://arxiv.org/abs/2603.10910
Code: https://github.com/zai-org/GLM-OCR
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@3 ATTENTION RESIDUALS
TECHNICAL REPORT OF ATTENTION RESIDUALS
Kimi Team
€) https://github.com/MoonshotAl/Attention-Residuals
REHE

Attention Residuals (AttnRes) IBHA “EREAEMEENES" KER Transformer HinERIGE
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=, B—ECEME SRR, AttnRes RURIAR: LLSRIEXNLEERIL#HTT softmax attention, LIF3
2R, BMAEXINEIESEERSRIART, NMERFE—SINERVERIE, A710X—BEKEERATAE
B, {FEXIEH Block AttnRes, EEXIDAIR, (MEREFT EMES, BERERFSEETH, X
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(a) Standard Residuals
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(b) Full Attention Residuals (c) Block Attention Residuals

Figure 1: Overview of Attention Residuals. (a) Standard Residuals: standard residual connections with uniform additive accumulation.
(b) Full AttnRes: each layer selectively aggregates all previous layer outputs via learned attention weights. (c) Block AttnRes: layers
are grouped into blocks, reducing memory from O(Ld) to O(Nd).
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Paper: https://arxiv.org/abs/2603.15031
Code: https://github.com/MoonshotAl/Attention-Residuals
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From Masks to Pixels and Meaning: A New
Taxonomy, Benchmark, and Metrics for VLM Image
Tampering

Xinyi Shang!:2*, YiTang!*, Jiacheng Cuil'*, Ahmed Elhagry', Salwa K. Al Khatib', Sondos Mahmoud
Bsharat!, Jiacheng Liu', Xiaohan Zhao!, Jing-Hao Xue?, Hao Li!, Salman Khan', Zhiqiang’Shenl-‘Jr

"Mohamed bin Zayed University of Artificial Intelligence, ?University College London
*Equal Contribution, TCorresponding author

Existing tampering detection benchmarks largely rely on object masks, which severely misalign
with the true edit signal: many pixels inside a mask are untouched or only trivially modified, while
subtle yet consequential edits outside the mask are treated as natural. We reformulate VLM image
tampering from coarse region labels to a pixel-grounded. meaning and language-aware task. First, we
introduce a taxonomy spanning edit primitives (replace/remove/splice/inpaint /attribute/colorization,
etc.) and their semantic class of tampered object, linking low-level changes to high-level understanding.
Second, we release a new benchmark with per-pixel tamper maps and paired category supervision to
evaluate detection and classification within a unified protocol. Third, we propose a training framework
and evaluation metrics that quantify pixel-level correctness with localization to assess confidence or
prediction on true edit intensity, and further measure tamper meaning understanding via semantics-
aware classification and natural language descriptions for the predicted regions. We also re-evaluate
the existing strong segmentation/localization baselines on recent strong tamper detectors and reveal
substantial over- and under-scoring using mask-only metrics, and expose failure modes on micro-edits
and off-mask changes. Our framework advances the field from masks to pixels, meanings and langnage
descriptions, establishing a rigorous standard for tamper localization, semantic classification and
description. Code and benchmark data are available at https://github.com/VILA-Lab/PIXAR.

Correspondence: Zhigiang Shen (Zhigiang Shen@mbzuai.ac.ae)
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Figure 1 Pitfalls of Current Benchmarks and Our Remedy. (a) They contain unrealistic samples. (b)—(d) Their widely
adopted mask-based label contains large regions of not aligned pixels with the true generative pixels. In contrast, our
pixel label is precisely aligned with the true generative pixels.
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Paper: https://arxiv.org/abs/2603.20193
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LeWorldModel: Stable End-to-End Joint-Embedding

Predictive Architecture from Pixels
Lucas Maes*' Quentin Le Lidec*” Damien Scieur'® Yann LeCun’ Randall Balestriero®
'Mila & Université de Montréal 2New York University *Samsung SAIL “Brown University
& Website € Code
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LeWorldModel (LeWM) Zizfi#iR JEPA (Joint Embedding Predictive Architecture) tHFA&EEY)||25%
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Fig.1| The AlScientist workflow. a, The Al Scientist consists of distinct phases
covering automated idea generation, tree-based experimentation, manuscript
writing and reviewing. The experimentation phase uses anagentic tree search
togenerate and refine code implementations. Thisis structured into four
stages: (1) initial investigation, (2) hyperparameter tuning, (3) research agenda
executionand (4) ablation studies. From one experimental stage to the next,
the best-performing checkpoint is selected to seed the next stage of the tree
search. b, Scores for The Al Scientist papersacross model releases. Paper quality
consistentlyimproves withthe underlying model release date (as judged by
The Automated Reviewer), indicating consistent future improvements with
improving foundation models. The observed correlation is statistically
significant (P<0.00001). Shaded regions represent the standard error. Points
representmean scores with error bars and shaded regionsindicating the
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standard error (n= 6 for template-free points, n=13for template-based points).
Full experimental details, including model versions and replication counts, are
provided in Supplementary Information section A.2.9.¢, Automated review
versus conference decisions. The Automated Reviewer achieves performance
comparable with that of human reviewers, as validated by openly available
decisions from past conferences (Table 1). Bars represent mean balanced
accuracy; error barsshow 95% bootstrapped confidenceintervals (5,000
replicates). For replicability, each automated review is a 5-runensemble. Two-
samplez-tests onsubsampled accuracy (automated n=698/876, humann=412)
showed nosignificant difference before the training cutoff (P= 0.319) or post-
cutoff (P=0.921). Non-parametric bootstrap tests on F,scores showed
automated outperformance (P<0.001).
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Intern-S1-Pro: Scientific Multimodal
Foundation Model at Trillion Scale
Intern-S1-Pro Team, Shanghai Al Laboratory
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Foundation Arch for Sci-modalities and 1T MoE

Figure 1: The SAGE (Synergistic Architecture for Generalizable Experts, including three layers, Foundation,
Fusion, and Evolution) framework used in Intern-S1-Pro development, illustrating the core capabilities and the
integrated learning process that enables synergistic improvements across domains.
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