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Why binary code matters

• Needed when source code is unavailable 

• Works across compilers and platforms, even without source code

Why it is hard

• Harder than source code: sparse information, limited syntax

• LLMs train on trillions of tokens, but the proportion of binary code is small

Motivation



Gap in prior work

• From-scratch models stay small and fail to generalize across compiler settings

• Some LLM-based methods rely on closed models or very large backbones

Goal

• Uptrain a small generic coder LLM into a binary matching expert

• Open and lightweight, robust to cross-optimization, cross-architecture, cross-obfuscation

Motivation



1.  Data Augmentation: Clean assembly and add structure & language tokens

2.  Binary Translation Continual Training: Translation-style next-token training across settings

3. LLM2Vec: Causal decoder to embedding model via bidirectional attention + MNTP 

4.  Cumulative GTE Loss: Enhanced contrastive learning for limited resources

EBM: A Four-Stage Uptraining Framework



Reduce noise

• Assembly comes from a disassembler (IDA Pro)

• Addresses, strings, bytes replaced by special tokens addr, str, byte

• Reduces noise and context length after tokenization

Structure awareness

• Flatten basic blocks and instruction streams into one sentence

• Add a special BLK token between basic blocks

• Removes need for hierarchical architecture and layered attention

Translation awareness

• Add language tokens for optimization, compiler, architecture, and obfuscation

• Available during training only, not inference

Stage 1: Data Augmentation



Uptrain assembly with an autoregressive setup

• Coder models include assembly, but understand it less than source languages

• Cheap and effective: predict the next tokens

Treat it as translation

• Different compilers produce different syntaxes, like translation in natural language

• Learn the transition from X1 to X2 through autoregressive training 

• Language token placed between the pair acts as a transition (training only)

Stage 2: Binary Translation Continual Training



Stage 3: LLM2Vec

• Bidirectional attention: reads the full sequence, like BERT

• Causal decoder to embedder via masked next-token prediction (MNTP)

• Reuses pretrained weights; beats BERT-from-scratch

Stage 4: Cumulative GTE loss (cGTE)

• Extends InfoNCE: adds query–query, key–key, key–query contrasts

• Accumulates embeddings across batches before backpropagation

• Creates more contrastive pairs under small batch size

Stages 3 & 4: Embedding + Loss



• Dataset 1: C libraries (pool 1,000)

• Training: BusyBox, Coreutils, Curl, ImageMagick, PuTTY, SQLite
• Evaluation: GMP, LibTomCrypt, OpenSSL
• Optimization: O0, O1, O2, O3
• Compiler: GCC, Clang
• Architecture: x86/x64, Arm, PowerPC, MIPS

• Dataset 2: BinaryCorp-3M (pool 10,000)
• ArchLinux binaries, cross-optimization only

• Backbone: Qwen2.5-Coder-0.5B

• Baselines: SAFE, PalmTree, Asm2Vec (non-LLM) / jTrans, CLAP, CodeT5+, CodeGemma (LLM)

• Metrics: MRR, Recall@1

Experimental Setup



Dataset 1: Cross-Architecture

• EBM 0.5B outperforms larger coder LLMs by a large margin



Dataset 2: BinaryCorp-3M

• EBM remains competitive on a larger 10K-pool benchmark



Ablation Study



Contributions

• 4-process uptraining framework (EBM) for binary similarity

• 0.5B model beats zero-shot LLMs & SOTA, no GPT / CFG needed

My thoughts

• Retrieval-only evaluation 

• No direct validation on malware, vulnerability, or patch detection 

• Limited real-world coverage

• Unclear generalization to C++, packed binaries, commercial binaries, malware, and larger LLMs

Conclusion



Thank You


	슬라이드 1
	슬라이드 2
	슬라이드 3
	슬라이드 4
	슬라이드 5
	슬라이드 6
	슬라이드 7
	슬라이드 8
	슬라이드 9
	슬라이드 10
	슬라이드 11
	슬라이드 12
	슬라이드 13

