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Motivation

• Scaling law runs up against a practical bottleneck — high quality data


• How to improve models’ performance under limited token budget?

Figure source: https://arxiv.org/pdf/2203.15556



Shortcomings of Standard Causal Attention

• Standard causal attention in recurrent form




• Receptive fields of keys in standard causal attention



Standard Causal Attention in Recurrent Form

• Example: “The horse raced past the barn fell.”
Input Output



Shortcomings of Standard Causal Attention
• Receptive fields of keys in standard causal attention


• Causal mask blocks each token’s access to its future information


• Hurt natural language understanding (BERT vs. GPT)


• Noise from precedent context


• (Indirect evidence) diffusion LLMs are using bi-directional attention



Examples: Shortcomings of Causal Masking

• Garden-path sentence


• The old man the boat.


• The complex houses married and single soldiers and their families.


• Question/focus at the end of inputs


• Variable assignment problem


• x = 1; y = 2; x = 3; y = 5; x = ?



Related work: Sentence Embedding

• Backward Dependency Enhanced LLM


• Echo Embeddings


• Re-Reading



Related work: Encoder-only Next Token Prediction (ENTP)

• NTP by encoder-only Transformers (on KV cache, cubic training complexity)



Related work: Selective Attention

• Modify attention matrix, save KV cache



Related work: PaTH Attention

• Data-dependent positional encodings 


• Inference of PaTH



Our Approach: Expanding Receptive Fields

• Should we expand receptive fields of Q, K or V?



Our Approach: Expanding Receptive Fields

• Should we expand receptive fields of Q, K or V?


• Why are we updating keys rather than values?

The same reason with using KV cache instead of Q cache!

Updating keys has an equivalent form which enables efficient parallel training. 

If attentions scores are accurate ``enough”, information mix in values is unnecessary.



Our Approach: Expanding Receptive Fields

• Expanding receptive fields of keys


• Maintaining efficient training and inference

• Update keys during inference


• Without materializing keys at each position during training



CASTLE in Recurrent Form (Overview)
CASTLE
• Causal-key attention score


• Lookahead-key attention score


• Attention weights


• Outputs

Standard Causal Attention
• Causal-key attention score


• Attention weights


• Outputs



Formal Definition of Lookahead Keys

• Similar to attention mechanism



Failed Attempt of Lookahead keys
• Encode all information from token 1 to token t: numerically unstable



Failed Attempt of Lookahead keys

• Replace softmax by sigmoid: training instability (blow up easily)



Formal Definition of Lookahead Keys

• Similar to attention mechanism



Definition of Causal Keys

• Causal keys are the same as the keys in standard causal attention



Ablation Studies on Causal Keys

• Whether we need causal keys?


• Aligning parameters


• Training & validation loss



Comparison between Causal Keys and Lookahead Keys



CASTLE in Recurrent Form

• Causal-key attention score


• Lookahead-key attention score


• Attention weights


• outputs



Illustration for CASTLE in Recurrent Form



A variant of CASTLE: CASTLE-SWL



Ablation Studies on Sliding Window Sizes in CASTLE-SWL

• Not sensitive in tested range [128, 1024]



Ablation Studies on SiLU in softmax

• What roles does SiLU play in the combining step? Training stability


• Removing SiLU will cause blowing up when training XL models for both 
CASTLE and CASTLE-SWL


• Reducing lr can stabilize training but degrade performance severely



Efficient Parallel Training
• Revisit the definition of lookahead keys 


• Equivalent mathematical formulation


• Lookahead-keys attention scores




• Parallel form of attention outputs



Efficient Parallel Training



Efficient Parallel Training



Efficient Parallel Training
• Lookahead-key attention scores


• Utilizing masked low-rank structure


• Update auxiliary variable




• Compute lookahead-key attention scores



Efficient Parallel Training

• Parallel scheme of forward pass



Efficient Inference with UQ-KV Cache
• Updating step: store U, Q


• Combining step: store K, V



Experiment Setup

• Model Architecture

• Model configuration and training recipe



Experimental Results

• Training & Validation Loss



Experimental Results

• Comparison between loss curves of small models and XL models



Experimental Results: CASTLE vs. CASTLE-SWL

• CASTLE-SWL matches CASLTE on model scales (XL model as example here)



Experimental Results

• Downstream Tasks (0-shot)



Experimental Results

• Downstream tasks (5-shot)



Ablation Studies on Number of Keys
• Is the improvement from more keys?


• Model configurations


• Training & Validation loss



Thank you!


