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Problem: 

Efficiently process long documents using short context windows.



Key Idea:

Represent short-term and long-term memory as a hierarchical compression scheme 
that spans both transformer layers and context windows.
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Sandwich Architecture

Short-term:

recurrent compression

across multiple layers

Long-term:

long-range compression

a single middle layer



Short-Term Memory Layer

● The (long) input sequence is divided into (shorter) 
blocks or context windows of tokens.

● Each block is compressed into summary tokens,  
which are passed over multiple layers.

● Compression is recurrent across sequence length. 
Each block can attend to the summary tokens of the 
previous block.  

● A token mixing operation creates separate 
branches of the summary tokens for the next layer, 
and for the next block.



Long-Term Memory Layer

● There is a single long-term layer in the middle 
of network stack.

● The long-term layer stores a KV-cache of the 
summary tokens from multiple previous 
blocks in a FIFA queue.

● The long-term layer uses a higher 
compression rate than the short-term layers,  
i.e. fewer summary tokens per block.

● It does self-attention over the current block 
of tokens, and cross-attention to the 
long-term KV-cache. A gate combines self 
and cross-attention.



Long-Term vs. Short-Term Memory

L :         Number of long-term tokens per window.          S : Number of short-term tokens per window.
Qmax:  Number of windows in the long-term queue.    N :  Number of layers.



Experiments

Datasets: PG-19,   arXiv Math,   C4 (4K+).

Task: standard autoregressive language modeling.

Setup:
● Decoder-only Transformer (12 layers).
● Embedding dim 1024, 8 attention head (dim 128). 
● FFN hidden layer dim 4096.
● Sequence length (per batch) 4096. 
● 8 context windows (512 tokens per window).



Main Results (Perplexity ↓)

Clearly outperforming baselines.



Scaling up Well

Scaling up model size Scaling up sequence and window length



Ablation 1: Short-term and Long-term memories are complementary.



Ablation 2: Summary branching (token mixing) is helpful.

ST:          short-term memory alone.
ST+LT :  both short-term and long-term memory.



Ablation 3: Multiple short-term layers + One long-term layer. 

Multiple short-term layers are necessary. One long-term layer is good enough.



Conclusion:

● Hierarchical compression scheme (short-term + long-term memory).

● Short-term: combines sliding window attention with recurrent compression.

● Long-term: stores compressed  information from the entire sequence history.

● Short-term and long-term memory are complementary.

● Very long effective context length, but requires far less memory.


