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Motivation
• Long-context generative inference in LLMs faces memory bottlenecks 

due to extensive KV cache demands.
• Existing eviction-based methods lead to context loss and hallucinations.
• Different layers exhibit varying attention densities; uniform KV cache 

allocation is suboptimal.

Figure 1: Attention map density comparisons of shallow layers (layer 0, 1) 
and deep layers (layer 16, 30, 31) of LLaMA-2-7B on the GSM8K dataset. 
We use the mean value of heads for each layer. 

Our Approach: Dynamic Discriminative 
Operations (D2O)

• Dynamically allocate KV cache budget ratio using inverse variance softmax, 
prioritizing layers with denser attention maps.

• Figure 2 shows variances of attention score across different layers for 
various models. 

Layer-Level Operation:

Figure 3: Overview of D2O

Token-Level Operation:

• A. Evict tokens based on cumulative 
attention with attention sink preservation.

• B. Dynamically merge evicted tokens using an 
EMA-based similarity threshold to maintain 
context relevance.
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Figure 2: Variances of attention 
score across different layers for 
various models. 
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Results & Evaluation

Figure 4: Reasoning dataset

Table 1: LongBench benchmarks Table 2: Throughput Comparison

Table 3: Needle-in-a-haystack
Figure 5: Long sequence modeling

Figure 6: MT bench

Figure 4: Illustration of dynamic token merging mechanism


