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❑ Parameter-efficient fine-tuning (PEFT) methods, such as LoRA, reduce 

parameter-related overhead, but LLM fine-tuning remains memory- and 

compute-intensive.

❑ Two activation-related bottlenecks remain: activation memory and 

activation-gradient computation for backpropagation. 

❑ TokenDrop targets both with importance-aware token-level backward 

skipping, achieving up to 42.9% memory reduction and up to 1.50× training 

speedup.
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Core Mechanism

❑ MHA/FFN blocks update the residual stream as: 𝑥𝑙+1 = 𝑥𝑙 + 𝑓𝑙(𝑥𝑙).

❑ TokenDrop scores each token by the 𝓁2-norm of its residual update.

❑ TokenDrop performs backward 

propagation only through a retained 

token set 𝑆, while keeping a full 

forward pass.

❑ Activations of unselected tokens are 

evicted, reducing activation memory 

usage.

Memory usage and computation breakdown for LLaMA3.1-8B fine-tuning

Full Forward, Selective Backward

Importance-Aware Token Retention

❑ TokenDrop determines 𝑆 using token-level importance, rather than block-

wise or random token selection.

Lightweight Token Importance Scoring

Cumulative Token Selection

❑ Independent per-block top-𝑘 selection can produce inconsistent token sets 

and incomplete gradient paths, resulting in training instability.

❑ TokenDrop enforces nested retained token sets to preserve the gradient 

path consistency.

Lazy Selection Scheduling

❑ Immediate selection relies only on local block-level scores.

❑ TokenDrop accumulates importance scores across a group of blocks and 

selects tokens only when nearing the memory budget for globally 

informed token selection.

❑ Accumulate scores → Select top-𝑘 tokens near the memory budget  →

Evict activations of unselected tokens

(a) Independent selection (b) Cumulative token selection (Ours)
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❑ The 𝓁2-norm criterion is gradient-free and computationally lightweight. 
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