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Our motivation comes from three observations. 

p First, visual information only affects a small number of tokens during generation. 
p Second, traditional activation steering averages visual signals across all tokens, 

which weakens the important image-related information. 
p Third, applying the same steering signal to every token may change many tokens that 

do not need adjustment, so a token-level adaptive method is needed.
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Problem discussion

Observation 1
We design a token-level diagnosis using teacher forcing with and without the image. For each 
token, we compute

We find that most tokens have ( Δt≈0 ), while only a few tokens are strongly affected by the 
image.

Observation 2
We further test how global steering affects each token using teacher forcing. For each token, we 
measure

We find that global steering changes many non-critical tokens, while token-aware steering mainly 
affects visually important tokens. This shows that global steering misallocates the intervention 
budget and motivates adaptive token-level steering.

Step 1: Token-level extraction of steering vectors.
We compare token probabilities with and without the image:

Tokens with large (| Δt |) are treated as visually sensitive tokens (T+), while tokens with small (| Δt |) are treated as 
visually insensitive tokens (T−). For each layer, we contrast their normalized hidden states to obtain an initial steering 
direction:

Step 2: Supervised refinement of steering vectors
We then keep the LVLM frozen and only optimize the steering vectors (W(ℓ)) using correction data:

This lightweight refinement improves the steering direction without updating the model parameters.

Step 3: Adapt steering during decoding.
At each decoding step, we measure visual sensitivity by comparing image-conditioned and image-ablated logits:

We then map (VS_t) to a token-specific steering strength (\lambda_t), and apply

Thus, TLVS applies stronger steering to visually important tokens and weaker steering to non-critical tokens.


