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Our motivation comes from three observations.

O First, visual information only affects a small number of tokens during generation.

O Second, traditional activation steering averages visual signals across all tokens,
which weakens the important image-related information.

O Third, applying the same steering signal to every token may change many tokens that
do not need adjustment, so a token-level adaptive method 1s needed.

Problem discussion

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

A =logp(yt | z,1,y<t) —logp(y: | =, 9, y<t).

We find that most tokens have ( At=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

ANLL; (method — vanilla) = NLLethod _ N y2nilla

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.
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(1) Token-level extraction of steering vectors (2) Supervised refinement of steering vectors

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

T+ =Top, ({|At|}te’r),

log po (9t | =, D, Y<t)-
gpo(J: | T,9,9<t) T~ = BoTToM, ({|A¢[}eeT)-

A =logpo(ge | 2, T,9<) - 49 = o YR g TR

teT+ teT —

Final Logits
(3) Token-level adaptive steering

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

direction:
()
a0 = 3 RO - 3RO, w® — PCA, ({d)¥ w® Wi
+ — ini 1 i Ji=1)» ini
|T & |T & ‘ ( ) W,

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

Ll =

L = Ly + B Lxr + v Lorox-

T S logpow (ye | 7,1, y<r):
Ly = ZKL(po w2, Ly<e) | po(- | 2,1, y<4)) -

te A
Eprox = Tar Z HW“) W/lflfl)

This lightweight refinement improves the steering direction without Gﬁdating 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:

VS; = KL (softma,x(

Tkr

softmax( i )) VS, = VS, —
We then map (V¢ Txkr)) ,andap = o+e

S‘t = Amin t (/\max - /\min) Gt- j\t - a:\t_l + (1 - a) :\t- At = mln()‘ta /\cap).
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Partial Experimental Results

Table 1. Main results. TLVS consistently improves hallucination-related metrics across POPE, HallusionBench, CHAIR (COCO), and

AMBER on both LLaVA-1.5-7B and Qwen2.5-VL-7B. 1/] indicate that

higher/lower is better; bold/underline mark the best/second-best

within each backbone; gray highlights TLVS, with 1 / | showing absolute gains over the vanilla baseline.

Model POPE HallusionBench CHAIR (COCO) AMBER

Adv.t Pop.T Rand.t Avg.T qAcct fAcct aAcct CHAIRs| CHAIRi] Recallt CHAIR| Covert Hall Cogl FI-Et FI1-At FI-RT FI?1
LLaVA-1.5-7B 81.80 84.36 89.12 85.09 13.19 16.18 45.70 46.0 12.8 78.9 12.0 50.3 36.4 4.6 83.2 65.6 62.4 74.7
+VCD 81.33 85.06 87.16 84.52 12.75 19.08 46.41 47.8 14.1 82.7 10.1 51.2 43.6 43 84.1 63.6 66.4 74.8
+ SPARC 81.03 86.05 89.00 85.36 13.19 17.34 35.25 434 16.8 61.1 14.5 44.6 23.1 24 88.5 66.7 65.5 71.9
+ASD - - — 87.87 o - - 40.0 113 82.0 — - e o o - o o
+ SHARP 79.00 83.20 85.30 82.50 — — — 348 10.6 59.7 8.5 521 39.2 4.8 — — — o
+ VTI 80.43 85.53 88.50 84.82 13.19 15.90 44.11 35.8 11.1 76.8 47 47.2 27.0 18 85.8 67.5 68.3 771
+ VISTA 80.98 88.87 89.25 86.37 14.29 19.36 45.82 44.6 13.4 71.0 6.0 39.9 27.1 24 87.6 67.3 55.9 71.6
+DPO (RLHF-V)  84.03 85.94 89.12 86.36 16.70 20.81 51.31 432 11.9 76.4 5.7 49.7 273 2.6 90.7 72.6 64.6 80.9
+ TLVS (ours) 87.85 160c 89.42 156 92.08 125c 89.78 tues 15.85 1266 19.95 1397 46.50 tow 312 s 9.7 150 822133 382 518 tis 19.7 167 1530 915 133 73.0 t74 69.7 175 82.2 135
Qwen2.5-VL-7B 84.92 86.78 89.01 86.90 23.74 31.21 55.54 24.0 7.0 86.7 54 51.6 29.0 1.9 97.3 83.8 72.6 89.4
+VCD 83.92 85.80 88.41 86.04 3143 35.26 61.82 29.8 9.7 58.0 6.2 50.3 36.5 2.1 91.6 78.6 68.0 83.8
+DPO (RLHF-V)  84.99 86.81 89.72 87.17 34.95 39.60 62.62 134 35 62.7 31 50.7 219 L1 98.5 82.5 65.9 88.3
+ TLVS (ours) 85.10 toix 87.01 toxs 89.88 torr 87.33 tos: 33.08 t93¢ 37.19 1595 63.23 tre 12.01120 52015 839425 38115 51210+ 1674125 10405 973 827111 73.0 1o 89.8 tas
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Figure 7. MMHal-Bench performance across question categories

(attributes, adversarial objects, comparisons, counting, spatial,

environmental, holistic, and others).
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Figure 8. Adaptive steering focuses on critical tokens. \; distribu-
tion (left) and mean A; by token group (right).

Table 2. Ablation on refinement and token-level adaptive steering.
1 / | indicate higher/lower is better; green/red arrows show abso-
lute gains over the vanilla baseline within each backbone.

Method Components POPE AMBER

Refine Adapt. Avgt CHAIR] Covert Hall F11
LLaVA-1.5-7B
Vanilla - - 85.09 12.0 50.3 36.4 74.7
TLVS-Init X X  86.83 117 T4 las 454 Las 359 Los T75.0 toz
TLVS-Refine v X  88.71 1362 41179 445 Lsx 28.1 L¢3 80.8 Ta:
TLVS v v.  89.78 t4s9 3.8 1s2 51.8 115 19.7 L7 82.2 t7s
Qwen2.5-VL-7B
Vanilla - - 86.90 5.4 51.6 29.0 89.4
TLVS-Init X X  86.83 Loor 5.0loa 50.8 Loz 26.8 122 87.6 L1
TLVS-Refine X 87.00 too 4.2 112 48,9 L27 20.0 lso 88.8 Los
TLVS v v. 8733103 3.8116 51.2l1oa 16.7 L123 89.8 tos

Table 3. Efficiency and Overhead. (i) Fwd/Token, the average
number of forward passes per generated token; (ii) ms/Token, wall-
clock latency per token; (iii) Sec/Sample, end-to-end generation
time per sample; and (iv) Peak VRAM, the maximum GPU mem-
ory footprint during inference. Lower is better for all four metrics

()

Method Fwd/Token | ms/Token | Sec/Sample | Peak VRAM (GB) |
Base 1.00 31.25 3.34 13.95
TLVS 2.00 64.01 6.79 14.03
Overhead (Ours/Base) 2.00x 2.05x 2.04 x 1.01x




