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Abstract001

Steering methods have emerged as effective002
tools for guiding large language models’ be-003
havior, yet multimodal large language models004
(MLLMs) lack comparable techniques due to005
architectural diversity and limited availability006
of multimodal steering vectors. Inspired by007
this gap, we demonstrate that steering vectors008
derived solely from text-only LLM backbones009
can effectively guide and enhance their mul-010
timodal counterparts, revealing a novel cross-011
modal transfer that enables reuse of existing in-012
terpretability tools. Using community-standard013
methods—Sparse Autoencoders (SAE), Mean014
Shift, and Linear Probing—we validate this015
transfer effect across diverse MLLM architec-016
tures and visual reasoning tasks. Text-derived017
steering consistently enhances multimodal per-018
formance, with Mean Shift achieving up to019
+7.3% improvement in spatial relationship ac-020
curacy and +3.3% in counting accuracy on CV-021
Bench, and exhibits strong generalization to022
out-of-distribution datasets, for example reach-023
ing +34.2% on CLEVR counting tasks. This024
reveals that textual representations alone can ef-025
fectively enhance visual grounding in MLLMs,026
bridging the mature ecosystem of text-based027
steering to MLLMs with minimal additional028
data collection or computational overhead.029

1 Introduction030

Steering large language models (LLMs) via their in-031

ternal representations has emerged as a lightweight,032

interpretable paradigm for eliciting safe and con-033

trollable behavior (Li et al., 2023a; Turner et al.,034

2023; Sharkey et al., 2025, inter alia.). However,035

similar steering approaches have not yet gained036

prominence for multimodal large language models037

(MLLMs). This is in part due to the heterogeneity038

of their architectures compared to text-only LLMs.039

Moreover, many steering methods assume access040

to a dataset of contrast pairs (Marks and Tegmark,041

2023) to construct steering vectors, which may not042

be readily available for multimodal inputs.043

Our key finding is that internal representations 044

from a text-only LLM backbone retain their steer- 045

ing effectiveness even after multimodal adapta- 046

tion. This transfer effect enables a new multi- 047

modal steering paradigm that is agnostic to archi- 048

tecture and does not require specialized multimodal 049

data. Importantly, it also allows us to directly re- 050

purpose steering methods originally developed for 051

text-only models—such as Sparse Autoencoders 052

(SAEs), Mean Shift, and Linear Probing—without 053

modality-specific modifications. This bridges the 054

mature ecosystem of text-based steering (McGrath 055

et al., 2024; Durmus et al., 2024; Hanna et al., 056

2025) with the emerging space of multimodal mod- 057

els, providing a lightweight and interpretable path- 058

way for enhancing multimodal reasoning. 059

Building on this insight, we propose a plug-and- 060

play framework for multimodal steering. We ex- 061

tract steering vectors from text-only LLM back- 062

bones using established techniques and then ap- 063

ply them to the hidden states of their multimodal 064

counterparts. This approach leverages the exist- 065

ing toolbox of steering methods, which have been 066

extensively studied and evaluated in the text do- 067

main, to ensure accessibility and broader applica- 068

bility for multimodal research. We evaluate our 069

approach using different steering methods across 070

multiple open-weight MLLMs and a broad suite 071

of visual reasoning tasks, with Mean Shift per- 072

forming best, achieving up to +7.3% improvement 073

in spatial relationship accuracy in CV-Bench and 074

even stronger out-of-distribution gains, consistent 075

with findings in text-only LLMs (Wu et al., 2025). 076

Notably, while direct prompting is effective for 077

steering text-only LLM behavior, it provides little 078

benefit for multimodal reasoning. We also com- 079

pare against LoRA fine-tuning: although LoRA 080

achieves stronger in-distribution accuracy, it ex- 081

hibits limited out-of-distribution generalization and 082

lacks the lightweight and interpretability advantage 083

of steering. Our contributions are as follows: 084
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Figure 1: Overview of our steering methodology. Given an MLLM with a text-only LLM backbone and image-bound
prompt, we first identify the required visual concept (e.g, spatial relationships). For each hidden layer ℓ, we then
extract corresponding steering vectors from the LLM using Mean Shift, Sparse Autoencoders, or Linear Probing.
Finally, we apply these vectors to image tokens, text tokens, or both, controlled by parameters γImage and γText.

• We introduce a plug-and-play multimodal085

steering method built directly on existing LLM086

representation-based techniques.087

• We identify a novel transfer effect: repre-088

sentations from the text-only LLM backbone089

remain effective for steering its multimodal090

counterpart, even after vision-language post-091

training.092

• We demonstrate consistent performance gains093

across multiple MLLMs and task categories.094

Importantly, we also show that textual steering095

vectors could generalize to out-of-distribution096

test sets and demonstrate significant perfor-097

mance gains.098

2 Related Works099

2.1 Multimodal Large Language Models100

Multimodal large language models are commonly101

developed by endowing a backbone LLM with vi-102

sual processing components and fine-tuning on103

multimodal datasets (Liu et al., 2023; Dai et al.,104

2023; Bai et al., 2025; Wang et al., 2025; Yu105

et al., 2025), with some exceptions pretrained from106

scratch (Chameleon Team, 2024; Team OLMo107

et al., 2024; Chen et al., 2025). Using an LLM108

backbone typically involves projecting outputs of109

an image encoder (Dosovitskiy et al., 2020; Zhai 110

et al., 2023) to the same dimension as the LLM by 111

an MLP, and concatenating the resulting image/text 112

tokens as input to the LLM. The model can then be 113

finetuned on multimodal data, possibly with frozen 114

layers (e.g., in the LLM) to preserve pretrained 115

knowledge. 116

2.2 Representation-Based Steering 117

Methods for representation-based steering are an ef- 118

fective family of methods for steering LLMs, often 119

in two stages. First, they identify model compo- 120

nents that influence target behaviors, using probing 121

directions (Li et al., 2023a; Zou et al., 2023), ac- 122

tivation differences (Li et al., 2023a; Turner et al., 123

2023; Panickssery et al., 2023; Marks and Tegmark, 124

2023; Lee et al., 2024), or lifted monosemantic fea- 125

tures via SAEs (Lieberum et al., 2024b; Gao et al., 126

2025; Templeton et al., 2024; Marks et al., 2025) 127

and their variants (Dunefsky et al., 2024), among 128

other techniques. Second, they adjust steering hy- 129

perparameters to balance desiderata such as truth- 130

fulness (Lin et al., 2022; Hernandez et al., 2023; 131

Li et al., 2023a), helpfulness (Zou et al., 2023), 132

and quality. Applying such methods to MLLMs 133

remains less explored. VTI (Liu et al., 2025) con- 134

structs intervention vectors from paired multimodal 135
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What’s the color of the image?
Steering Method: SparseAutoencoder (Gemma-2-9B)
Layer Index: 20;    Feature ID: 13864
Feature Explanation: “color-related terms, specifically 
highlighting the color red”

Figure 2: Effect of steering strength on color token
probabilities.

inputs and applies them to visual and textual repre-136

sentations. Recent work explores gradient-based at-137

tribution for selective steering (Nguyen et al., 2025)138

and parameter-efficient training methods (Bi et al.,139

2025). These require multimodal contrast pairs or140

gradient computation. In contrast, we show that in-141

tervention vectors from text-only LLM backbones142

can steer MLLMs, enabling reuse of existing text-143

based methods (Durmus et al., 2024; Hanna et al.,144

2025) and revealing cross-modal transfer through145

preserved semantics (Lieberum et al., 2024b).146

2.3 Shared Semantics147

Shared semantics refer to the representations uni-148

fying heterogeneous modalities of the same con-149

tent, as identified across languages in multilingual150

LLMs (Artetxe et al., 2019; Wendler et al., 2024;151

Wu et al., 2024) and text/vision inputs in multi-152

modal models (Huh et al., 2024; Luo et al., 2024;153

Wu et al., 2024). Our work studies the transfer of154

steering effect across different modalities and train-155

ing stages. Recently, Papadimitriou et al. (2025)156

show that SAE features co-activate across multi-157

modal inputs, while our work explores how such158

shared features can be exploited to steer MLLMs.159

3 Toy Example160

To demonstrate that textual representations can161

effectively intervene in visual understanding,162

we conduct a simple color perception exper-163

iment using GemmaScope (Lieberum et al.,164

2024a) for Gemma-2-9B for feature extraction and165

PaliGemma2-10B-mix-448 (Beyer et al., 2024)166

as our target model. We present the model with167

a yellow-orange image (whose RGB hex code is168

#FFB400) and manipulate its perception by in- 169

tervening in the hidden representations. Specifi- 170

cally, we obtain the normalized red vector from 171

GemmaScope and we add this vector to the hid- 172

den states of image tokens at layer 20 as follows: 173

h′image = himage + α · vred, where α is the scale 174

factor controlling intervention strength. Figure 2 175

shows how increasing the scale factor shifts per- 176

ception along a color spectrum: initially yellow- 177

orange dominates, then orange peaks at scale factor 178

50, and finally red becomes dominant beyond scale 179

factor 75. This demonstrates that textual features 180

can integrate with and modify visual understanding, 181

supporting our hypothesis of unified cross-modal 182

representations within these models. We include 183

more color examples in Appendix B. 184

4 Methods 185

Building on our demonstration that textual repre- 186

sentations can effectively steer visual understand- 187

ing, we now explore systematic approaches to im- 188

prove MLLMs’ visual reasoning. Despite their 189

growing success, MLLMs still struggle with seem- 190

ingly simple visual queries—miscounting objects, 191

confusing spatial relationships, and mishandling 192

compositional prompts (Fu et al., 2024b). When 193

the same problems are posed in pure text, founda- 194

tion models perform far better (Fu et al., 2024a). 195

This motivates our central question: Can exist- 196

ing steering mechanisms for textual representations 197

rectify MLLMs’ shortcomings? A promising rem- 198

edy is steering vectors: compact directions in ac- 199

tivation space that encode specific concepts. By 200

adding these vectors to hidden representations at 201

inference as h′
(ℓ)
target = h

(ℓ)
target + α · v(ℓ), we am- 202

plify desired concepts without parameter updates, 203

where ℓ∗ and α∗ are found via grid search. We 204

extract v(ℓ) from text-only LLM backbones using 205

three established methods—Sparse Autoencoders, 206

Mean Shift, and Linear Probing—demonstrating 207

broad applicability of cross-modal transfer. 208

4.1 Dataset Construction for Steering Vector 209

Extraction 210

To extract steering vectors for visual concepts from 211

text, we identify four important taxonomies: spatial 212

relationship, counting, attribute, and entity (Huang 213

et al., 2023; Lin et al., 2024; Fu et al., 2025). 214

For each visual concept, we curate small sets of 215

sentence-anchor pairs, where each pair contains a 216

sentence exhibiting the visual concept and the spe- 217

cific anchor word representing that concept. These 218
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Gemma-2-2B Mean Shift
Counting  Layer 5

Relevant tokens
Irrelevant tokens
Relevant mean
Irrelevant mean
Mean shift direction

Llama-3.1-8B Mean Shift
Spatial Relationship  Layer 14

Relevant tokens
Irrelevant tokens
Relevant mean
Irrelevant mean
Mean shift direction

Figure 3: Left: Mean Shift method for counting features in Gemma-2-2B. The direction points from mean control
token states to mean counting-related token states. Right: Spatial relationship features for Llama-3.1-8B.
Activations projected to 2D for visualization.

sentence-anchor pairs serve as the foundation for219

all three steering vector extraction methods. Exam-220

ples are provided in Table 3 in Appendix A.1.221

4.2 Interpretable Steering Vector Extraction222

Methods223

Sparse Autoencoders (SAE). Sparse Autoen-224

coders reconstruct LLM activations using an MLP225

with sparsity penalties. Let x = h(ℓ)(t) ∈ RD226

be activations for token t at layer ℓ. A SAE227

reconstructs x as x̂ = bdec +
∑F

i=1 fi(x)W
dec
·,i ,228

where bdec ∈ RD, W dec ∈ RD×F are learned229

decoder bias and weights. Feature activa-230

tions are computed as fi(x) = σ
(
W enc

i,· x +231

benc
i

)
using encoder weights W enc ∈ RF×D232

and bias benc ∈ RF , where σ is an ac-233

tivation function (e.g., ReLU or JumpReLU).234

The model minimizes the loss function L =235

Ex

[
∥x− x̂∥22 + λ

∑F
i=1 fi(x) ∥W dec

·,i ∥2
]
, i.e., L2-236

reconstruction error and L1-regularization on fea-237

ture activations. Here, unit-normalized decoder238

weight vectors v(ℓ)i :=
W dec

·,i
∥W dec

·,i ∥2
serve as feature di-239

rections and α
(ℓ)
i (t) := fi(h

(ℓ)(t)) ∥W dec
·,i ∥2 as the240

activation strength of v(ℓ)i on token t.241

We leverage existing pretrained SAEs: GemmaS-242

cope (Lieberum et al., 2024b) for Gemma-2 and243

LlamaScope (He et al., 2024) for Llama-3.1-8B,244

leveraging existing interpretability infrastructure245

without training costs. Using our sentence-anchor246

pairs, we identify features with high activations on247

anchor words, verify their relevance to target visual248

concepts, and then average these relevant feature249

vectors to create a single steering vector for each250

visual concept per layer (details in Appendix A.1).251

Mean Shift. This method identifies feature di-252

rections by computing activation differences (Fig- 253

ure 3), showing surprising effectiveness for LLM 254

steering (Marks and Tegmark, 2023; Wu et al., 255

2025). For each taxonomy T and layer ℓ, using 256

sentence-anchor pairs {(s1, w1), . . . , (sK , wK)}, 257

we compute the mean shift vector m
(ℓ)
T = 258

1
K

∑K
j=1 h

(ℓ)(wj)− 1
|S¬T |

∑
t∈S¬T

h(ℓ)(t) , where 259

h(ℓ)(wj) is the residual stream activation of anchor 260

word wj at layer ℓ and S¬T is a control set of non- 261

anchor tokens from the same sentences. We do not 262

the vector m(ℓ)
T , preserving its magnitude relative 263

to the original hidden states. 264

Linear Probing. We train a linear classifier 265

distinguishing anchor word activations from con- 266

trol tokens at layer ℓ (Alain and Bengio, 2016; 267

Park et al., 2024). As the hidden state dimen- 268

sionality exceeds our sample size (K < D), we 269

first project to dimension d < K using PCA 270

(We use d = K/2 in practice). With Q ∈ 271

Rd×D as the PCA matrix, the probe separates 272

{h(ℓ)(wj)Q
⊤}j≤K and {h(ℓ)(t)Q⊤}t∈S¬T , where 273

{(s1, w1), . . . , (sK , wK)} are the sentence-anchor 274

pairs for concept T and S¬T is our control set. The 275

learned normal vector v ∈ Rd (pointing toward an- 276

chor points) yields the steering vector v′ = Q⊤v. 277

Prompting Baseline. Like our steering methods, 278

prompting represents an interpretable approach 279

that requires no parameter updates and has shown 280

strong results in text-only domains (Wu et al., 281

2025). For a given taxonomy T , we first curate 282

a collection of 96 prompts of varying lengths by 283

instructing GPT-4o to generate prompts that guide 284

the model to reason with respect to T , similar to the 285

LLM-based prompt generation in AxBench (Wu 286

et al., 2025), and then select the best-performing 287

prompt via grid search on training data. Refer to 288

Appendix A.2 for further detail. 289
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PaliGemma2-3B Performance on CVBench (Spatial 
Relationship) over Layers.  

Grid Search Region

(a) We zero out models’ attention to image tokens after layer
ℓ and measure model performance. This reveals when visual
information is processed and allows efficient grid search.
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(b) Grid search on PaliGemma2-3B to locate the best (ℓ∗, α∗)
for steering the model’s spatial reasoning abilities. In this
case, ℓ∗ = 5 and α∗ = 1.0.

Figure 4: Efficient Grid Search with PaliGemma2-3B on the Spatial Relationship Task.

5 Steering Improves Multimodal LLMs290

Having established in Section 3 that textual steering291

vectors applied to non-output tokens can alter the292

behavior of MLLMs, we now investigate whether293

the textual steering vectors we identified in Section294

4.2 can improve visual understanding in MLLMs295

when applied to intermediate representations.296

5.1 Setup297

Models. We primarily investigate PaliGemma2298

models (PaliGemma2-3B-mix-448 and299

PaliGemma2-10B-mix-448, referred to as300

PaliGemma2-3B and PaliGemma2-10B) and301

Idefics3-8B-Llama3. These models are selected302

because high-quality SAEs are available for their303

text-only backbones (Gemma2-2B, Gemma2-9B,304

and Llama-3.1-8B), enabling systematic compar-305

ison of all three steering methods. Architecturally,306

PaliGemma2 adopts prefix-LM masking where307

image tokens and textual instructions are cross-308

attended, while Idefics3 is fully autoregressive309

following LLaVA, allowing us to assess our310

approach across diverse fusion architectures.311

Dataset. We use CV-Bench (Tong et al.,312

2024) with 4 sub-categories: Count, Relation,313

Distance, and Depth, totaling 2,638 data points.314

Each sub-category contains around 700 samples,315

split into 500-600 training samples for grid search316

and 150 for testing.317

Grid Search. We identify optimal injection318

layer ℓ and scale factor α via grid search on319

the training split. For each (ℓ, α) pair, we320

intervene as h′target(ℓ) = htarget(ℓ) + αv(ℓ)321

and select (ℓ∗, α∗) = argmaxℓ,αAcc(ℓ, α).322

We use A = {0.1, 0.2, 0.4, 0.6, 0.8, 1.0} for 323

unnormalized vectors (Mean Shift). For 324

normalized vectors (SAE, Probe), we use 325

{10, 20, 30, 40, 50, 60} on PaliGemma2 models 326

and {0.2, 0.4, 0.6, 0.8, 1.0, 1.2} on Idefics3 due to 327

smaller hidden state norms. We set I to be the 328

middle layers, where we observe the learning from 329

image tokens is predominantly happening (see Fig- 330

ure 4a): {5, 6, . . . , 20} for PaliGemma2-3B and 331

Idefics3-8B-Llama3, and {15, 16, . . . , 30} for 332

PaliGemma2-10B. Notably, we never steer output 333

tokens, focusing on internal representations. 334

5.2 Results 335

Table 1 presents a comparative analysis of three 336

models on tasks related to spatial relationships and 337

counting in CV-Bench. The performance is eval- 338

uated with and without intervention tokens (text, 339

image, or both) and across different steering meth- 340

ods (SAE, Probe, Mean Shift, and Prompting). 341

Steering Interventions Prove Effective. Table 342

1 demonstrates that steering interventions, espe- 343

cially Mean Shift, consistently improve model per- 344

formance on spatial relationship and counting tasks 345

over baseline levels. For instance, PaliGemma2- 346

3B’s “Relation” accuracy with Mean Shift rose 347

from 76.0 to 83.3 using both tokens. We also ob- 348

serve that improvements tend to be larger for spa- 349

tial relationship tasks compared to counting (e.g., 350

+7.3 vs. +2.7 for PaliGemma2-3B with both to- 351

kens), likely because spatial relationships are more 352

directly influenced by highlighting salient object 353

features and positions, while counting demands 354

more holistic scene interpretation, less directly 355
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MODEL
INTERVENTION

TOKENS
RELATION COUNT

TEXT IMAGE SAE PROBE MEANSHIFT SAE PROBE MEANSHIFT

PaliGemma2-3B

— 76.0 59.3
✓ 82.0 (+6.0)⋆ 77.3 (+1.3) 83.3 (+7.3)⋆ 60.0 (+0.7) 62.0 (+2.7) 60.0 (+0.7)

✓ 78.7 (+2.7) 76.7 (+0.7) 78.7 (+2.7)⋆ 62.0 (+2.7)⋆ 60.7 (+1.3) 62.0 (+2.7)
✓ ✓ 81.3 (+5.3)⋆ 78.7 (+2.7) 81.3 (+5.3)⋆ 62.7 (+3.3)⋆ 62.0 (+2.7)⋆ 62.0 (+2.7)⋆

Prompting 76.7 (+0.7) 60.0 (+0.7)

PaliGemma2-10B

— 79.3 63.3
✓ 78.7 (−0.7) 77.3 (−2.0) 83.3 (+4.0)⋆ 63.3 (+0.0) 62.7 (−0.7) 64.0 (+0.7)

✓ 79.3 (+0.0) 79.3 (+0.0) 78.7 (−0.7) 63.3 (+0.0) 63.3 (+0.0) 64.7 (+1.3)
✓ ✓ 78.7 (−0.7) 78.0 (−1.3) 83.3 (+4.0)⋆ 64.0 (+0.7) 63.3 (+0.0) 63.3 (+0.0)
Prompting 76.7 (−2.7) 63.3 (+0.0)

Idefics3-8B-Llama3

— 73.3 59.3
✓ 76.0 (+2.7) 78.0 (+4.7)⋆ 80.0 (+6.7)⋆ 58.7 (−0.7) 58.0 (−1.3) 60.0 (+0.7)

✓ 78.0 (+4.7)⋆ 72.7 (−0.7) 76.7 (+3.3) 60.0 (+0.7) 59.3 (+0.0) 60.7 (+1.3)
✓ ✓ 77.3 (+4.0)⋆ 78.7 (+5.3)⋆ 80.7 (+7.3)⋆ 62.0 (+2.7)⋆ 60.0 (+0.7) 60.7 (+1.3)
Prompting 75.3 (+2.0) 58.7 (−0.7)

Table 1: Textual Steering Vectors Improve Multimodal LLMs’ Visual Understanding. Task-specific textual
steering vectors reliably improve both spatial relation and counting performance across models. Stars (⋆) denote
statistically significant improvements (p < 0.05, bootstrap test with 10,000 iterations).

aided by these steering methods. Notably, the 3B356

model shows larger absolute gains than the 10B357

model, which may reflect either lower baseline per-358

formance or greater sensitivity to activation inter-359

ventions in smaller models.360

Mean Shift Shows Superior Performance.361

Among the evaluated methods, Mean Shift per-362

forms most effectively and demonstrates more sta-363

ble effects across different models, aligning with364

recent text-only steering findings (Wu et al., 2025).365

Mean Shift’s superiority stems from its robustness:366

while SAE relies on learned sparse representa-367

tions that may suffer from overfitting or incomplete368

concept capture, and probing operates in lower-369

dimensional space with sensitivity to specific pro-370

jections, Mean Shift operates on full-dimensional371

representations using distributional properties, lead-372

ing to more deterministic and stable effects.373

Prompting Barely Steers. Table 1 indicates374

that prompting is often less effective than targeted375

interventions and sometimes even deleterious. This376

deviates from text-only observations (Wu et al.,377

2025), reflecting MLLMs’ challenges in following378

fine-grained visual reasoning instructions. Unlike379

text-only models that reliably execute linguistic380

guidance, multimodal models may struggle with381

translating textual prompts into enhanced visual382

understanding, making prompting less effective.383

Intervention Transfers Across Tasks. As384

shown in Figure 5, intervention using a feature T385

sometimes transfer effectively to different tasks T ′.386

For instance, enhancing attribute and entity recog- 387

nition improves spatial relationship performance, 388

suggesting that accurate object identification helps 389

spatial reasoning. This cross-task transfer reflects 390

the interconnected nature of visual understanding, 391

where strengthening one capability can have cas- 392

cading benefits for related reasoning processes. 393

6 Steering Improvements Generalize 394

Out-of-Distribution 395

We now examine whether textual steering meth- 396

ods generalize generalize out-of-distribution, i.e., 397

to datasets on which the steering method’s hyper- 398

parameters (ℓ, α) have not been tuned. 399

6.1 Setup 400

Datasets. We first evaluate on five datasets bench- 401

marking isolated visual reasoning capabilities: 402

What’sUp-A, What’sUp-B, BLINK Object Local- 403

ization, CLEVR, and Super-CLEVR. What’sUp-A 404

contains 412 images of pairs of household objects 405

arranged in clear spatial relations of {“on”, “un- 406

der”, “left”, and “right”}, while What’sUp-B sim- 407

ilarly contains 408 images with objects closer in 408

size (Kamath et al., 2023). The BLINK Object 409

Localization category contains 122 questions re- 410

lated to bounding boxes for large objects (Fu et al., 411

2024b). Finally, we sampled 500 datapoints from 412

CLEVR (Johnson et al., 2017) and 200 datapoints 413

from Super-CLEVR (Li et al., 2023b) to evaluate 414

the OOD accuracy of textual steering in counting. 415
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Figure 5: Performance improvements on CV-Bench tasks when steering PaliGemma2-3B with Mean Shift vectors.
Each cell shows the percentage improvement in accuracy relative to the baseline. Rows represent different CV-Bench
tasks, while columns represent different feature vectors used for steering. Text below improvements indicates the
optimal layer number and intervention strength.

Transfer Setup. For each combination of test416

dataset, model, and steering method, we directly417

transfer the intervention configuration from CV-418

Bench without any tuning on the target dataset.419

Specifically, we use the (ℓ, α) pair that performed420

best on the corresponding CV-Bench task category421

for that model and method. Steering vectors are422

aligned with each dataset’s focus: “Spatial Rela-423

tionship” vectors for What’sUp-A, What’sUp-B,424

and BLINK Object Localization, and “Counting”425

vectors for CLEVR and Super-CLEVR. Critically,426

neither the layer-scale hyperparameters nor the427

steering vectors themselves are adapted to the test428

datasets, making this a true out-of-distribution eval-429

uation. Our prompting baseline similarly uses the430

exact prompt that performed best on the associ-431

ated CV-Bench tasks. The only adaptation is us-432

ing a small validation subset (50 datapoints for433

What’sUp and CLEVR, 25 for BLINK and Super-434

CLEVR) to determine the token type for interven-435

tion (image, text, or both).436

6.2 Results437

Steering Remains Broadly Effective. Table 2438

demonstrates that textual interventions are effective439

across all 5 tasks, achieving average improvements440

over all models and datasets of at least +3.9 for441

all vector-based steerings. In contrast, prompting442

averaged only +0.8 and worsened performance in443

5 cases, suggesting it’s less effective for MLLMs444

than for text-only LLMs (Wu et al., 2025).445

Validation Against Linguistic Bias. The im-446

proved performance on the What’sUp datasets pro-447

vides evidence that our steering enhances genuine448

visual understanding rather than exploiting linguis-449

tic patterns. These datasets contain controlled im-450

age groups where identical objects are arranged in451

systematically varied spatial relationships (e.g., an 452

apple positioned left, right, above, or below the 453

same plate). If our methods were merely exploiting 454

textual patterns, we would expect biased outputs re- 455

gardless of visual content, rather than the observed 456

accurate tracking of true spatial relationships. 457

Superior OOD Performance on Focused 458

Tasks. Out-of-distribution performance often 459

surpasses in-distribution results, particularly on 460

datasets requiring “pure” reasoning abilities. For 461

example, CLEVR, which isolates counting using 462

simple geometric objects without complex object 463

recognition, shows pronounced gains (+19.6 aver- 464

age), while CV-Bench Count and Super-CLEVR 465

demand broader compositional understanding, re- 466

sulting in more moderate improvements. This pat- 467

tern suggests our steering precisely targets the in- 468

tended cognitive capabilities. 469

Mean Shift Demonstrates Consistent Superi- 470

ority. Across all experimental conditions, Mean 471

Shift consistently outperforms other methods, 472

achieving +7.6 average improvement compared to 473

+6.0 for SAE and +3.9 for Probe. This mirrors 474

results from CV-Bench and AxBench (Wu et al., 475

2025). Given this consistent effectiveness, we se- 476

lect Mean Shift for further evaluating on additional 477

models without pretrained SAEs (Section 7 and 478

Appendix C.2), demonstrating the generalization 479

of our steering approach across diverse MLLMs. 480

7 Extended Evaluations 481

To assess broader applicability and practical impli- 482

cations, we further evaluate our steering approach 483

on realistic multimodal tasks, additional models, 484

and compare with fine-tuning. Complete experi- 485

mental details and results are in Appendix C. 486
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DATASET
VISUAL
CONCEPT

MODEL
INTERVENTION METHOD

BASELINE PROMPTING SAE PROBE MEANSHIFT

What’sUp-A
Spatial
Relation

PaliGemma2-3B 62.7 65.8 (+3.1)⋆ 71.8 (+9.1)⋆ 78.5 (+15.8)⋆ 75.4 (+12.7)⋆

PaliGemma2-10B 68.5 63.3 (−5.2) 80.1 (+11.6)⋆ 71.6 (+3.1)⋆ 74.9 (+6.4)⋆

Idefics3-8B-Llama3 62.2 61.9 (−0.4) 64.1 (+1.9) 62.2 (+0.0) 61.9 (−0.3)
AVERAGE IMPROVEMENT – -0.8 +7.6 +6.3 +6.3

What’sUp-B
Spatial
Relation

PaliGemma2-3B 60.6 56.7 (−3.9) 58.9 (−1.7) 57.5 (−3.1) 60.3 (−0.3)
PaliGemma2-10B 81.8 77.8 (−3.0) 82.4 (+0.6) 82.1 (+0.3) 82.1 (+0.3)
Idefics3-8B-Llama3 52.0 57.3 (+5.3)⋆ 56.2 (+4.2)⋆ 57.0 (+5.0)⋆ 63.4 (+11.5)⋆

AVERAGE IMPROVEMENT – -0.5 +1.0 +0.8 +3.8

BLINK Object
Localization

Spatial
Relation

PaliGemma2-3B 41.2 41.2 (+0.0) 43.3 (+2.1) 42.3 (+1.0) 44.3 (+3.1)⋆

PaliGemma2-10B 51.6 52.6 (+1.0) 54.6 (+3.1) 53.6 (+2.1) 57.7 (+6.2)⋆

Idefics3-8B-Llama3 53.6 53.6 (+0.0) 56.7 (+3.1)⋆ 53.6 (+0.0) 55.7 (+2.1)
AVERAGE IMPROVEMENT – +0.3 +2.8 +1.0 +3.8

CLEVR Count

PaliGemma2-3B 52.4 53.6 (+1.2) 70.7 (+18.2)⋆ 56.4 (+4.0)⋆ 67.1 (+14.7)⋆

PaliGemma2-10B 70.7 72.4 (+1.7) 74.9 (+4.2)⋆ 71.6 (+0.9) 80.4 (+9.8)⋆

Idefics3-8B-Llama3 59.8 60.2 (+0.4) 88.0 (+28.2)⋆ 84.4 (+24.7)⋆ 94.0 (+34.2)⋆

AVERAGE IMPROVEMENT – +1.1 +16.9 +9.9 +19.6

Super-CLEVR Count

PaliGemma2-3B 26.9 30.3 (+3.4) 32.0 (+5.1)⋆ 30.3 (+3.4) 33.1 (+6.3)⋆

PaliGemma2-10B 40.0 48.5 (+8.5)⋆ 40.6 (+0.6) 40.0 (+0.0) 44.6 (+4.6)⋆

Idefics3-8B-Llama3 66.5 65.7 (−0.8) 66.5 (+0.0) 67.5 (+1.0) 68.5 (+2.0)⋆

AVERAGE IMPROVEMENT – +3.7 +1.9 +1.5 +4.3

AVERAGE IMPROVEMENT – +0.8 +6.0 +3.9 +7.6

Table 2: Performance of textual steering on out-of-distribution datasets. Stars (⋆) denote statistically significant
improvements (p < 0.05, bootstrap test with 10,000 iterations).

Real-World Task Performance. Beyond iso-487

lated capabilities, we evaluated our steering meth-488

ods on practical multimodal tasks including vi-489

sual question answering (VQAv2 (Goyal et al.,490

2017)), open-ended image captioning (COCO Cap-491

tions (Chen et al., 2015)), document understanding492

(DocVQA (Mathew et al., 2021)), chart reasoning493

(ChartQA (Masry et al., 2022)), and table under-494

standing (VTabFact (Kim et al., 2024)). Mean Shift495

achieved improvements in 15 out of 18 model-task496

combinations with 7 statistically significant gains.497

While improvements are relatively modest com-498

pared to specialized benchmarks in Section 6—ex-499

pected since these complex tasks depend less exclu-500

sively on the spatial and counting skills our vectors501

target—the consistent positive impact demonstrates502

that our approach effectively enhances visual rea-503

soning across diverse applications.504

Generalization to Additional Models. Our pri-505

mary experiments focused on models with high-506

quality pretrained SAEs (GemmaScope, LlamaS-507

cope) to enable systematic comparison of steer-508

ing methods. Having identified Mean Shift as509

most effective, we validate its broader applicabil-510

ity on models without pretrained SAE infrastruc-511

ture: InternVL3.5-1B and InternVL3.5-4B (Wang512

et al., 2025), Qwen3-VL-2B (Bai et al., 2025), and513

MiniCPM-V-4.5 (8B) (Yu et al., 2025). Mean Shift514

consistently improves performance across these515

models, achieving +5.8 average improvement on 516

CV-Bench and +6.7 on out-of-distribution datasets 517

(see Appendix C.2 for detailed results), demonstrat- 518

ing effectiveness across diverse MLLM designs. 519

Comparison with Fine-Tuning. We compared 520

steering approach against Low-Rank Adaptation 521

(LoRA) (Hu et al., 2022) fine-tuning. While 522

LoRA achieves stronger in-distribution perfor- 523

mance (+10.8 average on CV-Bench), it shows 524

limited OOD generalization (+1.7 average). In con- 525

trast, Mean Shift maintains consistent effectiveness 526

across diverse datasets (+7.6 average OOD), reflect- 527

ing fundamental differences in their mechanisms: 528

LoRA adapts models to specific task distributions, 529

while steering enhances underlying cognitive abil- 530

ities that remain applicable across contexts, high- 531

lighting steering’s superior generalization along- 532

side its interpretability and efficiency advantages. 533

8 Conclusion 534

We demonstrated that textual steering vectors ex- 535

tracted from text-only LLM backbones effectively 536

enhance their multimodal counterparts’ visual rea- 537

soning capabilities, and generalize robustly to out- 538

of-distribution datasets. Our work bridges the ma- 539

ture ecosystem of text-based steering to MLLMs, 540

providing an interpretable and efficient approach 541

for enhancing visual reasoning without requiring 542

multimodal contrast pairs or gradient computation. 543
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Limitations544

While our approach demonstrates broad effec-545

tiveness, several limitations warrant considera-546

tion. First, our method’s performance depends547

critically on the quality of extracted steering vec-548

tors—existing extraction methods, particularly549

SAE and Linear Probing, can produce vectors550

that inadequately represent target concepts, leading551

to variable performance across layers and mod-552

els. Second, our evaluation reveals that steer-553

ing provides strongest benefits on isolated reason-554

ing benchmarks designed to test specific capabil-555

ities, while improvements on more realistic and556

holistic multimodal tasks are more modest (Ap-557

pendix C.1). This limitation stems partly from558

our framework’s requirement for manual selection559

of appropriate steering vectors for each task—we560

apply spatial vectors to What’sUp and counting561

vectors to CLEVR based on known task require-562

ments. Real-world scenarios often demand multi-563

ple reasoning capabilities simultaneously, yet our564

current approach intervenes on single concepts. De-565

veloping methods for automatic concept selection566

or dynamic multi-concept steering that can adap-567

tively combine multiple vectors would significantly568

enhance practical utility and enable stronger perfor-569

mance on complex tasks. Third, while we demon-570

strate that textual representations preserve their ef-571

fectiveness after vision-language fine-tuning and572

successfully transfer to visual understanding, we573

lack mechanistic understanding of why and how574

this cross-modal transfer occurs. Deeper investiga-575

tion into the underlying mechanisms could reveal576

additional opportunities for more effective steering577

or identify potential failure modes. Future work578

should focus on developing more robust extraction579

methods, enabling automatic and compositional580

steering, and uncovering the mechanistic basis of581

cross-modal representation transfer.582

Ethical Considerations583

While our steering methods enhance visual rea-584

soning on standard benchmarks, we acknowledge585

potential risks. Like any model modification tech-586

nique, steering vectors could be misused to manip-587

ulate MLLM outputs in harmful ways. Specific588

concerns include: (1) inducing systematic misiden-589

tifications in safety-critical applications such as590

medical imaging, autonomous vehicles, or security591

systems; (2) exploiting cross-modal transfer to cre-592

ate targeted attacks where textual manipulations593

affect visual understanding in hard-to-detect ways; 594

and (3) potential fairness implications if steering 595

vectors trained on limited datasets fail to general- 596

ize equitably across diverse populations or visual 597

contexts. However, we emphasize that our work ad- 598

vances MLLM interpretability for safety and align- 599

ment purposes. The risk profile does not exceed 600

that of the underlying MLLMs themselves. We 601

strongly encourage practitioners to thoroughly val- 602

idate steering effects in high-stakes domains and 603

consider societal impacts before deployment. 604
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A Steering Vector Methodology958

A.1 Sparse Autoencoders959

We now provide further detail regarding the extrac-960

tion of textual steering vectors for visual concepts961

using SAEs.962

Recall that we consider four important tax-963

onomies for image-related concepts: spatial rela-964

tionship, counting, attribute, and entity. For each965

taxonomy, we sample K sentences {s1, . . . , sK}966

containing these visual concepts. In practice, we967

set K to 20. For each sentence sj , we identify968

the anchor word for this visual concept as wj , thus969

forming sentence-anchor pairs (sj , wj). See table 3970

for several examples.971

Using our sentence-anchor pairs, we identify972

features with high activations on anchor words. In-973

terestingly, as shown in Figure 6, we find that each974

visual concept activates only a limited number of975

SAE features, indicating a sparse encoding of these976

concepts. We then verify their relevance to the977

target visual concepts and average these relevant978

feature vectors to create a single steering vector for979

each visual concept at each layer.980

We then use these sentence-anchor pairs to iden-981

tify feature directions corresponding to the ideal982

visual concepts using Algorithm 1. We employ983

a two-stage procedure which, at the first stage,984

finds the top n activated features for anchor words985

wj in sentences sj . At the second stage, we use 986

o3-mini (OpenAI, 2025) to verify that these fea- 987

tures indeed align with the desired visual concept 988

C. To accomplish the procedure, we use pretrained 989

SAEs with detailed explanations and top activa- 990

tions developed by the interpretability commu- 991

nity, such as GemmaScope (Lieberum et al., 2024b) 992

for Gemma-2-2B and Gemma-2-9B (Gemma Team, 993

2024), and LlamaScope (He et al., 2024) for 994

Llama-3.1-8B base model (Llama Team at Meta, 995

2024). When we prompt o3-mini for verification, 996

we craft prompts to include both the explanation 997

for the candidate feature vector v(ℓ)i , and sample 998

top activated tokens (see figure 7 for the prompt- 999

ing template). We find that o3-mini can indeed 1000

filter out features unrelated to the desired visual 1001

concepts. 1002

Algorithm 1 Find Textual Representations for Vi-
sual Concepts using SAEs

Require: Desired visual concepts C. Layer index
ℓ.

Require: Sentence and anchor word pairs
{(s1, w1), · · · , (sK , wK)}.

Require: Pretrained SAEs at layer ℓ.
▷ Find top activations and their corresponding
SAE feature vectors.
V0 = {}
for each (sj , wj) do
{α(ℓ)

i (wj), v
(ℓ)
i } ← Pass sj into the pre-

trained SAE
{v(ℓ)i1

, · · · v(ℓ)in
} ← Topn{α

(ℓ)
i (wj), v

(ℓ)
i }

ranked by activation strength α
(ℓ)
i (wj)

V0 ← V0 ∪ {v(ℓ)i1
, · · · v(ℓ)in

}
end for
▷ Filter out noisy SAE feature vectors.
V = {}
for each v

(ℓ)
i ∈ V0 do

Find the explanation e and top activated to-
kens {t1, · · · , tp} for v(ℓ)i

if o3-mini(VerificationPrompt, e,
{t1, · · · , tp}, C) is True then

V ← V ∪ {v(ℓ)i }
end if

end for
▷ Aggregate SAE vectors to one steering vector.
v(ℓ) = 1

|V|
∑

u∈V u

return v(ℓ)
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Table 3: Sample sentence and anchor word pairs for various taxonomies.

TAXONOMY SENTENCE sj ANCHOR WORD wj

Spatial Relationship The cat is on the table on
She put the book under the chair under

Counting There are three apples in the basket three
The teacher counted five children five

Attribute The red car stopped at the light red
She wore a beautiful dress beautiful

Entity The dog barked at the mailman dog
A tree fell during the storm tree

Model: Gemma2-2B; SAE: GemmaScope-2B-Res-16K; 
Taxonomy: Spatial Relationships 
Layer: 7; Feature ID: 14725
Explanations: 

“spatial relationships and movements in a given context”
Top Activations: 

lay across surfaces; decorated eggs nestled inside;
float in the air; fingers underneath the waistband

Model: Gemma2-9B; SAE: GemmaScope-9B-Res-16K;
Taxonomy: Counting
Layer: 15; Feature ID: 11010
Explanations:

“quantitative indicators or numerical references”
Top Activations:

five of the charities; spent four years;
material costs by three percent

Model: Llama-3.1-8B; SAE: LlamaScope-8B-Res-32K;
Taxonomy: Attribute
Layer: 13; Feature ID: 29126
Explanations: 

“nouns related to significant entities or entities of 
importance in various contexts”

Top Activations:
game looks really awesome; bar is here; road was covered

Visual Concept Layer Index

N
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r o

f F
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tu
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s
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for Each Visual Concept
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Attribute
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Llama-3.1-8B

Gemma-2-2B
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Figure 6: Left: Number of SAE features associated with each taxonomy (counting, spatial relationship, entity, and
attribute) across the layers of Llama-3.1-8B, Gemma2-2B, and Gemma2-9B. Notably, SAE features for such visual
concepts are sparse, numbering fewer than 10 across 16k total SAE features (Gemma2-2B/9B) or 32k features
(Llama-3.1-8B). Right: Examples of features corresponding to visual concepts, identified by the layer whose
activation space they inhabit and their (arbitrary) feature ID. The feature’s explanation summarizes its semantic
meaning, as evidenced by the tokens and contexts on which it attains the greatest activations.

A.2 Prompting1003

We now elaborate upon our generation of prompts1004

for eliciting taxonomy-specific visual reasoning in1005

MLLMs. As described in Section 4.2, we generate1006

a total of 96 candidate prompts for each taxon-1007

omy T . To do so, we use template shown in fig-1008

ure 8. Here, we set the num instructions to 61009

and word count ∈ {5, 10, 15, . . . , 80}, resulting1010

in total 6× 16 = 96 steering prompts.1011

B Additional Color Perception1012

Intervention Examples1013

To further demonstrate the effectiveness of textual1014

steering vectors in modifying visual understand-1015

ing within MLLMs, we present additional color1016

perception intervention examples using the same1017

methodology described in Section 3.1018

These additional examples further support our1019

findings in Section 3. In each case, we see a clear1020

progression of perception as the steering strength1021

increases, with intermediate colors appearing dur-1022

ing the transition. This confirms that textual steer- 1023

ing vectors can produce predictable and continuous 1024

modifications to visual understanding. 1025

Notably, all these interventions were performed 1026

using steering vectors derived solely from text 1027

data, yet they effectively modulate multimodal un- 1028

derstanding. This provides additional evidence 1029

for our hypothesis that MLLMs develop unified 1030

cross-modal representations that can be manipu- 1031

lated through textual steering. 1032
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FEATURE ALIGNMENT VERIFICATION

Task: Determine if a neural network’s sparse autoencoder (SAE) feature
aligns with the taxonomy "{taxonomy}".

Taxonomy Definition: {taxonomy_definition}

Feature Information:
1. Feature’s explanation: {feature_explanation}
2. Top activation examples (tokens wrapped in <top>...</top> have the
highest activation values and are the most important to focus on):
1. {activation_example_1}
2. {activation_example_2}
3. {activation_example_3}
4. {activation_example_4}
5. {activation_example_5}

Examples of features that DO align with the {taxonomy} taxonomy (notice
how the key words are highlighted with <top>...</top> tags):
Example 1:
- Explanation: {explanation_1}
- Activations: {activations_1}
Example 2:
- Explanation: {explanation_2}
- Activations: {activations_2}

When making your decision, you should follow these rules:
1. First pay attention to the feature’s explanation.
2. If you cannot decide, you should then pay special attention to the
tokens highlighted with <top>...</top> tags, as these are the most highly
activated tokens and strongest indicators of what the feature detects.
3. Also consider the diversity of the activation examples provided. If
one feature only activates one particular word, it may not be as aligned
as a feature that activates on a variety of words.

Based on the feature’s explanation and the highlighted tokens in the
activation examples, does this feature specifically detect or respond
to {taxonomy_definition}? Your answer should start with YES or NO, then
provide a brief reason. Do not start with any other words or phrases such
as ‘answer’.

Figure 7: Prompt template for querying GPT-o3-mini to verify whether a given feature is related to a visual
taxonomy. For each taxonomy, the template employs a brief definition of the taxonomy, two example features that
align with each taxonomy (for few-shot learning), and the top five activations of the feature in question.
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STEERING PROMPT GENERATION

System prompt: You are an expert at creating concise, clear instructions
for Multimodal Large Language Models (MLLM).

Your task:
- Generate {num_instructions} different instruction(5) that will make the
Model focus on {concept} when answering questions about images
- Each instruction must be within {word_count} words
- Instructions should be direct and actionable, focusing specifically on
how to emphasize {concept}

IMPORTANT FORMAT REQUIREMENTS:
- Begin each instruction with "INSTRUCTION:" followed by the instruction
text
- Put each instruction on its own line
- Do not include any numbering, bullets, or other text beyond the
requested instructions
- Do not include any explanations, introductions, or conclusions

Example format for 2 instructions:
INSTRUCTION: First instruction text here within word limit.
INSTRUCTION: Second instruction text here within word limit.

User prompt: Create {num_instructions} instruction(s) about {concept} using
{word_count} words or fewer each.

Figure 8: System and user prompt template for generating MLLM prompts.

16



(a) Steering a green image toward blue perception. As the
scale factor increases, the model’s interpretation shifts from
green to teal, and ultimately to blue.

(b) Steering a purple image toward red perception. The inter-
vention gradually shifts the model’s color association from
purple to pink, and finally to red.

(c) Steering an red image toward blue perception. The inter-
vention causes a gradual shift from red to purple, and ulti-
mately to blue.

(d) Another example of steering a yellow image toward red
perception, using a different steering vector from layer 18 of
PaliGemma2-10B. As the scale factor increases, the model’s
interpretation transitions from yellow to orange, and finally to
red.

Figure 9: Additional color perception intervention examples. In each case, we apply the normalized textual steering
vector for the target color to the image tokens with increasing scale factors. The steering vectors are extracted from
and applies to one selected layer from layer 17 to 20 in PaliGemma2-10B. The plots show token probability shifts,
demonstrating how textual steering vectors can systematically modify the model’s visual perception.
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C Extended Experimental Results1033

C.1 Real-World Task Evaluation1034

The datasets evaluated in Section 6 were specifi-1035

cally designed to benchmark isolated visual reason-1036

ing capabilities—spatial relationships and count-1037

ing—making them ideal for controlled evaluation1038

of our steering methods. To examine broader prac-1039

tical applicability, we further evaluated our cross-1040

modal steering approach on real-world multimodal1041

tasks that MLLMs encounter in practical applica-1042

tions.1043

Experimental Setup: We follow the identical1044

protocol from Section 6.1, evaluating our steering1045

methods on six real-world multimodal tasks using1046

500 examples per dataset for testing (200 for VTab-1047

Fact due to dataset size limitations). Critically,1048

we use the same (ℓ, α) hyperparameters identified1049

on CV-Bench (Section 5.1) without any tuning on1050

these real-world datasets, making this a true test of1051

cross-task generalization. We apply counting steer-1052

ing vectors to numerical reasoning tasks (DocVQA1053

Number, ChartQA, VTabFact) and spatial relation-1054

ship vectors to layout and captioning tasks (VQAv2,1055

COCO Captions, DocVQA Layout). We use 50 val-1056

idation examples per dataset only to determine the1057

optimal intervention token type (image, text, or1058

both).1059

Task Details and Metrics:1060

• VQAv2 (Goyal et al., 2017): General visual1061

question answering task, evaluated using the1062

official VQA Accuracy metric.1063

• COCO Captions (Chen et al., 2015): Open-1064

ended image captioning task, evaluated using1065

CIDEr-D metric.1066

• DocVQA Layout (Mathew et al., 2021):1067

Document QA task focusing on spatial lay-1068

out and structure questions, evaluated using1069

ANLS×100.1070

• DocVQA Number (Mathew et al., 2021):1071

Document QA task focusing on numeri-1072

cal information extraction, evaluated using1073

ANLS×100.1074

• ChartQA (Masry et al., 2022): Chart inter-1075

pretation and reasoning QA task, evaluated1076

using the Relaxed Accuracy metric.1077

• VTabFact (Kim et al., 2024): Table reasoning1078

multiple choice task, evaluated using accuracy.1079

Results and Analysis: Table 4 demonstrates1080

that our steering methods achieve consistent ef-1081

fectiveness across diverse real-world applications.1082

Mean Shift continues to demonstrate superior per- 1083

formance, producing improvements in 15 out of 1084

18 model-task combinations with 7 statistically sig- 1085

nificant gains (marked with ⋆), remaining consis- 1086

tent with our main findings and confirming its ef- 1087

fectiveness across both specialized and real-world 1088

tasks. Notably, PaliGemma2-3B shows particu- 1089

larly strong responsiveness to Mean Shift steer- 1090

ing, achieving significant improvements on VQAv2 1091

(+3.5), COCO Captions (+4.6 CIDEr-D), DocVQA 1092

Layout (+6.0), and VTabFact (+4.0). 1093

The relatively modest improvement magnitudes 1094

compared to capability-focused benchmarks (Sec- 1095

tion 6) are expected and reflect the multi-faceted 1096

nature of these tasks. Unlike CLEVR or What’sUp, 1097

which isolate specific reasoning capabilities that 1098

our steering vectors directly target, real-world tasks 1099

require comprehensive abilities including object 1100

recognition, scene understanding, compositional 1101

reasoning, and domain-specific knowledge—only 1102

some of which directly benefit from our targeted 1103

spatial and counting interventions. For instance, 1104

VQAv2 requires not just spatial understanding but 1105

also common sense reasoning and object recogni- 1106

tion, while COCO Captions demands diverse lin- 1107

guistic and compositional skills beyond spatial lay- 1108

out. Despite this, the consistent positive impact 1109

across diverse applications demonstrates that en- 1110

hancing core visual reasoning capabilities through 1111

steering provides tangible benefits even in complex, 1112

holistic scenarios. 1113

C.2 Evaluation on Additional Models 1114

Our primary experiments (Section 5) re- 1115

quires models with high-quality pretrained 1116

SAEs—GemmaScope for Gemma-2 and Lla- 1117

maScope for Llama-3.1—to enable systematic 1118

comparison across all three steering methods (SAE, 1119

Probe, and Mean Shift). However, training SAEs 1120

requires substantial computational resources and 1121

SAE exists only for a limited set of models. Having 1122

identified Mean Shift as the most effective method 1123

(Section 6), we now evaluate it on additional 1124

MLLMs to validate the generalizability of our 1125

cross-modal steering approach. This demonstrates 1126

that our approach can be applied broadly across the 1127

MLLM landscape using only Mean Shift, without 1128

dependence on specialized SAEs. 1129

Models Evaluated: We test the following mod- 1130

els to validate broader applicability: 1131

• InternVL3.5-1B and InternVL3.5- 1132

4B (Wang et al., 2025): Built on InternViT- 1133
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TASK VISUAL CONCEPT MODEL
INTERVENTION METHOD

BASELINE PROMPTING SAE PROBE MEANSHIFT

VQAv2
Spatial
Relations

PaliGemma2-3B 86.8 87.0 (+0.2) 88.2 (+2.4) 87.1 (+0.3) 89.3 (+3.5)⋆

PaliGemma2-10B 88.2 86.8 (−1.4) 87.4 (−0.8) 86.9 (−1.3) 88.9 (+0.7)
Idefics3-8B 76.7 76.7 (+0.0) 78.1 (+1.4) 77.8 (+1.1) 74.6 (−2.1)
AVERAGE IMPROVEMENT – -0.4 +1.0 +0.0 +0.7

COCO
Captions

Spatial
Relations

PaliGemma2-3B 147.9 144.4 (−3.5) 151.2 (+3.3)⋆ 151.0 (+3.1)⋆ 152.5 (+4.6)⋆

PaliGemma2-10B 155.8 141.3 (−14.5) 160.0 (+4.2)⋆ 161.1 (+5.3)⋆ 158.4 (+2.6)
Idefics3-8B 70.0 70.3 (+0.3) 71.2 (+1.2) 70.9 (+0.9) 69.6 (−0.5)
AVERAGE IMPROVEMENT – -5.9 +2.9 +3.1 +2.2

DocVQA
Layout

Spatial
Relations

PaliGemma2-3B 79.4 81.4 (+2.0) 84.8 (+5.4)⋆ 81.0 (+1.6) 85.4 (+6.0)⋆

PaliGemma2-10B 81.3 82.5 (+1.2) 83.8 (+2.5) 83.9 (+2.6)⋆ 83.8 (+2.5)⋆

Idefics3-8B 88.5 86.3 (−2.2) 89.6 (+1.1) 88.2 (−0.3) 89.7 (+1.3)
AVERAGE IMPROVEMENT – +0.3 +3.0 +1.3 +3.3

DocVQA
Number

Counting

PaliGemma2-3B 76.1 76.2 (+0.1) 75.8 (−0.3) 76.3 (+0.2) 76.5 (+0.4)
PaliGemma2-10B 77.7 75.8 (−1.9) 77.6 (−0.1) 79.4 (+1.7) 76.9 (−0.8)
Idefics3-8B 86.8 84.5 (−2.3) 87.3 (+0.5) 86.9 (+0.1) 89.8 (+3.0)
AVERAGE IMPROVEMENT – -1.4 +0.0 +0.7 +0.9

ChartQA Counting

PaliGemma2-3B 46.4 45.4 (−1.0) 46.6 (+0.2) 47.4 (+1.0) 48.0 (+1.6)
PaliGemma2-10B 51.8 53.2 (+1.4) 53.8 (+2.0) 53.4 (+1.6) 54.4 (+2.6)⋆

Idefics3-8B 68.2 67.4 (−0.8) 71.0 (+2.8)⋆ 67.2 (−1.0) 72.6 (+4.4)⋆

AVERAGE IMPROVEMENT – -0.1 +1.7 +0.5 +2.9

VTabFact Counting

PaliGemma2-3B 56.5 54.5 (−2.0) 58.0 (+1.5) 56.0 (−0.5) 60.5 (+4.0)⋆

PaliGemma2-10B 57.0 58.5 (+1.5) 58.5 (+1.5) 59.0 (+2.0) 58.5 (+1.5)
Idefics3-8B 70.0 71.0 (+1.0) 75.5 (+5.5)⋆ 71.0 (+1.0) 73.5 (+3.5)
AVERAGE IMPROVEMENT – +0.2 +2.8 +0.8 +3.0

Table 4: Performance of textual steering methods on real-world multimodal tasks. Stars (⋆) denote statistically
significant improvements (p < 0.05, bootstrap test with 10,000 iterations).

300M (Chen et al., 2024) vision encoder and1134

Qwen3-0.6B/Qwen3-4B (Yang et al., 2025)1135

language backbones (28 and 36 transformer1136

layers respectively), connected via a two-layer1137

MLP projector. The vision encoder processes1138

images at dynamic resolutions using pixel1139

unshuffle operations.1140

• Qwen3-VL-2B (Bai et al., 2025): Built on1141

SigLIP2-So400M (Tschannen et al., 2025)1142

vision encoder with DeepStack integra-1143

tion (Meng et al., 2024) and Qwen3-1.7B1144

language backbone (28 transformer layers),1145

connected via interleaved-MRoPE for spatial-1146

temporal modeling. DeepStack leverages1147

multi-level ViT features for vision-language1148

alignment by fusing features from different1149

Vision Transformer layers to capture both fine-1150

grained details and high-level semantics.1151

• MiniCPM-V-4.5 (8B) (Yu et al., 2025): Built1152

on SigLIP2-So400M (Tschannen et al., 2025)1153

vision encoder and Qwen3-8B language back-1154

bone (36 transformer layers), connected via1155

a unified 3D-Resampler using cross-attention1156

with learnable queries. The resampler com-1157

presses visual features with 2D spatial and1158

temporal positional embeddings (64 tokens1159

per 448×448 image).1160

These models span parameter scales from 1161

1B to 8B, employ different vision encoders 1162

(InternViT-300M, SigLIP2-So400M) and fusion 1163

mechanisms (MLP projector, interleaved-MRoPE, 1164

3D-Resampler), providing a comprehensive testbed 1165

for evaluating cross-modal steering robustness. 1166

Experimental Setup: We follow the protocol 1167

from Section 5.1, using Mean Shift to extract steer- 1168

ing vectors from each model’s text-only LLM back- 1169

bone. However, we observe that these backbones 1170

exhibit attention sink behavior (Xiao et al.; Qiu 1171

et al., 2025), where the initial token disproportion- 1172

ately accumulates attention scores. To prevent this 1173

from biasing our steering vectors, we prepend a 1174

special token (<|im_start|>) to all text inputs 1175

and exclude it when computing Mean Shift vectors, 1176

ensuring the extracted directions capture genuine 1177

concept representations rather than attention sink 1178

artifacts. 1179

We then perform grid search on the CV-Bench 1180

training split to identify optimal steering set- 1181

tings (ℓ∗, α∗). We search over layers L = 1182

{5, 6, . . . , 20} for InternVL3.5-1B and Qwen3- 1183

VL-2B, L = {10, 11, . . . , 25} for InternVL3.5- 1184

4B and MiniCPM-V-4.5, and scale factors A = 1185

{0.1, 0.2, 0.4, 0.6, 0.8, 1.0} for all models. Using 1186

the optimal (ℓ∗, α∗) pairs identified on the training 1187
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TASK
INTERVENTION

TOKENS
MODEL

TEXT IMAGE INTERNVL3.5-1B QWEN3-VL-2B INTERNVL3.5-4B MINICPM-V-4.5 AVERAGE

CV-Bench
Relation

— 66.7 84.0 84.7 86.0 80.3
✓ — 71.3 (+4.7)⋆ 85.3 (+1.3) 88.0 (+3.3)⋆ 87.3 (+1.3) 83.0 (+2.7)
— ✓ 73.3 (+6.7)⋆ 88.7 (+4.7)⋆ 88.7 (+4.0)⋆ 90.0 (+4.0)⋆ 85.2 (+4.8)
✓ ✓ 74.0 (+7.3)⋆ 88.0 (+4.0)⋆ 92.0 (+7.3)⋆ 90.7 (+4.7)⋆ 86.2 (+5.8)

CV-Bench
Count

— 60.0 59.3 65.3 66.0 62.7
✓ — 63.3 (+3.3) 69.3 (+10.0)⋆ 68.0 (+2.7) 67.3 (+1.3) 67.0 (+4.3)
— ✓ 64.7 (+4.7)⋆ 61.3 (+2.0) 64.0 (−1.3) 66.0 (+0.0) 64.0 (+1.3)
✓ ✓ 66.7 (+6.7)⋆ 66.7 (+7.3)⋆ 69.3 (+4.0)⋆ 71.3 (+5.3)⋆ 68.5 (+5.8)

Average Improvement (Both Tokens) +7.0 +5.7 +5.7 +5.0 +5.8

Table 5: Mean Shift Steering on Additional Models (CV-Bench). Performance on CV-Bench test split using Mean
Shift vectors extracted from each model’s text-only backbone. The average column shows mean performance across
all four models. The bottom row shows average improvement when intervening on both token types. Stars (⋆)
denote statistically significant improvements (p < 0.05, bootstrap test with 10,000 iterations).

DATASET METHOD
MODEL

INTERNVL3.5-1B QWEN3-VL-2B INTERNVL3.5-4B MINICPM-V-4.5 AVERAGE

What’sUp-A
Baseline 74.0 98.6 92.0 92.3 89.2
MeanShift 86.5 (+12.5)⋆ 98.6 (+0.0) 95.8 (+3.8)⋆ 96.1 (+3.9)⋆ 94.2 (+5.0)

What’sUp-B
Baseline 69.3 88.3 82.1 89.4 82.3
MeanShift 76.5 (+7.3)⋆ 87.7 (−0.5) 94.1 (+12.0)⋆ 96.4 (+7.0)⋆ 88.7 (+6.4)

BLINK Object
Localization

Baseline 51.5 56.7 57.7 51.5 54.4
MeanShift 52.6 (+1.1) 61.9 (+5.2)⋆ 66.0 (+8.2)⋆ 51.5 (+0.0) 58.0 (+3.6)

Spatial Reasoning Tasks Average Improvement: +5.0%

CLEVR
Baseline 9.3 96.7 79.6 90.2 69.0
MeanShift 22.4 (+13.1)⋆ 94.7 (−2.0) 88.0 (+8.4)⋆ 89.6 (−0.7) 73.7 (+4.7)

Super-CLEVR
Baseline 10.3 84.6 72.6 50.9 54.6
MeanShift 33.7 (+23.4)⋆ 89.1 (+4.6)⋆ 81.1 (+8.6)⋆ 62.3 (+11.4)⋆ 66.6 (+11.9)

Counting Tasks Average Improvement: +8.3%

Overall Average Improvement +11.5 +1.5 +8.2 +5.4 +6.7

Table 6: Out-of-Distribution Generalization with Additional Models. The rightmost column shows average
performance across all four models. Rows with italics show category-specific averages. Stars (⋆) denote statistically
significant improvements (p < 0.05, bootstrap test with 10,000 iterations).

split, we evaluate steering effectiveness on both the1188

CV-Bench test split and our suite of OOD datasets.1189

Results: Tables 5 and 6 demonstrate that1190

Mean Shift steering transfers effectively across di-1191

verse MLLM architectures. On CV-Bench (Ta-1192

ble 5), Mean Shift achieves consistent improve-1193

ments across all four models when intervening on1194

both text and image tokens, with an average im-1195

provement of +5.8. Interestingly, we observe that1196

smaller models tend to benefit more from steering1197

interventions, mirroring our earlier findings in Sec-1198

tion 5. The out-of-distribution evaluation (Table 6)1199

reveals even stronger effectiveness, achieving an1200

overall average improvement of +6.7 across all1201

models and datasets without any hyperparameter1202

tuning on target datasets. Notably, InternVL3.5-1203

1B shows exceptional gains (+11.5 average), par- 1204

ticularly on Super-CLEVR (+23.4) and CLEVR 1205

(+13.1), suggesting that smaller models may be 1206

more responsive to steering interventions. Interest- 1207

ingly, Qwen3-VL-2B shows more modest improve- 1208

ments (+1.5 average), largely attributable to its 1209

already strong baseline performance—it achieves 1210

98.6 on What’sUp-A, 88.3 on What’sUp-B, and 1211

96.7 on CLEVR without any intervention, leaving 1212

limited headroom for further improvement. 1213

These results confirm that our cross-modal 1214

steering approach generalizes robustly on diverse 1215

MLLMs. The consistent effectiveness across mod- 1216

els without pretrained SAEs demonstrates that 1217

Mean Shift can be applied broadly throughout the 1218

MLLM landscape, requiring only the text-only 1219
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TASK DATA TYPE
LORA PERFORMANCE AVERAGE

IMPROVEMENTPALIGEMMA-3B PALIGEMMA-10B IDEFICS-8B

CVBench Relation In-dist 91.3 (+15.3)⋆ 91.3 (+12.0)⋆ 88.0 (+12.7)⋆ +13.3
CVBench Count In-dist 67.3 (+8.0)⋆ 72.0 (+8.7)⋆ 67.3 (+8.0)⋆ +8.2

AVERAGE IN-DISTRIBUTION +11.7 +10.4 +10.4 +10.8

What’sUp-A OOD 67.7 (+5.0)⋆ 69.3 (+0.8) 61.6 (−0.6) +1.7
What’sUp-B OOD 58.4 (−2.2) 86.0 (+4.2)⋆ 58.1 (+6.1)⋆ +2.7
BLINK Object OOD 42.3 (+1.1) 49.5 (−2.1) 52.6 (+1.0) +0.0
CLEVR OOD 54.2 (+1.8) 68.7 (−2.0) 66.7 (+6.9)⋆ +2.2
Super-CLEVR OOD 28.6 (+1.7) 43.4 (+3.4) 66.9 (+0.4) +1.8

AVERAGE OUT-OF-DISTRIBUTION +1.3 +1.2 +2.8 +1.7

Table 7: Performance comparison between LoRA and baseline models across in-distribution and out-of-distribution
tasks. Stars (⋆) denote statistically significant improvements (p < 0.05, bootstrap test with 10,000 iterations).

LLM backbone for steering vector extraction.1220

C.3 Comparison with LoRA Fine-Tuning1221

Beyond our interpretable steering methods, fine-1222

tuning represents another common approach for1223

enhancing model performance on specific tasks.1224

To provide context for our steering approach and1225

understand the trade-offs between different adap-1226

tation strategies, we compare against Low-Rank1227

Adaptation (LoRA) (Hu et al., 2022) on both in-1228

distribution and out-of-distribution tasks.1229

Experimental Setup: We trained LoRA1230

adapters using the training split from our grid1231

search procedure (Section 5.1) with an 80:20 train-1232

validation split. We explored the following hyper-1233

parameter space:1234

• Rank: r ∈ {1, 2, 4}1235

• Alpha: α ∈ {4, 8}1236

• Learning rate: η ∈ {1× 10−5, 5× 10−5, 1×1237

10−4}1238

• Training epochs: 31239

• Dropout: 0.11240

We applied LoRA to the query and value projec-1241

tion parameters at the same layers used in our steer-1242

ing grid search: layers 5-20 for PaliGemma2-3B1243

and Idefics3-8B-Llama3, and layers 15-30 for1244

PaliGemma2-10B. Given the limited training data1245

(500-600 samples), we restricted LoRA to these1246

specific parameters and used small rank values to1247

mitigate overfitting. For each model and task com-1248

bination, we selected the hyperparameter configura-1249

tion that achieved optimal validation performance.1250

Results and Analysis: Table 7 reveals com-1251

plementary strengths between LoRA and our ap-1252

proach. LoRA achieves superior in-distribution per- 1253

formance on CV-Bench (+10.8 average). However, 1254

this advantage diminishes on out-of-distribution 1255

datasets, where LoRA achieves only +1.7 aver- 1256

age improvement compared to Mean Shift’s +7.6. 1257

This performance differential reflects fundamental 1258

differences in how these methods operate. LoRA 1259

fine-tuning adapts model parameters to align with 1260

specific task distributions, learning patterns or even 1261

shortcuts that may be dataset-specific. When the 1262

distribution shifts—even for tasks testing the same 1263

underlying capability—these learned adaptations 1264

may no longer apply. In contrast, steering methods 1265

enhance the model’s internal representation of gen- 1266

eral cognitive abilities (spatial reasoning, counting) 1267

that remain applicable across diverse contexts and 1268

presentations. By operating on fundamental seman- 1269

tic representations rather than task-specific patterns, 1270

steering achieves more robust cross-domain trans- 1271

fer. 1272

These results suggest that the choice between 1273

steering and fine-tuning depends on the deployment 1274

scenario. For applications with well-defined, stable 1275

data distributions where maximum performance 1276

is critical, LoRA fine-tuning may be preferable. 1277

However, for scenarios requiring robust generaliza- 1278

tion across diverse inputs, or where interpretabil- 1279

ity and understanding of model behavior is impor- 1280

tant, steering methods offer significant advantages. 1281

Moreover, steering requires no gradient computa- 1282

tion or parameter updates, making it substantially 1283

more efficient at inference time. 1284

Notably, these approaches are not mutually ex- 1285

clusive. Future work might explore combining 1286

steering with fine-tuning to achieve both strong 1287
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in-distribution performance and robust out-of-1288

distribution generalization.1289

D Dataset Evaluation Details1290

In this section, we explain in detail how we1291

prompt and evaluate the model’s performance1292

across datasets and provide representative exam-1293

ples for each dataset.1294

Each prompt consists of four components:1295

model prefix, task prefix, taxonomy1296

prefix, and question. The model prefix is1297

the specific instruction token sequence required by1298

different model families to perform certain tasks.1299

For PaliGemma2 models, we use "answer en" as1300

the model prefix, indicating that the model should1301

answer in English for visual question answering1302

tasks. For COCO dataset specifically, we use1303

"caption en", indicating that it is a captioning1304

task. For other models, no model prefix is required,1305

so this component remains empty.1306

The task prefix provides task-specific1307

instructions that constrain the format of the1308

model’s response. In multiple-choice ques-1309

tions, we use a task prefix such as "Answer1310

the multiple choice question by only1311

responding with the letter of the1312

correct answer." for example. In CLEVR1313

and Super-CLEVR counting questions, we1314

use "Answer the question by only1315

responding the number." The taxonomy1316

prefix of each taxonomy is the prompt we sam-1317

pled in Section A.2, and it is only non-empty for1318

the Prompt method. The question component1319

contains the original question format from the1320

dataset. Below are examples illustrating our1321

prompting approach for each dataset.1322

CV-BENCH RELATION

Image:
[Model Prefix] answer en
[Task Prefix] Answer the
multiple choice question by
only responding the letter of
the correct answer. [Taxonomy
Prefix] Emphasize objects’
positions relative to each
other. [Question] Considering
the relative positions of the
fork and the cup in the image
provided, where is the fork
located with respect to the
cup? Select from the following
choices.
(A) left
(B) right

Figure 10: Example prompt for the CV-Bench Relation
dataset.
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CV-BENCH COUNT

Image:
[Model Prefix] answer en
[Task Prefix] Answer the
multiple choice question by
only responding the letter of
the correct answer. [Taxonomy
Prefix] Prioritize counting
objects and quantifying elements
over other analysis. [Question]
Answer the multiple choice
question by only responding
the letter of the correct
answer. How many beds are in
the image? Select from the
following choices.
(A) 0
(B) 2
(C) 1
(D) 3
(E) 4

Figure 11: Example prompt for the CV-Bench Count
dataset.

WHAT’SUP-A

Image:
[Model Prefix] answer en
[Task Prefix] Answer the
multiple choice question by
only responding the letter of
the correct answer. [Taxonomy
Prefix] Emphasize objects’
positions relative to each
other.[Question] Please select

the correct caption for the
image:
(A) A toilet roll under a chair
(B) A toilet roll to the left of
a chair
(C) A toilet roll to the right
of a chair
(D) A toilet roll on a chair

Figure 12: Example prompt for the What’sUp-A dataset.
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WHAT’SUP-B

Image:
[Model Prefix] answer en
[Task Prefix] Answer the
multiple choice question by
only responding the letter of
the correct answer. [Taxonomy
Prefix] Emphasize objects’
positions relative to each
other. [Question] Answer the
multiple choice question by only
responding the letter of the
correct answer. Please select
the correct caption for the
image:
(A) A bowl behind a cup
(B) A bowl to the left of a cup
(C) A bowl to the right of a cup
(D) A bowl in front of a cup

Figure 13: Example prompt for the What’sUp-B dataset.

BLINK OBJECT LOCALIZATION

Image:
[Model Prefix] answer en
[Task Prefix] Answer the
multiple choice question by
only responding the letter of
the correct answer. [Taxonomy
Prefix] Emphasize objects’
positions relative to each
other. [Question] A bounding
box is an annotated rectangle
surrounding an object. The
edges of bounding boxes should
touch the outermost pixels
of the object that is being
labeled. Given the two bounding
boxes on the image, labeled
by A and B, which bounding box
more accurately localizes and
encloses the teddy bear? Select
from the following options.
(A) Box A
(B) Box B

Figure 14: Example prompt for the BLINK Object Lo-
calization dataset.

CLEVR

Image:
[Model Prefix] answer en [Task
Prefix] Answer the question
by only responding the number.
[Taxonomy Prefix] Prioritize
counting objects and quantifying
elements over other analysis.
[Question] How many different
items are there in the image?

Figure 15: Example prompt for the CLEVR dataset.

24



SUPER-CLEVR

Image:
[Model Prefix] answer en [Task
Prefix] Answer the question
by only responding the number.
[Taxonomy Prefix] Prioritize
counting objects and quantifying
elements over other analysis.
[Question] How many different
items are there in the image?

Figure 16: Example prompt for the Super-CLEVR
dataset.

VQAV2

Image:
[Model Prefix] answer en [Task
Prefix] Answer the question
about the image. Provide a
short, direct answer. [Taxonomy
Prefix] Emphasize objects’
positions relative to each other.
[Question] Where is he looking?

Figure 17: Example prompt for the VQAv2 dataset.

COCO

Image:
[Model Prefix] caption en
[Task Prefix] [blank for COCO]
[Taxonomy Prefix] Emphasize
objects’ positions relative to
each other. [Question] Generate
a brief one-sentence caption.

Figure 18: Example prompt for the COCO dataset.

DOCVQA LAYOUT

Image:
[Model Prefix] answer en [Task
Prefix] Answer the question
about the image. Provide a
short, direct answer. [Taxonomy
Prefix] Answer the question
based on the document. Provide
a concise answer. [Question]
What is the year mentioned at
the top of the page?

Figure 19: Example prompt for the DocVQA Layout
dataset.
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DOCVQA NUMBER

Image:
[Model Prefix] answer en [Task
Prefix] Answer the question
about the image. Provide a
short, direct answer. [Taxonomy
Prefix] Prioritize counting
objects and quantifying elements
over other analysis. [Question]
How many nomination committee
meetings has S. Banerjee
attended?

Figure 20: Example prompt for the DocVQA Number
dataset.

CHARTQA

Image:
[Model Prefix] answer en [Task
Prefix] Answer the question
based on the chart. Provide
a concise answer. [Taxonomy
Prefix] Prioritize counting
objects and quantifying elements
over other analysis. [Question]
In which year the value was 51?

Figure 21: Example prompt for the ChartQA dataset.

VTABFACT

Image:
[Model Prefix] answer en
[Task Prefix] Answer the
multiple choice question by
only responding the letter of
the correct answer. [Taxonomy
Prefix] Prioritize counting
objects and quantifying elements
over other analysis. [Question]
ralph friedgen coach for 10 year
at maryland
(A) Yes
(B) No

Figure 22: Example prompt for the VtabFact dataset.
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E Compute Resources1323

All the experiments discussed in this paper can be1324

done with only one NVIDIA A6000. For faster1325

experiments, we use up to 8 NVIDIA A6000 to1326

run experiments in parallel for various tasks and1327

models. The grid search in the main experiment1328

takes ∼50 GPU hours in total.1329

F Licenses1330

We list the licenses involved in this work as follows:1331

Models:1332

• PaliGemma2 models and their backbone1333

LLMs Gemma2 are under the license of1334

Gemma Terms of Use https://ai.google.1335

dev/gemma/terms.1336

• Idefics3-Llama-8B model is under the li-1337

cense of Apache License 2.0. Its language1338

backbone, Llama-3.1-8B model, is under1339

the license of Llama 3.1 Community License1340

Agreement.1341

• InternVL3.5-1B and InternVL3.5-4B1342

models are under the MIT License.1343

• InternViT-300M vision encoder is under the1344

MIT License.1345

• Qwen3-VL-2B and Qwen3 language models1346

(0.6B, 1.7B, 4B, 8B) are under the Apache1347

License 2.0.1348

• MiniCPM-V-4.5 (8B) model code is under1349

the Apache License 2.0. Model weights re-1350

quire filling out a registration form for com-1351

mercial use.1352

• GemmaScope pre-trained SAEs are under the1353

license of Creative Commons Attribution 4.0.1354

• LlamaScope pre-trained SAEs are under the1355

license of Apache License 2.0.1356

Datasets:1357

• CV-Bench is under the license of Apache Li-1358

cense 2.0.1359

• What’sUp datasets (What’sUp-A and1360

What’sUp-B) are under the MIT License.1361

• BLINK dataset is under the license of the1362

Apache License 2.0.1363

• CLEVR dataset is under the Creative Commons 1364

CC BY 4.0 license. 1365

• Super-CLEVR dataset is under the BSD Li- 1366

cense. 1367

• VQAv2 dataset is under the Creative Commons 1368

CC BY 4.0 license. 1369

• COCO Captions dataset (annotations) is un- 1370

der the Creative Commons CC BY 4.0 license. 1371

Images must comply with Flickr Terms of 1372

Use. 1373

• DocVQA dataset can be downloaded from the 1374

RRC portal and requires agreement to their 1375

terms of use. 1376

• ChartQA dataset is under the MIT License. 1377

• VTabFact dataset license information should 1378

be verified from the original source. 1379

Other: 1380

• Our usage of OpenAI’s models (GPT-4o and 1381

o3-mini) for prompting is under OpenAI’s 1382

Terms of Service. 1383

G Intended Use and Compliance 1384

All artifacts used in this work are employed con- 1385

sistent with their intended purposes as specified 1386

by their creators. Models are used for research 1387

evaluation of multimodal reasoning capabilities. 1388

Datasets are used for academic benchmarking and 1389

evaluation. All pre-trained components (SAEs, vi- 1390

sion encoders, language models) are used within 1391

their documented use cases for interpretability and 1392

steering research. Our derived steering vectors are 1393

intended solely for research purposes in improv- 1394

ing MLLM visual reasoning and should not be 1395

deployed in production systems without thorough 1396

validation. 1397

H Package Details 1398

We implement our experiments using Python 3.10 1399

with the following key packages: 1400

• PyTorch 2.6.0 with torchvision 0.21.0 for 1401

model inference and training 1402

• Transformers 4.51.3 (Hugging Face) for 1403

model loading and inference 1404

• NumPy 1.26.4 for numerical computations 1405
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• Scikit-learn 1.6.1 for PCA and Linear Probing1406

implementation1407

• SciPy 1.15.2 for statistical computations1408

• Datasets 2.21.0 (Hugging Face) for dataset1409

loading and processing1410

• sae-lens 5.6.0 for Sparse Autoencoder usage1411
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