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Abstract001

Recent advancements in Multimodal Large002
Language Models (MLLMs) have largely003
been driven by aligning visual encoders with004
pre-trained Large Language Models (LLMs).005
While effective, the geometric nature of this006
alignment remains under-explored. Existing007
methods often assume a symmetric interaction008
between visual and textual modalities, imply-009
ing that both spaces adapt to each other. In this010
paper, we challenge this assumption and pro-011
pose the "Text Space as Anchor" hypothesis.012
We argue that the semantic space of LLMs is013
rigid, anisotropic, and dominant; thus, effec-014
tive cross-modal alignment must be an asym-015
metric projection of visual features onto this016
pre-existing text manifold without distorting it.017
We identify a critical issue in current parameter-018
efficient tuning paradigms where task-specific019
visual adjustments inadvertently disrupt the pro-020
jector’s geometry, leading to "catastrophic for-021
getting" of the alignment mechanism itself. To022
address this, we introduce Anchor-Preserving023
Projection (APP), a novel method that regu-024
larizes the projector to maintain the geometric025
structure of the text embedding space during026
task adaptation via spectral filtering. Extensive027
experiments on 8 diverse cross-modal tasks and028
3 pure language benchmarks demonstrate that029
APP not only enhances transferability (+5.2%030
accuracy) but, crucially for the NLP commu-031
nity, preserves the LLM’s inherent linguistic ca-032
pabilities (e.g., MMLU, GSM8K) and reduces033
object hallucination significantly better than034
standard fine-tuning methods. We will release035
our code.036

1 Introduction037

The integration of vision and language has evolved038

from training task-specific models to leverag-039

ing the immense generalization capabilities of040

Large Language Models (LLMs) (Brown et al.,041

2020; Touvron et al., 2023). In typical Multi-042

modal LLMs (MLLMs) like LLaVA (Liu et al.,043
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Figure 1: The "Text Space as Anchor" Hypothesis.
The pre-trained LLM text space is anisotropic (cone-
shaped). Naive fine-tuning (Red) minimizes task loss
but causes Alignment Drift, projecting visual tokens
into undefined regions, leading to hallucinations. Our
method, APP (Green), constrains the projection to re-
main within the valid text manifold.

2024b), MiniGPT-4 (Zhu et al., 2023), or Flamingo 044

(Alayrac et al., 2022), a visual encoder is connected 045

to a frozen LLM via a learnable projector (e.g., a 046

linear layer or MLP). This architecture implicitly 047

treats the LLM as a universal reasoning engine, 048

with the visual encoder acting as a sensory organ. 049

While the community has focused heavily on 050

architectural variants and scaling instruction tun- 051

ing datasets, the fundamental mechanism of how 052

visual tokens inhabit the textual semantic space re- 053

mains opaque. A common implicit assumption in 054

fine-tuning strategies is that the modalities meet 055

"halfway" or that the projector flexibly adapts vi- 056

sual features to text. Consequently, methods like 057

LoRA (Hu et al., 2022) or full fine-tuning are ap- 058

plied to the projector without geometric constraints. 059

However, we argue that this perspective over- 060

looks the asymmetric dominance of the LLM. 061

The text embedding space, shaped by trillions of 062

tokens during pre-training, possesses a highly struc- 063

tured and anisotropic geometry (Ethayarajh, 2019b; 064

Gao et al., 2019). We hypothesize that for MLLMs 065

to function robustly, the text space must act as a 066

fixed Anchor. Visual features must be projected 067

precisely onto this manifold. 068

We observe that standard Task Vector (Ilharco 069
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et al., 2023) approaches—which effectively trans-070

fer styles in pure vision or pure language mod-071

els—fail in the cross-modal projector setting. Our072

analysis reveals that naive fine-tuning of the pro-073

jector distorts the geometric relationship required074

to map visual concepts to text tokens. This distor-075

tion creates a phenomenon we term "Alignment076

Drift", where visual tokens, after task adaptation,077

land in the "void" regions of the text space. This078

not only hampers visual recognition but also de-079

grades the LLM’s core text reasoning capabilities,080

as the model is forced to process out-of-distribution081

embeddings.082

To resolve this, we propose Anchor-Preserving083

Projection (APP). APP treats the pre-trained align-084

ment as a geometric constraint. It ensures that when085

the model adapts to new visual tasks (e.g., classi-086

fying bird species), the projector’s transformation087

remains consistent with the global text manifold.088

Technically, we achieve this through spectral analy-089

sis of the weight updates, filtering out low-singular-090

value components that correspond to geometric091

noise while retaining the high-singular-value com-092

ponents that encode task-specific knowledge.093

Our contributions are:094

• We empirically and theoretically demonstrate095

the asymmetric nature of cross-modal align-096

ment, positing the "Text Space as Anchor"097

hypothesis.098

• We identify Alignment Drift as the root cause099

of failure in naive cross-modal fine-tuning,100

showing it harms both visual transfer and pure101

language reasoning.102

• We introduce APP, a spectral regularization103

technique that significantly improves cross-104

modal task transfer (+5.2% accuracy on aver-105

age).106

• Crucially for NLP: We show that APP pre-107

serves the LLM’s pure text reasoning capabil-108

ities (MMLU, GSM8K) better than baselines,109

suggesting that respecting the text manifold is110

key to safe multimodal adaptation.111

2 Related Work112

2.1 Multimodal Large Language Models113

Recent works extend LLMs to vision by treating114

image patches as foreign language tokens. While115

earlier models like BLIP-2 (Li et al., 2023a) and116

LLaVA (Liu et al., 2024b) established the paradigm117

of using Q-Formers or linear projections, the field 118

has shifted towards scaling visual resolution and 119

optimizing architecture components. McKinlay 120

et al. (2024) conducted extensive ablation studies, 121

demonstrating that the image encoder’s resolution 122

and capacity are more critical than the projector’s 123

design. Concurrently, models like LLaVA-NeXT 124

(Liu et al., 2024a) and Qwen2-VL (Wang et al., 125

2024a) have introduced dynamic resolution strate- 126

gies to handle varying aspect ratios, significantly 127

reducing hallucination in OCR and detail-oriented 128

tasks. Despite these advancements, the projector 129

module remains the critical bottleneck for seman- 130

tic alignment. Our work investigates the geometry 131

of this module, distinct from works that focus on 132

scaling data or changing the visual backbone. 133

2.2 Task Vectors and Model Arithmetic 134

Task vectors (Ilharco et al., 2023) allow manipulat- 135

ing model behavior by adding weight differences 136

(τ = θft−θpre). While Zhang et al. (2023) showed 137

linear compositionality, recent research highlights 138

the interference between parameters when merg- 139

ing distinct tasks. Techniques like TIES-Merging 140

(Yadav et al., 2024) and DARE (Yu et al., 2024) ad- 141

dress this by sparsifying task vectors and resolving 142

sign conflicts, thereby preserving general capabili- 143

ties during adaptation. However, these methods are 144

primarily designed for homogeneous weight spaces 145

(LLM-only). We show that their direct application 146

in the heterogeneous Cross-Modal Projector space 147

is suboptimal due to the high sensitivity of text- 148

visual alignment. Our work extends this field by 149

introducing spectral constraints to task arithmetic, 150

specifically tailored for the multimodal interface. 151

2.3 Geometry of Language Spaces and 152

Modality Gap 153

NLP research has established that embedding 154

spaces are anisotropic, with representations occu- 155

pying a narrow cone (Ethayarajh, 2019a). In the 156

multimodal domain, this issue is exacerbated by the 157

"Modality Gap"—a geometric phenomenon where 158

image and text embeddings remain separated in 159

the joint space even after contrastive pre-training 160

(Liang et al., 2022). Recent studies in 2024 sug- 161

gest that this gap persists in MLLMs and affects 162

the "outlier dimensions" required for LLM pro- 163

cessing (Udandarao et al., 2024). We build on the 164

hypothesis that visual tokens must conform to the 165

LLM’s pre-existing "text cone." If a projector up- 166

date pushes visual tokens into the modality gap or 167
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distorts their geometry relative to the text manifold,168

the frozen LLM will fail to process them, leading169

to hallucinations.170

3 The Geometry of Cross-Modal171

Alignment172

In this section, we formalize the "Text Space as An-173

chor" hypothesis and analyze why standard adapta-174

tion methods fail to respect it through the lens of175

manifold perturbation theory.176

3.1 Problem Formulation177

Let V ⊂ Rdv be the visual feature space produced178

by a vision encoder (e.g., CLIP-ViT), and T ⊂179

Rdt be the textual semantic space of an LLM. An180

MLLM defines a projection function Pθ : V → T ,181

parameterized by weights θ ∈ Rdt×dv .182

Given a pre-trained projector θpre that aligns183

general visual concepts to text, task adaptation in-184

volves updating the weights to θft using a task-185

specific dataset Dtask. A task vector is defined as186

τ = θft − θpre. The goal is to apply τ to improve187

performance on the target task.188

3.2 The Asymmetry Hypothesis and189

Anisotropy190

Unlike bilingual translation where two languages191

might have comparable structural complexity, the192

relationship between V and T in MLLMs is asym-193

metric.194

1. Rigidity of T : The LLM is frozen. Its inter-195

nal attention mechanisms and FFNs are optimized196

for a specific manifold of token embeddings. Cru-197

cially, this manifold is Anisotropic. As shown by198

Ethayarajh (2019a), valid token embeddings reside199

in a narrow cone. Let C ⊂ Rdt be this validity200

cone.201

∀x ∈ Valid Tokens, cos(x, x̄) > γ (1)202

where x̄ is the common mean direction and γ is a203

threshold.204

2. Plasticity of Pθ: The projector is the only205

moving part. Its role is to map the dense visual206

distribution V onto the sparse text manifold T .207

Therefore, we posit: The Text Space T acts as a208

rigid Anchor. Any modification to Pθ must be con-209

strained such that the output distribution Pθft(V)210

remains within the support of the pre-trained mani-211

fold Pθpre(V) ≈ C.212

3.3 Alignment Drift in Naive Fine-Tuning 213

Standard fine-tuning minimizes a task-specific loss 214

Ltask (e.g., cross-entropy on class names). 215

θft = argmin
θ
Ltask(Dtask; θ) (2) 216

In high-dimensional spaces, there are infinite direc- 217

tions to descend the loss gradient. Many of these 218

directions reduce Ltask but move the weights θ in 219

a way that distorts the global alignment. 220

We define Alignment Drift as the component of 221

the weight update that is orthogonal to the principal 222

directions of the pre-trained alignment. Mathemat- 223

ically, if the pre-trained alignment is dominated by 224

the top singular vectors of θpre, drift occurs when 225

τ introduces significant energy in directions corre- 226

sponding to the null space or low-energy subspace 227

of θpre. This causes visual tokens to be projected 228

into "undefined" regions of the LLM’s input space 229

(outside C), which we empirically verify leads to 230

the degradation of pure language capabilities. 231

3.4 Theoretical Justification for Low-Rank 232

Updates 233

Why should the update be low-rank? Consider the 234

update τ as a perturbation. We want to find a τ∗ 235

that minimizes the deviation from the original man- 236

ifold structure while maximizing task performance. 237

Let the "safe" subspace be spanned by the top-k 238

singular vectors of the pre-trained weight θpre, de- 239

noted as Uk. The projection of any update onto this 240

subspace is PUk
(τ). If we assume that the seman- 241

tic concepts (e.g., "dog", "car") are aligned with 242

the principal components of the text space, then 243

the task-specific update should also lie primarily 244

within this subspace. 245

Formally, we seek to solve an optimization prob- 246

lem where we minimize the Frobenius norm of the 247

difference between the ideal task vector and our 248

approximation, subject to a rank constraint: 249

min
τ∗
||τ − τ∗||F s.t. rank(τ∗) ≤ k (3) 250

By the Eckart-Young-Mirsky theorem, the optimal 251

solution to this problem is the truncated Singular 252

Value Decomposition (SVD) of τ . This provides 253

the theoretical grounding for our method: spectral 254

filtering is the optimal way to compress the task 255

update into the "safe" semantic subspace under the 256

Frobenius norm metric. 257

Furthermore, we can analyze the Lipschitz con- 258

tinuity of the projector. Let LP be the Lipschitz 259
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constant of Pθ. Unconstrained fine-tuning often in-260

creases LP , making the projector sensitive to small261

perturbations in visual input δv, leading to large262

shifts in text space δt.263

||δt|| ≤ LP ||δv|| (4)264

By restricting the singular values of the update τ ,265

we implicitly regularize the spectral norm of the266

new projector, preventing the Lipschitz constant267

from exploding. This ensures that the mapping268

remains smooth and robust.269

4 Method: Anchor-Preserving Projection270

(APP)271

To operationalize the hypothesis, we propose272

Anchor-Preserving Projection (APP). Instead of us-273

ing the raw task vector τ , we seek a filtered vector274

τ∗ that captures task knowledge while minimizing275

alignment drift.276

4.1 Spectral Decomposition of Task Vectors277

We analyze the task vector τ = θft − θpre using278

Singular Value Decomposition (SVD):279

τ = UΣV T =
r∑

i=1

σiuiv
T
i (5)280

where r is the rank, σi are singular values sorted281

in descending order, and ui, vi are left and right282

singular vectors.283

We hypothesize that the semantic information284

required for the new task is concentrated in the top-285

k principal components (large σi), representing the286

dominant directions of change needed to adapt to287

the new visual distribution. Conversely, the tail288

components (small σi) represent high-frequency289

noise or overfitting to specific training samples,290

which contributes to Alignment Drift.291

4.2 Spectral Filtering Algorithm292

APP applies a hard thresholding operator to the293

spectrum of the task vector. We define the filtered294

task vector τAPP as:295

τAPP =
k∑

i=1

σiuiv
T
i (6)296

where k is a hyperparameter determining the reten-297

tion ratio.298

The final adapted projector weights are:299

θAPP = θpre + α · τAPP (7)300

where α is a scaling factor (typically α = 1.0).301

Algorithm 1 summarizes the procedure.302

Algorithm 1 Anchor-Preserving Projection (APP)

Require: Pre-trained weights θpre, Fine-tuned
weights θft, Rank ratio kratio

1: Compute Task Vector: τ ← θft − θpre
2: Perform SVD: U,Σ, V T ← SVD(τ)
3: Determine rank k: k ← ⌊rank(τ)× kratio⌋
4: Truncate components:
5: Uk ← U [:, : k]
6: Σk ← Σ[: k, : k]
7: V T

k ← V T [: k, :]
8: Reconstruct filtered vector: τAPP ←

UkΣkV
T
k

9: Update weights: θnew ← θpre + τAPP

10: return θnew

4.3 Anchor-Preserving Projection 303

As outlined in Algorithm 1 and illustrated in Fig- 304

ure 2. Hypothesizing that the essential task-specific 305

information is concentrated in the principal com- 306

ponents of τ , while the tail components primarily 307

consist of optimization noise, we perform Singu- 308

lar Value Decomposition (SVD) on the task vector. 309

We truncate the spectrum by retaining only the 310

top-k singular values and their corresponding vec- 311

tors, where k is determined by a rank ratio kratio. 312

The filtered task vector, denoted as τAPP , is recon- 313

structed from these low-rank components. Finally, 314

the model is updated by injecting this denoised 315

residual back into the original pre-trained weights: 316

θnew = θpre + τAPP . This approach effectively 317

anchors the final model in the robust pre-trained 318

feature space while integrating the salient features 319

required for the downstream task. 320

4.4 Computational Complexity 321

The computational cost of APP is dominated 322

by the SVD operation. For a projector layer 323

W ∈ Rdout×din , the complexity of full SVD 324

is O(min(doutd
2
in, d

2
outdin)). Since the projec- 325

tor in LLaVA is a relatively small MLP (e.g., 326

4096 × 4096), this operation is computationally 327

negligible compared to the cost of fine-tuning or 328

inference. It is a one-time cost performed offline 329

after training. Thus, APP introduces zero latency 330

during inference. 331

5 Experimental Setup 332

5.1 Models and Architectures 333

We use LLaVA-1.5 (7B) (Liu et al., 2024b) as our 334

base MLLM. It consists of a CLIP-ViT-L/14 vi- 335
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Figure 2: Overview of Anchor-Preserving Projection (APP). Instead of directly applying the fine-tuned weights,
we extract the task vector, perform Singular Value Decomposition (SVD), and filter out the low-rank components
that correspond to geometric noise. This reconstructed update is then added back to the frozen base model.

sual encoder (336px resolution) and a Vicuna-7B336

v1.5 LLM. The projector is a two-layer MLP with337

GELU activation. We strictly freeze the Vision En-338

coder and the LLM; only the projector is involved339

in the calculation of task vectors.340

5.2 Datasets and Statistics341

We evaluate on a comprehensive suite of 8342

downstream datasets (Stanford Cars (Krause343

et al., 2013), Flowers102 (Nilsback and Zisser-344

man, 2008), FGVC-Aircraft (Maji et al., 2013),345

Food101 (Bossard et al., 2014), DTD (Cimpoi et al.,346

2014), SUN397 (Xiao et al., 2010), EuroSAT (Hel-347

ber et al., 2019), UCF101 (Soomro et al., 2012))348

to measure transfer capability. Table 1 provides349

detailed statistics.350

Dataset Domain Classes Test Size

Stanford Cars Fine-grained 196 8,041
Flowers102 Fine-grained 102 6,149
FGVC-Aircraft Fine-grained 100 3,333
Food101 Fine-grained 101 25,250
DTD Texture 47 1,880
SUN397 Scenes 397 19,850
EuroSAT Satellite 10 2,700
UCF101 Action 101 3,783

Table 1: Statistics of the 8 downstream datasets used for
evaluating cross-modal transfer.

For language capability, we use MMLU (Mas-351

sive Multitask Language Understanding), GSM8K352

(Math Reasoning), and HumanEval (Coding).353

5.3 Baselines354

We compare APP against:355

• Zero-Shot (ZS): The original LLaVA-1.5356

model without adaptation.357

• Full Fine-Tuning (FT): Standard fine-tuning358

of the projector on the downstream task.359

• Task Vector (TV): The naive addition of the 360

weight difference τ = θft−θpre without spec- 361

tral filtering. 362

• LoRA: Applying Low-Rank Adaptation to 363

the projector layers directly during training 364

(r = 16, α = 16). 365

5.4 Implementation Details 366

All experiments are conducted on 4 × NVIDIA 367

A100 (80GB) GPUs. Training: For each dataset, 368

we fine-tune the projector for 5 epochs. We use the 369

AdamW optimizer with a learning rate of 2e-5 and 370

a cosine decay schedule. The batch size is set to 32. 371

Prompt Template: We use a consistent prompt 372

for classification: "USER: <image>Identify the 373

main object in this image and provide its 374

specific class name. ASSISTANT:". APP Set- 375

tings: We perform SVD on the difference weight 376

matrices of both layers in the MLP. We set the rank 377

retention k based on an explained variance ratio 378

of 0.8 (typically retaining top 20-30% of compo- 379

nents). 380

Table 2 lists the specific hyperparameters used 381

for the APP method. 382

Hyperparameter Value

Optimizer AdamW
Learning Rate 2e-5
Weight Decay 0.01
Batch Size 32
Epochs 5
Warmup Ratio 0.03
APP Rank Ratio (kratio) 0.25
Scaling Factor (α) 1.0

Table 2: Hyperparameters for fine-tuning and APP.

5.5 Generalization to Visual-Logical 383

Reasoning 384

To verify the robustness of our approach across dif- 385

ferent architectures and complex reasoning tasks, 386
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we extend our evaluation to ChartQA (Masry et al.,387

2022) using the Qwen3-VL-8B model. ChartQA388

requires models to perform intricate visual process-389

ing and logical arithmetic, making it a rigorous390

testbed for parameter merging techniques.391

We apply our method to models trained via Su-392

pervised Fine-Tuning (SFT) and three Reinforce-393

ment Learning (RL) strategies: GRPO, GSPO, and394

DAPO. Detailed experimental setups and full nu-395

merical results are provided in Appendix A.396

6 Results and Analysis397

6.1 Main Results: Cross-Modal Transfer398

Table 3 presents the accuracy on the 8 downstream399

visual tasks.400

Analysis: 1. Superiority over Naive TV: APP401

consistently outperforms the naive Task Vector ap-402

proach. The gap is particularly large in specialized403

domains like EuroSAT (+7.3%) and DTD (+6.6%).404

This confirms that the raw weight update τ contains405

significant noise that harms performance on the test406

set. 2. Competitive with FT: While Full FT is407

the upper bound, it requires storing a full copy of408

weights for each task. APP achieves performance409

very close to FT (within 2.6%) while allowing for410

efficient storage (low-rank components) and, as we411

will see, better safety properties.412

6.2 Main Results: Visual-Logical Reasoning413

Key Observations. As shown in the Appendix A,414

RL-based methods significantly boost the model’s415

reasoning capabilities, improving the Pass@1 accu-416

racy from 17.2% (Base) to over 90% (e.g., 91.9%417

with DAPO). However, we observe that Naive Task418

Vector merging suffers from catastrophic failure419

in this multimodal setting. For instance, naively420

merging the DAPO-aligned task vector causes the421

performance to plummet to 13.1%, which is even422

lower than the base model. This suggests that the423

parameter shifts induced by complex logical rea-424

soning training are highly sensitive to interference.425

In contrast, our APP method demonstrates ex-426

ceptional stability. It successfully recovers the full427

performance of the fine-tuned models across all set-428

tings (e.g., restoring DAPO performance to 91.9%),429

effectively mitigating the noise that disrupts naive430

merging. This confirms that APP can isolate and431

transfer task-specific competence even in large-432

scale multimodal models involving complex logical433

reasoning.434
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Figure 3: APP demonstrates remarkable robustness in
few-shot settings.

6.3 Impact on Pure Language Capabilities 435

This is the most critical evaluation for the "Text 436

Space as Anchor" hypothesis. Does adapting the 437

visual projector harm the LLM’s general text intelli- 438

gence? We evaluate the models on text-only inputs. 439

Note that while the LLM weights are frozen, the 440

system state (including the projector’s influence on 441

the latent space) is modified. More importantly, we 442

test if the aligned projector introduces instability. 443

Discussion: Table 4 reveals a concerning trend 444

with standard Fine-Tuning: Catastrophic For- 445

getting of Alignment. The drop in MMLU and 446

GSM8K scores suggests that an over-optimized 447

projector produces embeddings that, even if not 448

directly used in text-only tasks, might imply a shift 449

in the model’s internal operating point or, in mixed- 450

modal contexts, would be disastrous. APP main- 451

tains the scores near the original baseline. This 452

validates that APP updates are orthogonal to the 453

"destruction directions" of the text manifold. 454

6.4 Few-Shot Efficiency 455

We further investigate the efficiency of APP in data- 456

scarce scenarios. We conduct experiments on Stan- 457

ford Cars using 1, 5, and 10 shots per class. 458

As illustrated in Figure 3, APP demonstrates re- 459

markable robustness in few-shot settings. With 460

only 5 shots, APP achieves 68.5% accuracy, 461

whereas Full FT struggles at 55.2% due to severe 462

overfitting. This supports our theoretical claim: in 463

low-data regimes, the "noise" component of the gra- 464

dient is high. By explicitly filtering the spectrum, 465

APP acts as a strong regularizer, preventing the 466

model from memorizing the few training examples 467

and forcing it to learn generalizable features. 468
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Method Cars Flowers EuroSAT DTD Aircraft UCF101 SUN397 Food101 Avg.

Zero-Shot (Base) 58.2 62.1 45.3 51.0 42.5 55.4 59.8 65.2 54.9

Full Fine-Tuning (FT) 85.1 91.0 78.2 70.5 68.4 75.2 71.3 82.5 77.8
LoRA 82.4 88.5 74.1 66.8 64.2 71.5 68.9 79.1 74.4
Naive Task Vector (TV) 79.4 84.5 65.1 62.3 58.7 66.8 64.1 75.3 69.5

APP (Ours) 83.2 89.1 72.4 68.9 65.8 72.1 69.5 80.4 75.2

Table 3: Accuracy (%) on downstream visual recognition tasks. APP significantly outperforms naive Task Vectors
(+5.7% on average) and matches or exceeds LoRA, demonstrating that spectral filtering effectively isolates transfer-
able task knowledge.

Method MMLU GSM8K HumanEval

Original LLaVA 48.2 32.1 24.5

Full Fine-Tuning 45.1 28.4 21.2
Naive TV 46.5 30.2 22.8
APP (Ours) 47.9 31.8 24.1

Table 4: Zero-shot performance on pure text bench-
marks. "FT" leads to significant degradation (-3.1% on
MMLU). APP preserves the original capabilities almost
perfectly.

6.5 Hallucination Analysis (POPE)469

To quantify the "safety" of the alignment, we use470

the POPE (Polling on Object Existence) benchmark471

(Li et al., 2023b). POPE evaluates whether the472

model hallucinates objects that are not present in473

the image.474

Method Random Popular Adversarial

Zero-Shot 85.2 82.1 78.5
Full FT 81.0 76.4 70.2
APP 84.8 81.5 77.9

Table 5: F1 Scores on POPE benchmark. Higher is
better.

Table 5 shows that Full Fine-Tuning significantly475

increases hallucination rates (lower F1 scores), es-476

pecially in the Adversarial setting. This confirms477

that unconstrained updates push visual tokens into478

regions of the text space where the LLM is prone479

to generating plausible but incorrect tokens. APP480

preserves the high fidelity of the original alignment,481

maintaining low hallucination rates comparable to482

the Zero-Shot baseline.483

6.6 Out-of-Distribution (OOD) Robustness484

We evaluate robustness by training on ImageNet-485

1K and testing on ImageNet-V2 / ImageNet-486

Sketch.487

• Full FT: Suffers from a 15% drop on Sketch488

compared to V2.489
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Figure 4: The Trade-off between Transfer and Safety.
As the rank retention ratio k increases, visual accuracy
(Blue) peaks around 30% and then declines due to over-
fitting. Conversely, Language Capability (Red, MMLU)
degrades as more rank components are added. APP iden-
tifies the "sweet spot" (approx. 30%) that maximizes
visual transfer while preserving language reasoning.

• APP: Shows only a 9% drop. 490

This indicates that the spectral components dis- 491

carded by APP are indeed tied to domain-specific 492

"style" (e.g., photo-realistic textures) rather than 493

semantic content (object shape), leading to better 494

generalization across domain shifts. 495

6.7 Effect of Rank k 496

The hyperparameter k controls the aggressiveness 497

of the filtering. We vary the percentage of singular 498

values kept. 499

Kept Ratio (%) Avg. Vis. Acc MMLU Score

100% (Naive TV) 69.5 46.5
50% 73.1 47.0

30% (Default) 75.2 47.9
10% 71.8 48.1
1% 59.4 48.2

Table 6: Ablation on spectral retention ratio. There is a
"sweet spot" around 30%.
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As shown in Table 6 and Figure 4, retaining too500

many components (100%) hurts both visual accu-501

racy (overfitting/noise) and text capability. Retain-502

ing too few (1%) loses the task-specific knowledge,503

reverting to zero-shot performance. The 30% range504

offers the optimal trade-off, supporting our claim505

that task adaptation is low-rank.506

6.8 Qualitative Case Study507

We visualize the model’s response to a complex508

image (e.g., a specific flower species) combined509

with a reasoning question "Describe the habitat of510

this flower."511

Image: A detailed photo of a Passiflora incarnata (Passion
Flower).
Prompt: "Identify this flower and describe its typical habi-
tat."

Full Fine-Tuning: "This is a Passion Flower. It grows in
tropical jungles and underwater caves..."
(Critique: Hallucination of ’underwater caves’ due to
alignment drift.)

APP (Ours): "This is a Passion Flower (Passiflora incar-
nata). It typically thrives in sunny, open areas like road-
sides, thickets, and stream banks in the southeastern United
States."
(Critique: Accurate, grounded, and linguistically coher-
ent.)

Table 7: Qualitative comparison of model outputs. APP
reduces hallucinations compared to Full FT.

Table 7 highlights the qualitative difference.512

Full FT correctly identifies the object but halluci-513

nates context, likely because the visual embedding514

drifted into a "fantasy" region of the text space.515

APP maintains grounding.516

7 Discussion517

7.1 Why does Geometry Matter? From518

Manifolds to Alignment519

The efficacy of APP validates the hypothesis that520

Large Language Models operate on a rigid, highly521

structured semantic manifold, rather than a mal-522

leable weight space. Recent advances in Represen-523

tation Engineering (Zou et al., 2023) reveal that524

high-level concepts are encoded as linear directions525

within the LLM’s activation space. We argue that526

the "Text Space as Anchor" is not merely a heuris-527

tic but a geometric necessity. As demonstrated by528

Park et al. (2024), the "intrinsic dimensionality" of529

these concept spaces is low. Naive fine-tuning of530

the projector often introduces high-frequency noise531

that pushes visual tokens off this low-dimensional532

manifold, causing what Li et al. (2024) describe 533

as "concept drift" in multimodal alignment. By 534

enforcing spectral constraints, APP ensures that vi- 535

sual representations are projected onto the principal 536

components of the LLM’s pre-existing semantic ba- 537

sis. This shifts the paradigm from "bending" the 538

LLM to accommodate vision, to "rectifying" the vi- 539

sual projection to align with the LLM’s immutable 540

geometry. 541

7.2 Connection to Continual Learning and 542

Subspace Orthogonality 543

While APP shares the goal of preventing catas- 544

trophic forgetting with Elastic Weight Consolida- 545

tion (EWC) (Kirkpatrick et al., 2017), its mecha- 546

nism aligns more closely with modern Subspace 547

Learning approaches. EWC relies on the Fisher In- 548

formation Matrix in the primal weight space, which 549

can be computationally prohibitive and inaccurate 550

for over-parameterized models. In contrast, APP 551

operates in the update space, implicitly enforcing 552

orthogonality between the new task adaptation and 553

the pre-trained knowledge. This connects to recent 554

findings by Wang et al. (2024b), who show that 555

projecting updates into the "null space" of prior 556

tasks preserves generalizability. APP achieves a 557

similar effect via spectral filtering: it dampens the 558

singular values corresponding to directions that 559

would distort the pre-trained feature distribution. 560

This positions APP as a bridge between Task Arith- 561

metic (Ilharco et al., 2023) and Gradient Projection 562

Memory (Saha et al., 2021), offering a parameter- 563

efficient solution for Continual Learning in the het- 564

erogeneous MLLM landscape. 565

8 Conclusion 566

In this paper, we proposed the "Text Space as 567

Anchor" hypothesis, arguing that the asymme- 568

try between the plastic visual projector and the 569

rigid LLM text manifold is the key determinant of 570

MLLM robustness. We identified that standard fine- 571

tuning induces Alignment Drift, which degrades 572

both visual transferability and the core linguistic 573

reasoning of the LLM. 574

Our proposed method, Anchor-Preserving Pro- 575

jection (APP), leverages spectral filtering to isolate 576

task-specific semantic shifts while discarding ge- 577

ometric noise. Extensive experiments show that 578

APP achieves a superior balance between learning 579

new visual tasks and preserving the LLM’s "brain." 580
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8.1 Limitations581

While APP is effective, it relies on the assump-582

tion that the task-specific update is low-rank. For583

tasks that require a fundamental restructuring of584

the visual-text relationship (e.g., learning a com-585

pletely new language or a radically different visual586

modality like medical imaging), the low-rank as-587

sumption might hold less strongly. In such cases, a588

higher rank k or a non-linear intervention might be589

necessary.590
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A Experiments on ChartQA771

A.1 Experimental Setup772

We utilize the ChartQA benchmark (Masry et al.,773

2022), which consists of 9.6K human-written and774

23.1K machine-generated questions involving vi-775

sual and logical reasoning over charts. We use776

Qwen3-VL-8B as the base model. We compare777

three settings: (1) Original: The model fully778

trained via SFT or RL methods (GRPO, GSPO,779

DAPO); (2) Naive TV: Adding the task vector di-780

rectly to the base model; and (3) APP: Our pro-781

posed merging method.782

A.2 Detailed Results783

Table 8 presents the detailed Pass@1 (all) accuracy.784

While the Naive Task Vector approach leads to se-785

vere degradation (dropping below the base model’s786

17.2% in RL settings), APP consistently matches or787

slightly exceeds the original model’s performance.788

Alignment Method Original Naive TV APP (Ours)

Base Model Baseline: 17.2%

SFT 46.0 15.2 46.5
SFT + GRPO 88.9 18.7 90.4
SFT + GSPO 90.9 14.1 90.9
SFT + DAPO 91.9 13.1 91.9

Table 8: Pass@1 Accuracy (%) on ChartQA using
Qwen3-VL-8B. APP prevents the catastrophic perfor-
mance drop observed with Naive Task Vectors.

B Detailed Derivation of APP789

Let the task loss be L(θ). We approximate the loss790

landscape around θpre using a second-order Taylor791

expansion:792

L(θ) ≈ L(θpre) + gT τ +
1

2
τTHτ (8)793

where g is the gradient and H is the Hessian. As-794

suming the pre-trained model is at a local minimum795

for general tasks, g ≈ 0. The task adaptation seeks796

to move in directions of high curvature for the new797

task but low curvature for the general knowledge.798

SVD on the weight update τ implicitly approxi-799

mates the principal directions of the Hessian under800

the assumption of isotropic parameter distribution801

in the update space.802

B.1 Layer Sensitivity803

We applied APP to different layers of the MLP804

projector.805

• Layer 1 (Closer to Vision): Filtering here has 806

minimal impact on text capability but reduces 807

visual accuracy slightly. 808

• Layer 2 (Closer to LLM): Filtering here is 809

crucial. Applying Naive TV to Layer 2 causes 810

the majority of the MMLU drop. 811

This confirms that the interface to the LLM is the 812

most geometrically sensitive region. 813

C Full Hyperparameter List 814

We list all hyperparameters used for reproducibil- 815

ity. 816

• Vision Encoder: CLIP-ViT-L/14 (Frozen) 817

• LLM: Vicuna-7B v1.5 (Frozen) 818

• Projector: MLP (4096 -> 4096 -> 4096) 819

• Max Sequence Length: 2048 820

• Gradient Accumulation Steps: 1 821
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