ROSE: Rotate Your Large Language Model to See

Supplementary Material

Overview

In this supplementary material, we provide following items:
* (Sec.1) Preliminary experiment details.

* (Sec.2) Training details.

¢ (Sec.3) Evaluation details.

1. Details of Preliminary Experiments

To empirically determine which component of pretrained
parameters serves as the primary carrier of semantic knowl-
edge in LLMs, we conduct a preliminary experiment that
disentangles the contributions of direction and magnitude
in their interactions with input tokens. The experiment is
designed as follows.

Given a pretrained LLM, each linear projection W =
[wy, ..., w,] € RY™ interacts with an input token z € R?
through its column vectors:

r=W'le=[wz, wyz, ..., wlz]". ()

For each vector w;, the interaction can be further written as:

zi = w @ = [lwi |z cos(8y), )

where 60; denotes the angle between w; and z. This ex-

pression reveals that the influence of parameter w; on the
input = can be decomposed into two parts: first projecting

x onto the direction of w; captured by cos(6;), and then

scaling this projection by the magnitude ||w;||. These two

components together reflect the patterns learned by w; dur-
ing pretraining. To understand their respective roles, we
aim to disentangle and ablate their individual contributions.

Specifically, we examine the following three settings:

* Keep Direction. We remove the scaling effect induced
by the vector magnitude and retain only the directional
relationship between w; and z, setting z; = cos(6;). This
corresponds to normalizing all parameter vectors onto the
unit hypersphere, preserving only their geometric orien-
tation in the semantic space.

* Keep Magnitude. We eliminate the influence of direction
by enforcing z; = ||w;|| ||z||, effectively assuming that
all w; are perfectly aligned with x. In this setting, each
vector contributes solely through its scaling effect while
its orientation is ignored.

* Add Noise. We directly perturb each w; by adding Gaus-
sian noise A/ (0, 1), thereby destroying both its directional
and magnitude information. This serves as a control con-
dition in which the semantic structure encoded in the pre-
trained parameters is disrupted.

Table 1. The training details of ROSE.

Config Stage 1  Stage2  Stage 3
LLM backbone Qwen2.5-7B [17]

ViT backbone SigLIP2-S0400m-384 [15]
Global batch size 2048 2048 256
Batch size per GPU 32 32 4
Accumulated steps 1 1 1
DeepSpeed zero stage 2 2 3

5%x107°  2x107°

cosine decay

Learning rate I1x10~*

Learning rate schedule

Warmup ratio 0.01
Weight decay 0
Epoch 1
Optimizer AdamW
Precision bfl6

We then iterate through the LLM layer by layer. For the
i-th layer, we apply one of the three intervention strategies
to all linear projections within that layer while keeping the
rest of the network unchanged. We then evaluate the modi-
fied model on the MMLU [4] benchmark to obtain the cor-
responding accuracy. Repeating this process across all lay-
ers produces layer-wise accuracies, from which the Figure
2 of the main manuscript are derived.

2. Training Details

The overall training process adopts a three-stage paradigm,
initially involving the S1. Perceptual Pretraining, S2. Se-
mantic Pretraining, and S3. Self-supervised Finetuning.
Table | presents the details of this three-stage training for
ROSE.

3. Evaluation Details

3.1. Details About the Benchmarks

We conduct a comprehensive evaluation of ROSE, includ-
ing both multimodal benchmarks and NLP benchmarks.

Multimodal Benchmarks. We conduct experiments
across 12 widely recognized multimodal benchmarks,
including MMBench [9], MMMU [18], SEED-
Image [7], MME [3], MMStar [I], TextVQA [14],
ChartQA [10], DocVQA [11], InfoVQA [12], AI2D [6],
RealWorldQA [16], and GQA [5]. These benchmarks span
a broad spectrum of multimodal tasks.



Table 2. Summary of the evaluation multimodal benchmarks.
Prompts are mostly borrowed from LMMs-Eval [20].

Benchmark ‘ Response formatting prompts

MMB Answer with the option’s letter from the given choices.
MMMU Answer with the option’s letter from the given choices.
SEED Answer with the option’s letter from the given choices.
MME Answer the question using a single word or phrase.

MMStar | Answer with the option’s letter from the given choices.

TextVQA | Answer the question using a single word or phrase.
ChartQA | Answer the question with a single word.

DocVQA | Answer the question using a single word or phrase.
InfoVQA | Answer the question using a single word or phrase.

AI2D Answer with the option’s letter from the given choices.
RWQA Answer the question with a single word.
MathVista | Answer with the option’s letter from the given choices.

NLP Benchmarks. We conduct experiments across 5
widely recognized benchmarks, including MMLU [4], Hel-
laswag [19], ARC-C [2], TruthfulQA [8], and Wino-
grande [13]. They cover multiple knowledge dimensions
and domain focuses.

3.2. Evaluation Protocol

We adopt LMMs-Eval as our evaluation toolkit. For eval-
uation prompts, we provide a thorough examination of all
evaluation benchmarks utilized in this paper in Table 2. For
model efficiency, the FLOPs and latency are calculated us-
ing the DeepSpeed toolkit on a single NVIDIA H20 GPU
without any engineering acceleration techniques.

3.3. Pseudocode

To provide a comprehensive understanding of our method,
we present the pseudocode of ROSE in Algorithm 1.
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Algorithm 1 Forward Process of ROSE

Require: Input Image I, Input Text Sequence z, Pretrained
LLM Weights ©, Rotation Layer Index List H
Ensure: Output Logits y
1: Stage 1: Visual Encoding
2: v < VisualEncoder([)
v E RL” X dy
Stage 2: LLM Forward with Parameter Rotation
h < WordEmbedding(z)
for each layer [ = 1to L do
Wl <~ {WQ7 Wk7 Wua Woa Wup7 Wdowny Wgate} >
Weights in layer [

> Extract visual tokens

AN

7: for each weight matrix W € W, do
8: if | € H then
9: R, + VRMG(v, W, r)
10: W'+ R,W > Inject visual info via
rotation
11: else
12: W' W
13: end if
14: end for
15: > Standard Transformer computation with rotated

weights
16: Rattn < Self-Attn(h, W, Wi, W), W7)
17: h + h+ hen
18: hff” — FFN(h’ Wlip’ Wéown’ éate)
19: h<+ h+ hffn
20: end for
21: y < LanguageHead(h)
22: return y

23: function VRMG((v, W, r)

24: Initialize list of sub-blocks BB < ||

25: Learnable queries @ = {q1, - . ., ¢, } specific to W

26: for i =1tordo

27: q; < CrossAttention(g;, v, v) > Aggregate
visual info

28: t; + Linear(q}) > Map to flat parameters

29: T < Reshape(t;) > Reshape to
lower-triangular form

30: Pl TP —(THT > Construct
skew-symmetric matrix

31: R+ (I+ PH)(I - Pi)~1 > Cayley
Orthogonalization

32: B.append(R!)

33: end for

34: R, + BlockDiagonal(3)
orthogonal matrix

35: return R,

36: end function

> Construct sparse
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