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Supplementary Material

Algorithm 1 Relaxed Aspect Ratio Matching

1: function RELAXED_ASPECT_RATIO_MATCHING(original_size: (Worig, Horig ), possible_ratios: List of (m,n))
2 Initialize: best_fit <~ None, R¢ max < 0, Ry min < 00

3 (Worig, Horig) < original size

4 for each (m, n) in possible_ratios do

5 (W,H) « (384 xm, 384 xn)

6 scale < min ( szig, Hilﬂg)

7 OW < int(Woyig - scale)

8 0H « int(Hoyg - scale)

9: R, < mln(éW . (5H, Worig . Horig)
10: R,<« W-H-R,
11: if (Re — Remax) > @ Re max OF ((Remax — Re) < @+ Re max and Ry, < Ry, min) then
12: Re max < Re
13: Rw,min <~ R,
14: best_fit < (m,n)
15: end if
16: end for
17: return best_fit

18: end function

1. Relaxed Aspect Ratio Matching

To further expand the content of the main text, here we
provide more about the relaxed aspect ratio matching
method in this section.

Pseudocode: We present the pseudocode for our proposed
relaxed aspect ratio matching method, as shown in Alg. 1.
To be specific, we change the updating logic of LLaVA-
NeXT by adding a parameter « such that when:

Re = Re max > o+ Re max, ey
or
(Remax — Re) < @+ Re max and Ry, < Ry min, 2)
we then update
Remax < Re,  Rumin < Ru, 3)

and record the according aspect ratio. This increases the
likelihood of selecting aspect ratios with smaller R, but
also smaller R,,.

Case Study: Here we present real cases where LLaVA-
NeXT [45] and InternVL 1.5 [12] result in significant im-
age enlargement, as illustrated in Fig. 1. In Fig. 1A (from
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Figure 1. Case study. (A) LLaVA-NeXT chooses resolution
384x768 for an image with the original size of 380x393. (B) In-
ternVL 1.5 chooses resolution 1920x384 for an image with the
original size of 500x102.

COYO-300M Dataset [3]), LLaVA-NeXT selects a resolu-
tion of 384x768 for an image originally sized 380x393.
Similarly, Fig. IB (from CogVLM-SFT dataset [82]) shows
InternVL 1.5 selecting a resolution of 1920x384 for an
image initially sized 500x102. In contrast, our proposed
relaxed aspect ratio matching selects 384x384 for the
380x393 image and 768x384 for the 500x102 image.



2. Open-source Training Dataset

Here we provide the open-source dataset used to train
BlueLM-V-3B in the fine-tuning stage in Tab. 1.

Task Dataset

Text- ALLaVA [6], ScienceQA [50],

only Orca-Math [57], OpenOrca [39],
MetaMathQA [90], WizardLM [84],
Mathlnstruct [78]

Caption TextCaps [69], Screen2Words [80],
VizWiz [19], Laion [64], COCO [10],
LLaVA [46], ALLaVA [6], SVIT [94],
SA1B [30], VSR [41], Chart2Text [28],
MultiMath [60], ArXivCap [36], COYO [3]

OCR  Wukong [16], HierText [47], TextOCR [72],
WildReceipt [74], DocILE [70], SVRD [91],
DocLayNet [61], XFUND [85],

COCO-Text [79], SROIE [22], FUNSD [24],
CORD [58], Paper2Fig100k [63],

Docmatix [32], LAION-2B-OCR [40],
SynthDoG [29], WebSight [33],

DeepForm [75], Kleister [73], TabFact [9]

VQA  LVIS-Instruct4V [81], CLEVR [25],
TallyQA [1], LNQA [62], Geol70K [67],
ALLaVA [6], DocVQA [53], ChartQA [52],
ArxivQA [36], GEOS [65], PMC-VQA [92],
KVQA [66], Geometry3K [48], MapQA [5],
PlotQA [55], VIQuAE [34], VQA-RAD [31],
ST-VQA [2], TextVQA [71], LLaVAR [93],
SIBR [87], MMC-Inst [43], IconQA [49],
GQA [23], SciGraphQA [37],
LRV-Instruction [42], DVQA [26],
InfographicVQA [54], FigureQA [27],
WikiTableQuestions [59], TAT-DQA [95],
VisualMRC [76], ScienceQA [50],
OCR-VQA [56], WebSRC [11],

PathVQA [20], UniGeo [7], ScreenQA [21],
VizWiz [18], SVIT [94], CogVLM [82],
FM-IQA [14], VQAV2 [15], OK-VQA [51],
EST-VQA [83], VisDial [13], Shikra [8],
Super-CLEVR [38], LLaVA [44], IDK [4],
AlfWorld [68], M-HalDetect [17],
Cambrian7M [77], LLaVA-OneVision [35],
mPLUG-DocOwl [88], UReader [89]

Table 1. Training data. This table presents the open-source
datasets used in the fine-tuning stage, corresponding with the cat-
egories and data volume in Tab. 1 of the main text.

Please note that some datasets may belong to more than one
category, and there may be overlapping data among these
datasets.

3. Hyper-parameters for Training

We list the hyper-parameters for the pre-training stage
(stage 1) and fine-tuning stage (stage 2) in Tab. 2 and Tab. 3
respectively.

Configuration Stage 1
LLM Sequence Length 4096
Dynamic Resolution None (384x384)
Optimizer AdamW
Optimizer Hyperparams 3 = 0.9, 8> = 0.98, ¢ = 107°
Peak LR 1073

LR Schedule Cosine Decay
Weight Decay 0.05
Training Steps 3.434k
Warm-up Steps 34
Global Batch Size 720
Gradient Accumulation 1
Numerical Precision bfloatlé6

Table 2. Hyper-parameters.
training stage (stage 1).

Hyper-parameters for the pre-

Configuration Stage 2

LLM Sequence Length 4096

Dynamic Resolution Up to 16 patches (1536x1536)
Optimizer AdamW
Optimizer Hyperparams B1=0.9, 82 =0.98,¢=107°
Peak LR 10

LR Schedule Cosine Decay
Weight Decay 0.05

ViT Layer-wise LR Decay 0.9

Training Steps 131k

Warm-up Steps 1310

Global Batch Size 5760

Gradient Accumulation 8

Numerical Precision bfloatlé6

Table 3. Hyper-parameters. Hyper-parameters for the fine-
tuning stage (stage 2).

Please note that due to the upsampling of certain datasets
with smaller data volumes, the product of Training Steps
and Global Batch Size may exceed the total data volume.



4. Model Accuracy after Quantization

INT4 LLM quantization will result in decreased accuracy
on mobile phone NPUs. Both MediaTek and Qualcomm
currently do not support group-wise quantization on NPUs,
which is crucial for maintaining model accuracy after quan-
tization on traditional GPUs and CPUs. In this case, we
do not claim perfect accuracy after quantization in the pa-
per. In our implementation, we do not specifically design
the quantization algorithm. The PTQ algorithm for the Me-
diaTek chip is based on per-channel quantization (utiliz-
ing MediaTek’s NeuroPilot), similar to Qualcomm’s QNN
SDK. We evaluate the accuracy across 4 tasks after perform-
ing quantized inference on the NPU of the MediaTek 9300
chip, achieving an acceptable average accuracy retention at
88.7%. For reference, please refer to PowerInfer-2 [86].

OCRBench DocVQA MMVet ScienceQA AVG

BF16 (A100) 829 86.6 61.8 94.0 81.3
MediaTek 9300 746 75.4 522 86.3 72.1
Retained (%) 90.0 87.1 84.5 91.8 88.7

Table 4. Model accuracy after quantization. We evaluate the ac-
curacy across 4 tasks after performing quantized inference on the
NPU of the MediaTek 9300 chip, achieving an acceptable average
accuracy retention at 88.7%

The accuracy retention of LLMs on Qualcomm chips us-
ing QNN is also around 80%-90%. We can adopt QAT,
Q-LoRA, or advanced PTQ methods to improve accuracy
in the future.

5. Energy Consumption

The energy consumption of BlueLM-V-3B is tested on Me-
diaTek 9300 using the balanced performance mode to align
with real-world scenarios. We achieve a token generation
speed of 19.4 token/s, which is sufficient for daily use. We
use the metric of peak power and average Joules per to-
ken as in PowerInfer-2. For reference, we also provide Ta-
ble 8 of PowerInfer-2 (the shaded entries), which deploys
LLMs on Qualcomm chips. We can achieve lower energy
consumption in two aspects: one is our smaller model size
(3B), and the other is the MediaTek 9300’s inherently better
energy efficiency performance compared to chips like the
Qualcomm 8Gen3.

Framework Ours Powerlnfer-2 QNN llama.cpp
Peak Power (W) 4.584 5.095 5.133 4.065
Energy (J/token) 0.215 0.257 0.373 0.672

Table 5. Energy consumption. Energy consumption of BlueLM-
V-3B on MediaTek 9300 with the balanced performance mode.
6. Other Deployment Platform

We provide the peak mode deployment statistics on the
NPU of the Qualcomm Snapdragon 8Gen3 SoC using QNN

SoC VIiT (s) Input (token/s) Output (token/s)
MediaTek 9300 0.30 758 244
Qualcomm 8Gen3 0.24 800 27.2

Table 6. Deployment efficiency. Deployment statistics on the
Qualcomm 8Gen3 SoC.

SDK. We now support the 1-patch ViT inference. Deploy-
ing on the Qualcomm 8Gen3 SoC achieves a slightly faster
speed than MediaTek 9300. We will provide complete sup-
port for Qualcomm chips in future works.



7. Visualization on Practical Cases

We present some demos of BlueLM-V-3B on mobile devices.

Math Ability

-~

Can you solve this?

10x8
5xt

?

A) 222 C) 2x*

B) 2112 D) 21'32

-

Human: Solve this problem.

Response: To solve this problem, we need to simplify
the given expression and compare it to the options
provided.

The expression is:

\[ \frac{10x"8} {5x"4} = ?\]

First, we simplify the expression by dividing the
coefficients and subtracting the exponents of the same

base:

\[ \frac{10} {5} \cdot \frac{x"8} {x"4} = 2 \cdot x"{8-4}
=2\cdot x4 \]

So the simplified expression is:

\[ 2x74\]

Now, we compare this to the options:
A)\(2x"2))

B) \( 2x" {12} \)

C)\(2x74))

D) \(2x"{32} )

The correct answer is C) \( 2x"4 \), as it matches the
simplified expression.

Chart Understanding

~

/

-

2022 U.S. Methane Emissions, By Source

Natural Gas
and
MMMMMM
Management
9%

Petroleum
Systems
30%

Other
Landfills. 7

3%

Human: What is the percentage difference between
Natural Gas and Petroleum Systems and MSW
Landfills?

Response: The pie chart shows that Natural Gas and
Petroleum Systems make up 30% of methane
emissions, while MSW Landfills account for 14%.
The percentage difference between Natural Gas and
Petroleum Systems and MSW Landfills is 30% - 14%
=16%.

~




Scientific Understanding

-

-

Human: Which car in the picture is more aerodynamic?

Response: The car on the right appears more
aerodynamic due to its streamlined shape with a

pointed front end and a sloped rear end, which reduces

air resistance and could potentially allow it to move

more efficiently through the air.

Document Understanding

-

Human: What is the image about?

Response: The image depicts "The Nobel Prize in
Chemistry" for the year 2024, featuring three scientists:

David Baker, Demis Hassabis, and John M. Jumper.

Each is recognized for their contributions to
computational protein design or structure prediction in
science. The poster highlights their significant
achievements in the field of chemistry and celebrates

their awards.

Multilingual Ability

-~

|| Bienvenue |
0 Willkommen

Human: What are all the scene text in the image, and
what do they mean?

Response: The scene text in the image is "Welcome
bienvenida Bienvenue Willkommen benvenuto". It is a
multilingual sign that says "Welcome" in English,
Spanish, French, German and Italian respectively.

Screen Understanding

-

ieh
R | 2R

08:30

HitAs

16:00

Human: 3H JLAD W29 AR BB A2

Response: HFWAN WM. —NEPARE L8R3 ER
MR, B—TMESRTFI6R0073 8BRS




Image Description

Human: AR A RHRE.

Response: XiKEFBR T — M FRERIEH B ZHEE,

i EIREE, WEKIT, CIFAEXHETRR. R
ARBERBH, ARRE. WFE—HLEN LR,
FEEHREMNAMMEHHENEER, 25 —FEEHN
BT, HHLEEENELRD. BRNHLEFER
BNET BETHEREN. XIBRENEE—E

HRE L, RERERGRAG LS EMMEIHIRL,

BERALZKRE. BREEMN, REASHET, T8
EEBETRENEIH XESHEEMRE ., Bihk
B, XPHBEAN—TERERIER,

~

\_ J
Chinese OCR
e N\
EFirab Pl et &
GINE T RBA I Thr B
AEH | (ARIER)
Human: £IFEEEEES 714,
Response: &HREBERFEZIFNIIEZE BABAEHFEBNKRE K8 (ABKXIE)
\_ J
Common Sense
Vs )
Human: F{RENZ X LEBETE A2
Response: N, XEAEZEARMNEETRES, 1~
EZWNEH.
\_ J
Knowledge
Vs )

Human: Introduce me the author of this painting.

Response: This painting is by Claude Monet, a
renowned French painter who was a founding member
of the Impressionist movement. Monet is celebrated
for his innovative use of light and color to capture the
fleeting moments of life and landscapes.




Multi-turn Conversation

-

Human: What are the departure point and destination
of this train, and where is the next stop?

Response: The departure point is Praha hl.n. and the
destination is Wien Hbf. The next stop is Brno-
Zidenice.

Human: What is the train speed now?

Response: The train speed is 160 km/h.
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