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Supplementary Material

This Appendix provides additional details to support the
main paper and is organized as follows:
• 1: More Experimental Results;
• 2: Additional Ablation Study;
• 3: More Qualitative Results;
• 4: Limitation and Broader Impacts.

1. More Experimental Results
The additional experimental results are organized into two
parts: (1) we evaluate the compatibility and scalability of
the proposed method by integrating it into SoTA LVLMs
of varying types and sizes, including the Qwen [2, 16] and
InternVL [6, 24] families; and (2) we conduct a training-
free evaluation on video understanding tasks.

1.1. General Visual Question Answering and Math-
Related Benchmarks

To assess the effectiveness and generalizability of the pro-
posed LFM, we integrate it into a variety of SoTA LVLMs
and evaluate its performance across general visual ques-
tion answering and math-related benchmarks. As shown
in Table 1, the selected evaluation suite includes MME
(sum), MMB (EN/CN), MMBv1.1, MMVet (turbo), MME-
RealWorld, MMStar, and MathVista. The tested models
cover a wide range of parameter scales (from 1B to 8B),
and include leading architectures such as InternVL2.5 and
Qwen2.5-VL. The results demonstrate that LFM consis-
tently enhances the performance of various LVLMs across
all benchmarks. These results confirm that LFM scales ef-
fectively across LVLMs of various sizes and yields signifi-
cant improvements in both general and math-intensive mul-
timodal reasoning tasks.

1.2. Comparison in Video Understanding
Building on the image-to-video paradigm introduced in
FreeVA [18], we test our image-text pre-trained model di-
rectly on video-based dialogue tasks without any additional
training. This innovative approach highlights the potential
of leveraging image-text training for video comprehension
tasks, bridging the gap between static and dynamic vision
modalities.

The experimental results presented in Table 3 demon-
strate the competitive performance of FreeVA-based meth-
ods. The LFM+FreeVA (34B) model achieves the highest
accuracy on MSVD-QA, MSRVTT-QA and ActivityNet-
QA, outperforming all other methods. This indicates the
model’s superior ability to generalize from image-text train-
ing to video question-answering tasks. The 13B variant

of LFM+FreeVA also demonstrates strong performance,
achieving 77.6 on MSVD-QA, surpassing other larger mod-
els. This further validates the scalability of LFM across dif-
ferent model sizes. These results demonstrate the versatil-
ity and effectiveness of our pre-trained model in achieving
outstanding performance across diverse video understand-
ing benchmarks.

2. Additional Ablation Study
2.1. Hyperparameter Experiments
To investigate the impact of the modulation coefficient β in
the fusion stage of LFM, we conducted an ablation study
by varying β from 0 to 0.15 and evaluating performance
on the MMB and MMStar benchmarks. As illustrated in
Figure 1, performance consistently improves as β increases
from 0 to 0.12, with the best results observed at β = 0.12.
Beyond this point, performance begins to decline slightly,
suggesting a diminishing return from further amplification
of the modulated signal. We adopt β = 0.12 as the default
setting in our experiments.

In addition to the strategy comparisons discussed ear-
lier, we conducted ablation studies to examine the impact
of varying the baseline and step size of the coefficient αk.
As shown in the Figure 2, we tested four baseline values
(0.20, 0.25, 0.30, 0.35) across three step sizes (0.01, 0.02,
0.03). The results consistently demonstrate that moderate
step sizes (particularly 0.02) tend to yield better perfor-
mance across different group configurations. Among the
baselines, α = 0.25 with a step size of 0.02 achieves the
highest performance, especially under the 3-group setting.
These findings reinforce our choice of using a baseline α of
0.25 and a step size of 0.02 in the decreasing strategy as the
default configuration.

2.2. MLP Design Choices
To assess the design choice of the visual-language projec-
tor described in Section 3.2.5, we conducted an ablation
study comparing two alternative strategies for integrating
the frequency-modulated features from the grouped vision
encoder layers before feeding them into the LLM.

The default strategy in the main paper, referred to as
“Concat & MLP”, concatenates the outputs from all K
modulation groups along the channel dimension, resulting
in a K ·D-dimensional feature vector per patch. This vec-
tor is then projected to the LLM’s expected hidden size Dllm
using a two-layer MLP. We compare this design against an
alternative “Add & MLP” strategy, where the modulated
outputs of all K groups are first element-wise summed, re-



Table 1. Performance of LFM on general visual question answering and math-related benchmarks when integrated with State-of-The-Art
LVLMs.

Model Name Model Size MMEsum MMBEN / CN MMBv1.1EN MMVetturbo MME-RWEN MMStar MathVista

LLaVA-OneVision [9] 0.5B 1438.0 61.6 / 55.5 59.6 32.2 – 37.7 34.8

InternVL2 [35] 1B 1794.4 65.4 / 60.7 61.6 32.7 40.2 45.7

InternVL2.5 [4] 1B 1950.5 70.7 / 66.3 68.4 48.8 44.2 50.1 47.1

LFM (w/ InternVL2.5) 1B 2015.1 73.1 / 68.3 71.1 52.3 47.3 54.5 48.7

Qwen2-VL [16] 2B 1872.0 74.9 / 73.5 72.2 49.5 – 48.0 43.0

InternVL2 [5] 2B 1876.8 73.2 / 70.9 70.2 39.5 47.3 50.1 46.3

InternVL2.5 [4] 2B 2138.2 74.7 / 71.9 72.2 60.8 48.8 53.7 51.1

Qwen2.5-VL [3] 3B 2157.0 79.1 / 78.1 77.4 61.8 53.1 55.9 61.2

LFM (w/ InternVL2.5) 2B 2165.6 76.3 / 73.5 74.1 61.8 50.3 55.4 52.7

LFM (w/ Qwen2.5-VL) 3B 2188.5 81.4 / 80.7 79.5 62.7 54.9 58.3 62.9

Phi-3.5-Vision [1] 4B – 76.0 / 66.1 72.1 43.2 – 47.5 43.9

InternVL2 [5] 4B 2059.8 78.6 / 73.9 75.8 51.0 52.1 54.3 58.6

InternVL2.5 [4] 4B 2337.5 81.1 / 79.3 79.3 60.6 55.3 58.3 60.5

LFM (w/ InternVL2.5) 4B 2359.7 83.2 / 81.6 81.8 63.5 57.8 60.4 62.5

Qwen2-VL [16] 7B 2326.8 83.0 / 80.5 80.7 62.0 56.5 60.7 58.2

MiniCPM-V2.6 [21] 7B 2348.4 81.5 / 79.3 78.0 60.4 - 59.6 60.6

InternVL2 [5] 8B 2210.3 81.7 / 81.2 81.2 52.3 53.5 57.6 58.3

InternVL2.5 [4] 8B 2344.1 84.6 / 82.6 83.2 62.8 59.1 60.2 64.4

Qwen2.5-VL [3] 7B 2347.0 83.5 / 83.4 82.6 67.1 68.5 63.9 68.2

LFM (w/ InternVL2.5) 8B 2376.6 85.9 / 84.1 85.0 64.3 63.1 62.7 66.1

LFM (w/ Qwen2.5-VL) 7B 2385.3 85.0 / 84.7 84.2 69.8 70.4 66.1 69.8

Figure 1. Performance under different coefficients β.

sulting in a D-dimensional feature vector per patch. The
resulting feature is then passed through a smaller MLP to
map from D to Dllm.

As shown in Table 4, both approaches are effective in
enhancing language-aligned visual understanding. How-
ever, “Concat & MLP” consistently outperforms “Add &
MLP” across benchmarks, owing to its capacity to preserve
group-specific modulation information. In contrast, “Add

& MLP” introduces less computational overhead due to the
reduced dimensionality of the projection input, offering a
lightweight and viable alternative when efficiency is a con-
cern.



Table 2. Performance on OCR, chart, and document understanding benchmarks.

Model Name Model Size ChartQA TextVQA DocVQA InfoVQA SEED-2-Plus CharXivRQ / DQ

Qwen2-VL [16] 2B 73.5 79.7 90.1 65.5 62.4 –
Aquila-VL [8] 2B 76.5 76.4 85.0 58.3 63.0 –
InternVL2 [6] 2B 76.2 73.4 86.9 58.9 60.0 21.0 / 40.6
InternVL2.5 [4] 2B 79.2 74.3 88.7 60.9 60.9 21.3 / 49.7
LFM (w/ InternVL2.5) 2B 80.7 76.4 89.5 63.7 64.1 24.5 / 50.8

Phi-3.5-Vision [1] 4B 81.8 82.0 69.3 36.6 62.2 –
InternVL2 [5] 4B 81.5 80.4 89.2 67.0 63.9 24.5 / 48.0
InternVL2.5 [4] 4B 84.0 76.8 91.6 72.1 66.9 24.9 / 61.7
Qwen2.5-VL [3] 3B 84.0 79.3 93.9 77.1 67.7 31.3 / 58.6
LFM (w/ InternVL2.5) 4B 86.1 78.5 93.1 74.7 69.3 27.2 / 64.2
LFM (w/ Qwen2.5-VL) 3B 85.8 81.2 95.4 79.6 69.8 33.7 / 61.3

Ovis1.6-Gemma2 [14] 9B – – – – – –
MiniCPM-V2.6 [21] 6B 82.4 80.1 90.8 – 65.7 31.0 / 57.1
Molmo-7B-D [7] 7B 84.1 81.7 92.2 72.6 – –
Qwen2-VL [16] 7B 83.4 81.9 94.4 75.6 69.0 –
InternVL2 [5] 8B 83.3 77.4 91.6 74.8 67.5 31.2 / 56.1
InternVL2.5 [4] 8B 84.8 79.1 93.0 77.6 69.7 32.9 / 68.6
Qwen2.5-VL [3] 7B 87.3 84.9 95.7 82.6 70.4 42.5 / 73.9
LFM (w/ InternVL2.5) 8B 85.9 81.4 94.8 79.6 70.3 35.4 / 70.5
LFM (w/ Qwen2.5-VL) 7B 89.2 87.0 96.1 83.5 72.9 44.7 / 75.8

Table 3. Performance comparison across various methods on multiple QA and benchmark tasks.

Method
LLM GPT-3.5 Train MSVD-QA MSRVTT-QA ActivityNet-QA Video-ChatGPT Benchmark
Size Version Free Acc Score Acc Score Acc Score CI DO CU TU CO

FrozenBiLM [19] 0.9B MAR ✗ 33.8 – 16.7 – 25.9 – 1.96 2.18 2.16 1.82 1.79
Video-LLAMA [22] 7B MAR ✗ 51.6 2.5 29.6 1.8 12.4 1.1 2.03 2.32 2.30 1.98 2.15
LLAMA-Adapter [23] 7B MAR ✗ – – – – – – – – – – –
VideoChat [10] 7B MAR ✗ 56.3 2.8 45.0 2.5 26.5 2.2 2.23 2.50 2.53 1.94 2.24
Video-ChatGPT [15] 7B MAR ✗ 64.9 3.3 49.3 2.8 35.2 2.7 2.50 2.57 2.69 2.16 2.20
VaQuitA [17] 7B MAR ✗ 74.6 3.7 68.6 3.3 48.8 3.3 – – – – –
LLAVA+FreeVA [18] 7B MAR ✓ 81.5 4.0 72.9 3.5 58.3 3.5 2.88 2.52 3.25 2.32 3.07
BT-Adapter [13] 7B JUN ✗ 67.5 3.7 57.0 3.2 45.7 3.2 2.68 2.69 3.27 2.34 2.46
Video-LLAMA [12] 7B JUN ✗ 70.7 3.9 59.2 3.5 45.3 3.3 – – – – –
LLAMA-VID [11] 13B JUN ✗ 70.0 3.7 58.9 3.3 47.5 3.3 3.07 3.05 3.60 2.58 2.63
LLAVA+FreeVA [18] 13B JUN ✓ 71.8 3.8 59.2 3.5 54.5 3.5 2.90 2.52 3.26 2.32 3.07
LLAVA+FreeVA [18] 13B JAN ✓ 74.4 4.1 61.1 3.6 51.6 3.5 2.88 2.52 3.25 2.34 3.05
DC+FreeVA [20] 7B JAN ✓ 75.0 4.1 58.4 3.5 52.2 3.5 2.80 2.51 3.17 2.22 3.05
DC+FreeVA [20] 13B JAN ✓ 75.1 4.1 60.8 3.5 52.6 3.5 2.85 2.53 3.23 2.29 2.96
DC+FreeVA [20] 34B JAN ✓ 77.4 4.2 62.1 3.6 55.8 3.6 3.00 2.53 3.25 2.65 2.92

LFM+FreeVA 7B JAN ✓ 77.3 4.2 60.9 3.5 53.7 3.5 2.85 2.53 3.19 2.31 2.97
LFM+FreeVA 13B JAN ✓ 77.6 4.2 61.6 3.5 54.7 3.6 2.97 2.55 3.44 2.45 3.02
LFM+FreeVA 34B JAN ✓ 79.4 4.4 63.5 3.6 58.1 3.6 3.01 2.57 3.51 2.73 3.04



Figure 2. Performance under different coefficients αk.

Table 4. Performance of LFM on general visual question answering and math-related benchmarks with different MLP design integrations.

Model MLP Design MMEsum MMBEN / CN MMBv1.1EN MMVetturbo MME-RWEN MMStar MathVista

InternVL2.5-8B [4] / 2344.1 84.6 / 82.6 83.2 62.8 59.1 60.2 64.4

LFM (w/ InternVL2.5) Add & MLP 2368.3 85.3 / 83.5 84.7 64.0 61.5 61.9 65.5

LFM (w/ InternVL2.5) Concat & MLP 2376.6 85.9 / 84.1 85.0 64.3 63.1 62.7 66.1

Qwen2.5-VL-7B [3] / 2347.0 83.5 / 83.4 82.6 67.1 68.5 63.9 68.2

LFM (w/ Qwen2.5-VL) Add & MLP 2370.6 84.3 / 83.8 83.7 69.0 69.8 65.3 69.1

LFM (w/ Qwen2.5-VL) Concat & MLP 2385.3 85.0 / 84.7 84.2 69.8 70.4 66.1 69.8

3. More Qualitative Results

Figures 3, 4, 5, 6 and 7 present image-text multimodal di-
alogues covering a broader range of scenarios. The results
demonstrate that LFM excels in multimodal understanding,
showcasing strong capabilities in both visual comprehen-
sion and text generation. Qualitative evaluations highlight
the model’s proficiency in addressing diverse challenges
across various domains, including mathematics, charts, and
everyday scenes.

Figure 8 extends these findings to video-text multimodal
dialogues, where the model, trained on image-text data and
enhanced with the FreeVA [18], achieves effective video un-

derstanding and demonstrates robust vision-language align-
ment in dynamic temporal scenarios.

4. Limitation and Broader Impacts

LFM demonstrates strong generalization across vision-
language tasks and scales effectively across diverse model
sizes and backbones, yet certain limitations warrant consid-
eration. Although the frequency-domain modulation avoids
introducing additional trainable parameters within the core
mechanism, its reliance on pretrained encoders implies that
the overall performance remains bounded by the representa-
tional capacity of the underlying vision-language backbone.



By introducing a lightweight mechanism for vision-
language alignment, LFM enhances the controllability of
LVLMs. The frequency-domain perspective enriches our
understanding of modality interaction and offers a novel
angle for optimizing multimodal representations. Looking
ahead, frequency-domain techniques may offer a promising
direction for further exploration in optimizing multimodal
representations, potentially inspiring future research in this
area.



Figure 3. Qualitative results of the daily scenes understanding.



Figure 4. Qualitative results of OCR.



Figure 5. Qualitative results of the math solving.



Figure 6. Qualitative results of the bar chart understanding.



Figure 7. Qualitative results of the bar chart understanding.



Figure 8. Qualitative results of the video understanding.
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