Switch-KD: Visual-Switch Knowledge Distillation for Vision-Language Models

Supplementary Material

Supplementary Overview

This supplementary material provides an overview of the
content in each appendix section:

* Section A: Extended Background and Related Work.

* Section B: Additional Implement Details.

¢ Section C: Comparison with SOTA Distilled VLMs

* Section D: More Ablation and Explanatory Analysis.

¢ Section E: Detailed Results.

A. Extended Background and Related Work

We present a more comprehensive review of related work,
expanding upon the brief discussion and focusing on ad-
vances in large and lightweight vision—language models.

Large Vision-Language Models: Recent advances in large
vision-language models (VLMs) have led to significant
progress in visual-language understanding. Early methods,
such as CLIP [19], typically relied on contrastive learn-
ing over roughly 400 million image—text pairs to establish
alignment between visual and textual modalities. Subse-
quently, models such as BLIP-2 [10] adopted a paradigm of
integrating a frozen pretrained vision encoder with a large
language model (LLM), and introduced a lightweight Q-
Former bridging module to enable multimodal understand-
ing and generation. More recently, research [1, 13, 22] has
largely adopted the architecture of ViT-Projector—-LLM,
and applied instruction tuning to enable multimodal dia-
logue and reasoning capabilities. Regarding the perfor-
mance improvements of large VLMs, numerous studies
[9, 17, 18] show that their gains roughly follow the scal-
ing law observed in language models. As model size, train-
ing data, and compute increase, performance typically im-
proves. Nevertheless, in resource-constrained or real-time
deployment scenarios, these large VLMs face serious bot-
tlenecks in terms of compute resource requirements, storage
footprint, and inference latency, making lightweight alter-
natives particularly necessary.

Lightweight Vision-Language Models: Recently, re-
searchers [3, 11, 12, 23] have proposed a series of
lightweight vision-language model frameworks from three
perspectives: architecture design, data quality, and train-
ing strategy. TinyLLaVA [23] introduces compact LLM
backbones and efficient fine-tuning strategies, achieving
performance comparable to 7B-scale models within only
1B-3B parameters. Mini-Gemini [11] adopts a dual-visual-
encoder design and a patch information mining mecha-
nism to effectively integrate fine-grained details from high-
resolution images while maintaining low computational

cost. SPHINX-X [12] further streamlines the visual en-
coder design, incorporates skip tokens for architectural effi-
ciency, and adopts a unified one-stage training scheme that
facilitates more efficient deployment. MobileVLM V2 [3]
employs the lightweight LDPv2 projector, a high-quality
3.6M dataset, and a full-LLM pre-training strategy, achiev-
ing higher benchmark accuracy and the fastest inference
speed among similarly scaled models on mobile devices.

B. Additional Implement Details

Training Phase | Task Datasets (# Size)
PT ‘ Caption LCS (558K)
VQAV2 (83K)
GQA (72K)
VQA OKVQA (9K)
A-OKVQA (50K)
SFT /DFT OCR OCRVQA (80K)
TextCaps (22K)
Region RefCOCO (30K)
& VG (86K)
Conversation LLaVA (158K)
ShareGPT (40K)
Total 1.2M

Table 1. Dataset composition for each training phase.

Training datasets. Table | summarizes the dataset com-
position across different training phases. The pretraining
dataset LCS-558K consists of 558k image—text pairs from
LAION-CC-SBU, annotated with BLIP captions. The 665k
instruction-following dataset includes a diverse collection
of tasks: VQA [5, 6, 15, 20], OCR [16, 21], region-level
VQA [7, 8, 14], visual conversation [13], and general lan-
guage conversation data.

Training Hyperparameters. We adopt a similar set of hy-
perparameters to those used in LLaVA-KD. The configura-
tions for the first-stage vision—language alignment pretrain-
ing and the second-stage distillation-based instruction tun-
ing are summarized in Table 2.

Pseudocode for the Proposed Method. For clarity and re-
producibility, we present pseudo-code illustrating the im-
plementation of our Visual-Switch Distillation framework
and its core DBILD Loss in Algorithm | and Algorithm 2,
respectively. The first algorithm outlines the overall visual-
switch distillation process, while the second specifies the



Hyperparameter PT DFT

Visual Encoder X v
Projector v v
LLM X v
Image Resolution 384x384
Learning Rate le-3 2e-5
Optimizer AdamW
Scheduler Cosine decay
Warm up ratio 0.03
Global Batch Size 256 128
Epoch 1
DeepSpeed stage ~ Zero 2 Zero 2

Table 2. Hyperparameters of Switch-KD.

dynamic bidirectional logits alignment procedure.

Algorithm 1 Visual-Switch Distillation

Input: image x,, prompt x;, ground-truth y,; teacher
modules (VT PT LT); student modules (V< PS, L?);
temperature 7; loss weights A1, As.

Output: total training loss L.

: // Standard Alignment Pathway

. compute teacher logits z7 = LT (PT (VT (x,)),x;)
. compute student logits z° = L%(P5(V5(x,)), x;)
. Latign = Lopirp (27, 2%)

: // Visual-Switch Pathway

: compute visual-switch logits

ZSwitch, — LT (PT(VS (XU)), Xt)
T’ ZSwitch)

AN RN =

~

: Lysp = LDBiLD(Z

8: // Language modeling objective

9: compute student next-token distribution
p° = softmax(z®/7)

10: Log ==Y, logp®(y¢ | %0, y<t)

11: // Final objective

12: £ = Lcg + M Lalign + A2Lysp

13: return £

C. Comparison with SOTA Distilled VLMs

LLaVA-KD [2] represents a state-of-the-art approach for
VLM distillation, achieving knowledge transfer via ex-
plicit alignment of visual logits, language logits, and self-
correlation matrices of LLM-generated visual tokens. We
evaluate our method on the same benchmarks and training
data as LLaVA-KD to ensure a fair comparison. Switch-KD
achieves notable performance improvements at equivalent
model scales, with average gains of 1.1 and 0.4 points for
0.5B and 1.5B student models, respectively. To further clar-
ify the similarities and distinctions between the two meth-
ods, we summarize them below:

Algorithm 2 Calculation of DBiLD Loss

Input: teacher logits z’, student logits z°.
Output: the DBIiLD loss Lpgirp.

: // Teacher-guided Loss

: compute the transition point k¢ on sorted z*

. select top-k* teacher logits z},_,

: select corresponding student logits z;,.

: build pairwise differences df,; and d,,

: normalize differences to probabilities p},, and p$,,.
L= DRKL[p;ed || onr]

. // Student-guided Loss

: compute the transition point k° on sorted z°

. select top-k*® student logits zj_;

. select corresponding teacher logits z? .

: build pairwise differences d., and d,,
: normalize differences to probabilities pj,, and p’,,
: Ls = DrrL[Peor | Pied]

: // Final objective

: Lpgip = L+ + Ls

: return EDBiLD
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* Architecture Design. Similar to LLaVA-KD, Switch-
KD maintains a simple yet effective architecture for the
student VLM without introducing additional complexity
or specialized modules.

* Training Scheme. LLaVA-KD adopts a three-stage
training framework comprising (1) Distilled Pre-Training
(DPT) for visual-textual alignment,(2) Supervised Fine-
Tuning (SFT) for task-specific knowledge acquisition,
and (3) Distilled Fine-Tuning (DFT) for teacher—student
knowledge transfer. In contrast, our framework uses
only standard Pre-Training (PT) followed by DFT with
a visual-switch distillation design, effectively achiev-
ing both efficient knowledge acquisition and knowl-
edge transfer, without introducing any additional training
stages.

* Distillation Strategy. LLaVA-KD employs dedicated
knowledge distillation strategies (MDist/RDist) across
both DPT and DFT stages. In contrast, Switch-KD in-
troduces a dynamically attentive distillation mechanism
through the proposed DBILD loss during the DFT stage,
enabling adaptive alignment of informative logits be-
tween teacher and student.

Align-KD [4] is another recent advance in multimodal dis-
tillation, achieving knowledge transfer via explicit align-
ment of cross-modal attention, visual tokens, and language
logits. We evaluate our approach on the same benchmarks
as Align-KD, and despite using only about one-third of the
training data (3M vs. 1.2M samples) and a lighter language
backbone (1.7B vs. 1.5B parameters), Switch-KD achieves
an average performance gain of 4.4 points. To further high-
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Figure 1. Visualization of attention maps for different distillation strategies.

light the similarities and differences between Align-KD and
our approach, we summarize three key aspects below:

¢ Architecture Design. Both methods adopt similar vi-
sion—language model architectures, while our approach
employs a lighter LLM backbone, reducing computa-
tional cost without sacrificing performance.

* Training Scheme. Both frameworks utilize a two-stage
training paradigm in which distillation is introduced dur-
ing the multi-task fine-tuning phase.

« Distillation Strategy. Align-KD distills knowledge from
the text-query—vision part of the first attention layer and
selectively, although unevenly, enhances vision tokens
based on the attention focus of text tokens. In contrast,
our method performs unified and adaptive multimodal

alignment across the entire output distribution via the pro-
posed DBILD loss.

D. More Ablation and Explanatory Analysis
D.1. More Visualization of Attention Maps

Fig. 1 presents additional qualitative comparisons of vi-
sual attention across five representative image pairs. The
teacher model consistently focuses on semantically critical
regions that closely correspond to the textual queries. The
SFT baseline produces diffuse and unstable attention, of-
ten failing to localize salient regions or spreading attention
across large background areas, indicating insufficient visual
grounding. LLaVA-KD mainly focuses on key semantic re-
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Cognition & Reasoning

OCR  Specific Halluc.

VE10

MME MMB MMB®N VQAv2 GQA SciQA MMMU TextVQA VizWiz

POPE

PT+SFT (V) 61.5 58.9 54.2 74.8
PT+SFT (V1) 62.0 55.2 51.3 75.7
Switch-KD 66.8 63.5 57.8 79.6

61.6

59.1 33.6 49.2 28.9 86.1 56.5
57.9 29.7 44.7 41.3 84.6  56.0
57.9 29.8 52.3 44.9 87.3 60.1

Table 3. Ablation study on direct visual encoder substitution. PT+SFT (V°) denotes standard pre-training (PT) and supervised fine-
tuning (SFT) with the original visual encoder V. PT+SFT (V1) denotes the same PT+SFT pipeline but with the teacher visual encoder
VT replacing V. Switch-KD denotes pre-training followed by distilled fine-tuning (DFT) with the proposed visual-switch distillation.
Simply substituting V7 does not outperform the baseline, whereas Switch-KD consistently achieves superior performance.

Percep. & Underst.

Cognition & Reasoning

OCR  Specific Halluc.

Training Scheme vg10
MME MMB MMB®™ VQAv2 GQA SciQA MMMU TextVQA VizWiz POPE

PT-SFT 61.5 589 54.2 748 583 591 33.6 49.2 28.9 86.1 56.5

DPT-SFT 656 574 53.2 76.5 586 584 32.2 50.2 354 86.8 57.4

PT-DFT 63.1 60.8 57.3 778 59.7 58.1 31.7 51.0 41.5 87.0 58.8

DPT-DFT 63.6 60.5 57.4 772 596 582 32.0 511 414 86.4 58.7

Table 4. Ablation study on different training schemes.

gions, but still exhibits noisy patches and inconsistent lo-
calization across images. Align-KD tends to focus on back-
ground regions rather than key objects, resulting in overly
diffuse attention. Across all examples, Our Switch-KD
maintains stable object-centric focus and effectively recon-
structs the teacher’s fine-grained attention pattern, demon-
strating that its visual-switch architecture and dynamic logit
selection effectively guides the student to learn more faith-
ful and interpretable visual representations.

D.2. Further Validation of the Visual-Switch Hy-
pothesis

We formulated the core hypothesis that if the student visual
encoder V*° learns meaningful representations, its visual
features should be correctly interpreted and decoded by the
teacher’s language pathway, yielding a probability distribu-
tion consistent with the teacher’s original output. A natural
follow-up question is whether the performance could be im-
proved simply by replacing the student visual encoder with
the teacher’s visual encoder, thereby starting PT and SFT
with higher-quality visual representations. To investigate
this, we conduct an experiment where the student model is
initialized with the teacher’s visual encoder and trained un-
der the standard PT+SFT paradigm. Surprisingly, as shown
in Table 3, this direct substitution not only fails to surpass
the baseline performance, but in some cases even performs
worse—despite the teacher encoder providing substantially
stronger visual representations. This indicates that simply
transplanting a high-capacity encoder does not guarantee

effective knowledge transfer, likely due to representational
mismatches between the teacher’s visual features and the
student’s language pathway, as well as the absence of ex-
plicit alignment signals during PT and SFT. In contrast, our
proposed Switch-KD consistently yields notable improve-
ments. These results suggest that Switch-KD achieves a
well-balanced integration: effectively learning the teacher’s
visual knowledge while aligning it with the student’s lan-
guage backbone through unified text-probability supervi-
sion.

E. Detailed Results

E.1. Ablation Study on Training Schemes

Table 4 shows more detailed results of the ablation study
on different training schemes, including PT-SFT, DPT-SFT,
PT-DFT and DPT-DFT. DFT-SFT notably improves the
student model’s performance on the MME and VizWiz
datasets, but the overall gain remains limited. PT-DFT
outperforms PT-SFT by 2.3 point, indicating that DFT
contributes more than SFT to downstream performance.
DPT-DFT achieves results largely comparable to PT-SFT
across all datasets, suggesting that the performance im-
provements mainly stem from DFT. Therefore, we adopt
the PT-DFT training scheme to ensure an efficient and ef-
fective training paradigm.



Percep. & Underst.

Cognition & Reasoning

OCR

Specific Halluc.

Teacher Student Avgyo
MME MMB MMB®™N VQAv2 GQA SciQA MMMU TextVQA VizWiz POPE
7B / 714 749 744 813 640 73.6 41.6 60.3 53.9 86.8  68.8
3B 739 718 69.5 804 632 76.0 40.3 61.5 38.7 86.4  66.2
/ 1.5B 725 686  63.0 78.8 620 72.0 37.0 57.4 43.2 855  64.0
7B 15B 722 714 685 814 639 693 34.9 60.3 44.4 86.8  65.3
3B 1.5B 726 722 683 80.6 622 70.0 33.9 59.1 42.5 869 648
/ 0.5B 615 589 542 74.8 583 59.1 33.6 49.2 28.9 86.1  56.5
7B 05B 66.1 61.6 569 79.7 621 58.1 31.2 52.6 42.6 870 598
3B 0.5B 668 635 578 79.6 616 579 29.8 52.3 44.9 87.3  60.1

Table 5. Ablation study on teacher models with different sizes.

E.2. Ablation study on Teacher’s Size

Table 5 shows more detailed results of the ablation study
that investigates the impact of different teacher sizes.
Across all teacher sizes, Switch-KD consistently improves
performance, indicating that it effectively transfers use-
ful knowledge while mitigating teacher—student mismatch.
For the 1.5B student, larger teachers lead to higher ac-
curacy: the 7B teacher achieves the best overall score of
65.3, outperforming both the 3B teacher the no-teacher
baseline. This shows that stronger teachers provide richer
supervisory signals, especially for reasoning-heavy tasks
such as VQAV2 and SciQA. For the 0.5B student, distill-
ing from a 3B or 7B teacher yields clear improvements
over the baseline, with the 3B teacher slightly outperform-
ing the 7B teacher. This suggests a capacity—compatibility
effect: extremely large teachers may produce representa-
tions too difficult for very small students to fully under-
stand.
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