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PROBLEM SETTING METHOD

RESULTS

Overview

Contributions

Medical 3D visual question answering needs full-volume reasoning, but 
naive volumetric modeling is too expensive for modern MLLMs.

Slice-based pipelines break volumetric continuity and inject frame-selection bias.

Fixed-length or fixed-ratio compression removes subtle pathology.

The token budget should adapt to instruction relevance instead of staying fixed 
across all cases.

Direct 3D volume modeling without slice sampling or fixed token compression.

Instruction-conditioned Token Scheduling (ITS) predicts sample-specific retention.

Surrogate Gradient Propagation (SGP) makes discrete token dropping trainable.

Training and inference are both accelerated while preserving clinical grounding.

Figure 1. Photon is a 3D-native MLLM framework with variable-length visual tokens scheduling and 
improves both efficiency and performance.

Photon first aligns 3D patch embedding layer with Qwen2.5-VL using 
volume-caption pairs, then fine-tunes the full model with adaptive token 
scheduling on specific QA tasks. The same learned pruning logic is used 
during both training and inference.

Figure 2. Phase 1 aligns visual embeddings; Phase 2 learns token reduction thresholds end to end.

Qualitative Results

Figure 3. Question-dependent retained regions align with clinical targets such as pleural 
effusion, kidney cysts, pancreas, and lung opacity.

How ITS and SGP Work

Read
Use the instructions to 
determine which instruction 
tokens are central.

Score
Calculate which visual 
tokens are relevant to 
those instruction tokens.

Prune
Predict a case-specific 
threshold and drop low-
value visual tokens.

Learn
Send surrogate gradients 
back so the pruning rule 
improves during training.

ITS decides what to keep for this question; SGP makes that hard selection trainable instead of inference-only.

ITS Saliency

Instruction-aware token importance.

Retention Rule

Probability first, then hard pruning.

Surrogate Gradient

SGP reinforces useful tokens while 
keeping gradients from saturating.

Predicted by network

In Phase 2, ITS and SGP jointly perform learnable visual token pruning.

We evaluate our method on 3D-RAD and DeeptumorVQA (in our paper).

Table 1. Comparison with other MLLMs on 3D-RAD 

Table 2. Compare with other token pruning methods on 3D-RAD

Table 3. Efficient Comparison. (Train spd.=sample/s, Infer Spd.=tok/s, Average Performance).
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