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Method Retention ratio  Token  Total Time] Al ‘ Scan2Cap [I] CV-Bench [3] BLINK [2]
Baseline - 1623 9.75s - 52.6 82.1 68.4
randomzip 8.40s 1.16x 49.7 71.3 59.9
Visionzip-3D 7.33s 1.33x 50.4 75.3 62.2
Visionzip-2D 30% 264 9.46s 1.03x 50.2 79.5 65.9
Merge3D* 9.52s 1.02x 50.6 79.6 67.5
randomzip 6.99s 1.39x 45.7 69.5 56.3
Visionzip-3D 10% 261 7.14s 1.36% 46.5 68.7 56.6
Visionzip-2D 7.00s 1.39% 46.0 74.1 62.9
Merge3D* 7.03s 1.38x% 48.2 71.5 64.1
randomzip 5.77s 1.69x 43.2 65.1 56.0
Visionzip-3D 59 136 5.72s 1.70x 444 63.6 56.3
Visionzip-2D 5.80s 1.68% 425 68.9 58.0
Merge3D* 5.85s 1.67x 453 74.8 60.5

Table 1. Comparison of methods based on token count, total inference time, and speedup factor and accuracy on different benchmarks (3D
grounding-Scan2Cap [1]; Spatial reasoning: CV-bench [3] and BLINK [2]).

1. Quantitative comparison of effieciency and accuracy

To provide a more comprehensive picture of the trade-off between efficiency and accuracy, we first average the scores of
different metrics over all three benchmarks (Scan2Cap, CV-Bench and BLINK) under each retention ratio. Across all settings
(30%, 10% and 5%), our Merge3D consistently achieves the best performance among all token-compression baselines,
showing that jointly leveraging 2D semantics and 3D geometry leads to a strictly better accuracy—compression trade-off. We
further compare the efficiency of different methods in terms of token count and wall-clock inference time, as summarized
in Tab. 1. While Merge3D generally exhibits comparable or better efficiency than other compression baselines at the same
retention ratio, the relative speedup over the non-compressed baseline is smaller here than in Tab.5 of the main paper. This
is because Tab.5 uses vanilla attention in the backbone, under which Merge3D can reach up to 2.5x speedup, whereas
Tab. 1 adopts FlashAttention for the baseline and we need to additionally materialize full attention maps for token merging,
introducing extra overhead. As a result, the gain at higher retention ratios (e.g., 30%) is modest (1.02x), but under more
aggressive compression (5% retention) Merge3D still achieves a 1.66x speedup while maintaining state-of-the-art accuracy
across all datasets.

2. Baselines for Token Merging

In our experiments, we compare Merge3D against three token-merging baselines adapted from VisionZip [4] to the dual-
encoder 3D VLM setting: VisionZip-2D, VisionZip-3D, and RandomZip. These baselines are designed to disentangle the
roles of 2D semantic cues and 3D geometric cues in token selection and merging. All methods operate on the same backbone
and share the initial feature extraction and fusion steps: given multi-view frames, we obtain attention maps, attention keys,
and per-token features from the 2D semantic encoder and the 3D geometry encoder, and then compute the fused features by
element-wise addition. For a fair comparison, all baselines and Merge3D keep the same number of tokens K = r x N for a



attn_2d, attn_key_2d, features_2d = run_2d_encoder (frames)
attn_3d, attn_key_3d, features_3d, spatial_sim _map = run_3d_encoder (frames)
features_fused = features_2d + features_3d

attn_scores_2d = attn_2d.mean (dim=[queries, heads])

target_idx = topk (attn_scores_2d, K)

merges_mask = “in(target_idx)

merges_attn_key = attn_key_2d[merges_mask]
norm_merges_key = normalize (merges_attn_key)
merges_features = features_fused[merges_mask]

targets_key = attn_key_2d[target_idx]
norm_targets_key = normalize (targets_key)

targets_fused = features_fused[target_idx]

sem_sim = dot (norm_merges_key, norm_targets_key.T)

merges_idx = nonzero (merges_mask)

spatial_weight = spatial_sim _map[merges_idx[:, None], target_idx[None, :]]
norm_spatial_weight = (spatial_weight - min(spatial_weight)) / (max(spatial_weight

) — min(spatial_weight) + epsilon)

hybrid_sim = sem_sim » norm_spatial_weight

assign_idx = argmax (hybrid_sim, dim=targets_key)

avg_merged = group_avg (merges_fused, assign_idx)

context_tokens = targets_fused + avg_merged

Figure 1. Pseudo for Merge3D.

given retention ratio r, where N is the number of input tokens. The differences lie in how dominant/target tokens are chosen
and how the remaining contextual tokens are merged. Below we describe each baseline and then summarize our Merge3D
design.

Merge3D. integrates both 2D semantic guidance and 3D geometric guidance in a unified token-merging strategy tailored
for dual-encoder 3D VLMs. As illustrated in Fig. 1, we first compute 2D attention scores by averaging the 2D attention
map across queries and heads, and select the top-K tokens as targets (i.e., the tokens to be retained after compression). All
remaining tokens are treated as merge tokens. For similarity computation, we use two complementary signals: (i) semantic
similarity obtained from the cosine similarity between ¢2-normalized 2D attention keys of merge and target tokens, and (ii)
geometric affinity derived from a 3D spatial similarity map produced by the VGGT encoder. We then form a hybrid similarity
by element-wise multiplication of the semantic similarity and the normalized spatial affinity, so that only tokens that are both
semantically related and spatially close are strongly linked. Each merge token is assigned to the target with the highest
hybrid similarity, and we compute the average fused feature of the merges assigned to each target. The final contextual token
for each target is obtained by adding this averaged merge feature to the target’s fused feature. The set of updated targets
constitutes the compressed visual token sequence. Compared to the VisionZip-based baselines, Merge3D uses 2D attention
only to decide where to focus while explicitly constraining merging with 3D geometry, leading to better preservation of both



semantic details and 3D spatial structure under the same token budget.

VisionZip-2D is a semantic-only variant that uses information from the 2D visual encoder (e.g., CLIP or SigLIP) for both
dominant token selection and contextual token merging. We first compute token-wise attention scores by averaging the 2D
attention map over query positions and heads, and select the top- K tokens with the highest scores as dominant tokens. The
remaining tokens are candidates for contextual merging. From these remaining tokens, we uniformly sample a subset of M
targets using strided sampling to ensure an even spatial and semantic coverage. Their 2D attention keys are ¢5-normalized
and used to compute cosine similarities with the normalized keys of the other remaining tokens (merges). Each merge token
is assigned to the most similar target based on 2D key similarity. Aggregation is then performed in the fused feature space:
for each target, we average the fused features of its assigned merges and add this average to the target’s fused feature. Finally,
we keep only the dominant tokens and the updated targets as the compressed token set, and update the corresponding masks
and positions before feeding them into the LLM.

VisionZip-3D is a geometry-only variant that mirrors VisionZip-2D but uses information from the 3D geometry encoder
(e.g., VGGT) instead. Concretely, we compute token-wise attention scores from the 3D attention map, again by averaging
over queries and heads, and select the top- K tokens as dominant tokens, favoring tokens that are spatially important according
to the 3D encoder. Among the remaining tokens, we perform the same strided sampling to choose M targets, and use their
¢5-normalized 3D attention keys to compute cosine similarities with the keys of the remaining merge tokens. Assignment of
merges to targets is based on this 3D-key similarity, while aggregation is still carried out on the fused features to retain both
semantic and geometric information. By relying solely on 3D attention and keys for selection and grouping, this baseline
isolates the effect of geometry-driven compression, which tends to preserve spatial coherence but can be suboptimal on
benchmarks that require fine-grained semantics.

RandomZip serves as a naive control baseline in which selection is largely random. We first randomly sample K dominant
token indices from all fused tokens, without using any encoder-specific scores. From the remaining tokens, we randomly
sample M targets, and treat the others as merge tokens. To keep the merging stage comparable to VisionZip-2D, we follow
its similarity-based assignment scheme: we use the /5-normalized 2D attention keys of remaining tokens to compute cosine
similarities between merges and targets, assign each merge to its most similar target, and then average the fused features of
assigned merges for each target. The aggregated features are added to the targets’ fused features, and we keep the dominant
tokens together with the updated targets as the final compressed token set. This baseline isolates the effect of informed token
selection; because both dominant and target tokens are chosen randomly, it typically yields the lowest performance among
all methods.
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