HTTM: Head-wise Temporal Token Merging for Faster VGGT

Supplementary Material

A. RoPE’s Effect on the Similarity Pattern

In this section, we investigate the Rotary Position Embed-
ding (RoPE [23])’s effect on the strong periodic patterns
observed in Fig. 3. To show that the high similarity values
near the off-diagonals do emerge from the RoPE, in Fig. 11,
we visualize the similarity map of query tokens in the early
Frame Attention layers with non-overlapping input frames.
It can be observed that the input feature of the first Frame
Attention layer (DINO features) does not exhibit high tem-
poral values near off-diagonals (Fig. 11a), which align with
the non-overlapping input frames. However, after apply-
ing the frame-wise RoPE for the first time, high similarity
values near the off diagonals emerge as shown in Fig. 11b.
After that, it can be observed that, in each layer, the spatial
distinctiveness within frames is enhanced after applying the
frame-wise RoPE.

In Fig. 12, we visualize the similarity maps with tem-
porally continuous input frames. With these inputs, the
changes in similarity patterns before and after applying
ROPE are similar, but high similarity values near the off-
diagonals are more vivid.

B. Theoretical Proofs For Block-Wise Token
Merging

We provide proofs for the three statements made in Sec. 3.3.
For clarity, we omit the head index ¢ in this section. Let
the global source and destination token sets be S and D,
S ND = . The entries of the global similarity matrix
W e RISIXIPI s defined as:

WU = Sim(siadi); S; € S,dj eD

For a merging budget r, the merging rule selects the fop-r
source—destination pairs with the largest similarities. For
any selected set M of merging candidates, the merging
quality Q) is defined as the average similarity between
merged matches:

QM) _ > sim(s, d).

(s,d)yeM

In block-wise token merging, we partition the tokens into K
disjoint blocks {By, ..., Bk }. Assuming the same splitting
strategy, the source and destination token sets Sy, and Dy,

inside block k € {1,..., K} are:
S =8N By, Dy, =D N By,

After establishing the notations, we proceed to prove the
aforementioned statements.

1. Block similarity matrices are submatrices of the
global matrix

Prop. For every block By, its block-wise similarity matrix
W) is a submatrix of W.

Proof. For each By, the entries of its similarity matrix is
defined as:

Wi(,l;) = sim(s;, d;), 5; € Sy, dj € Dy.
Since Sy, € S, Dy C D, it follows that s; € S, d; € D.

Therefore, each entry sim(s;, d;) is also a entry in W.

2. Merging quality depends on how many high-
similarity pairs fall inside blocks

Prop. Let £ = & x D be all possible source—destination

pairs, and let
K

Eplk = U (Sk x Dy)
k=1
be the set of pairs permitted by block-wise merging. If more
large entries of W lie inside &y, then the block-wise merg-
ing quality increases.

Proof. As stated in Sec. 3.2, we pick the top-r best
matches with the highest similarity, which yields the global
optimal merging quality:

M* = arg max sim(s, d) = arg max QM)
st. (s,d)c M, MCE, |M|=r.
Block-wise merging is constrained to subsets of &y :
My, = arg m/glxsim(s, d)
st. (s,d) c M, MCEy, |M|=r

Since & C &, the feasible set of block-wise solutions is
smaller, hence

QM) < Q(M™).

Define Hy;; as the number of optimal merging candidates
included in M.

Hyp := [My, N M|

If Hyy, < r, then Q(M;;,.) is strictly smaller than QQ(M™).
By including more s, d pairs with high similarity in &y,
we can only increase Hpy;i. Therefore, block-wise merging

quality is monotone in the number of high-similarity entries
of W located inside the blocks.



0 2000 4000 6000 8000 10000

6000

8000 10000

Cosine Similarity

(a) Layer 0 before RoPE

o 2000

(b) Layer 0 after RoPE

4000 6000 8000 10000 0 2000 4000 6000 8000 10000

Cosine Similarity

(e) Layer 2 before RoPE (f) Layer 2 after RoPE

0 10
09
2000 08
08 06
4000
07 04
6000
06 02
8000
o5 00
10000
04 -02
10 0 10
08 2000 o8
06 4000 06
04
o4 6000
02
02 8000
00 00
10000

Cosine Similarity

Cosine Similarity

4000 6000 10000

8000

O 2000 4000 6000 8000 10000

o 10
09

2000 o8
08
07 06

4000
06 04
05 6000

02

04

8000 00
03
02 10000 -0.2

(d) Layer 1 after RoPE

8000 10000 0 2000 4000 6000 8000 10000

10 o 10
08 2000 08
% 4000
Y 06
6000
% o 04
8000
02 02
] 10000

(g) Layer 3 before RoPE (h) Layer 3 after RoOPE

Cosine Similarity
Cosine similarity

(c) Layer 1 before RoPE

4000

0 2000 6000

&

2
Cosine Similarity

Cosine Similarity

Figure 11. Query token similarity maps before and after RoPE in Frame Attention layers with non-overlapping input frames
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Figure 12. Query token similarity maps before and after RoPE in Frame Attention layers with temporally continuous input frames.

3. Larger blocks improve merging quality but re-
quire more computations

Prop. Fix a splitting strategy that forms blocks of size 1.
If the block size increases, then (i) the achievable merging
quality does not decrease, and (ii) the computational cost
grows approximately linearly in ny,.

Proof. (i) Larger blocks improve or maintain quality.
(1)

Let two block sizes n,’ < nl(f) be given. Under the
same splitting strategy, every small block is contained in a

unique larger block. Hence

g(l) c

2
blk = 511()112

Thus, the feasible merging sets under smaller blocks are a
subset of those under the larger blocks, so

max QM) < max Q(M).

meely) meel)
|IM|=r |IM|=r

Therefore, the optimal block-wise average similarity is non-
decreasing in nyp.



NRGBD (Stride 3) ScanNet (500 Frames) ScanNet (1000 Frames)
QRatio K/V Ratio | Acc.] Comp.| Timel | Acc.l Comp.] Time| | Acc.l Comp.] Time]
VGGT* [26] 1.00 1.00 0.010  0.009 135.1s | 0.011 0.011 177.5s | 0.028  0.022  724.6s
FastVGGT [21] 0.34 0.34 0.014  0.020 51.2s | 0.012  0.011 52.3s | 0.027  0.021 175.2s
VGGT*+HTTM 0.20 0.30 0.010  0.008 26.4s | 0.011 0.010 35.8s | 0.027 0.021 102.8s

Table 5. 3D reconstruction performance with longer sequence input. With longer sequence inputs, HTTM constantly shows similar
performance to the original VGGT with substantially shorter latency.

(ii) Cost increases linearly with block size.

Let ngk) = |Sk| and nff) = | Dy, with ngk) —|—ng€) = ny.
Computing similarities inside block k costs @(ngk)ngk)d)
operations, where d is the head dimension.

Assuming a fixed source/destination ratio:

ngk) = any nfik) =1-a)ny,
We have that
ngk)n((ik) =a(l - a)nf .

With K ~ N/ny, blocks, the total cost can be approximated
as

O(a(l —a)nd) ~ O (a(l - a)% n2d) = O(Nnyd),

NE

k=1

which grows linearly with block size n,.

Combining both parts, larger blocks always improve (or
maintain) merging quality but incur proportionally higher
computational costs.

B.1. Experiments on Longer Sequence

In this section, we show more experiments on longer se-
quences with NRGBD [1] and ScanNet [8] dataset in Ta-
ble 5.

Setup For the NRGBD dataset, we evaluate HTTM by
sampling keyframes every 3 frames. For the ScanNet
dataset, we randomly select 15 scenes with over 2000 input
frames and sample keyframes every 2 frames. The setup of
FastVGGT and our HTTM is the same as in Sec. 4.1.

Results As shown in Table 5, with longer sequence in-
puts, HTTM constantly shows similar performance to the
original VGGT with substantially shorter latency.

B.2. Error Mitigation

In this section, we discuss the error mitigation effect of to-
ken merging on VGGT reported by FastVGGT [21].

The original VGGT shows a large error in camera pose
estimation when the camera movement is high. For ex-
ample, in Fig. 13, we visualize the camera pose estima-
tion error on a big scene from ScanNet with large camera

movement, using 500 keyframes sampled every 10 frames.
Compared to FastVGGT (Fig. 13a), the original VGGT
(Fig. 13b) shows much higher error in camera pose es-
timation. HTTM shows a smaller error compared to the
original VGGT, but still higher than FastVGGT. Although
FastVGGT offers a discussion of the observed improve-
ment, the specific mechanism responsible for the enhanced
error mitigation ability remains insufficiently clarified.

In order to understand this higher error mitigation abil-
ity of FastVGGT, we further investigated it, and we found
that the error mitigation effect comes from the first-frame
anchoring design in FastVGGT. FastVGGT assigns all to-
kens in the first frame as dst tokens, referring to them as
“Reference Tokens” to preserve their strong representative-
ness. However, we find that the crucial factor is to reduce
tokens from subsequent frames that are highly similar to
those in the first frame. As shown in Fig. 13d,13e,13f, by
adding first frame anchoring and allowing more temporal
merging (so that more tokens from subsequent frames can
be merged to the first frame), HTTM achieves a similar er-
ror mitigation effect to FastVGGT. We speculate that tokens
from later frames can mislead the Global Attention module.
Because these tokens are highly similar to first-frame to-
kens, the model may incorrectly treat them as part of the
reference frame, weakening the coordinate anchor and am-
plifying drift. By explicitly designating all first-frame to-
kens as dst tokens and merging highly similar tokens from
subsequent frames into them, the ambiguity is suppressed
and the reference frame remains stable.

Note that in a large scene with long-sequence input, the
tokens from the first frames consist less than 1% of the
whole token set, so activating first-frame anchoring intro-
duces negligible overhead for HTTM.
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Figure 13. Comparison of camera pose estimation performance between FastVGGT, VGGT, HTTM without first frame anchoring, and
HTTM with first frame anchoring (denoted as HTTM™) across different numbers of temporal frames. Colors indicate the deviation from
the ground-truth camera trajectory.



C. Algorithm Pseudo Codes

In this section, we provide the pseudo code of some algo-
rithms in the hope of helping people who are interested in
reimplementing our work.

C.1. HTTM Accelerated Global Attention

Algorithm 1 HTTM: Global Attention with Temporal Re-
ordering and Blockwise Token Merging

Require: Input tokens X € RE*P | query cluster num-
ber k,, key cluster number kj, spatial block size B,
temporal block size By, query outlier quantile ~,, key
outlier quantile v

Ensure: Output tokens O € REXP

1: Compute multi-head projections Q, K,V €
from X

2: B« BB

3: Compute temporal reordering index —
TEMPORALREORDER(L, By, B;)

4. Q + REORDER(Q,7), K <+ REORDER(K, ),
V « REORDER(V,T)

5: Cy + BLOCKWISETOME(Q, B, k,)

6: C < BLOCKWISETOME(K, B, kz,)

7 Qum, Mq —

8

9

RHXLXE

BLOCKAGGREGATEQUANTILE(Q, Cq,B,kq,7q)
. K,, < BLOCKAGGREGATE(K , Cy, B, kz)
10: V;, + BLOCKAGGREGATE(V, Cy, B, kz)
11: Oy, < ATTENTION(Q.,, K, Vi)
12: O < UNMERGEBYCLUSTER(O,,, Cq, M,)

13: O[My] + ATTENTION(Q[M,], K., V;1,)
14: O < INVERSEREORDER(O, 1)
15: O < OuTPUTPROJ(O)

16: return O

C.2. Adaptive Outlier Filtering

Algorithm 2 BLOCKAGGREGATEQUANTILE: Blockwise
Token Aggregation with Quantile-based Outlier Filtering

Require: Tokens Q € RHXLXE cluster assignments
Cq € ZHXL plock size B, cluster number k, quan-
tile

Ensure: Aggregated tokens Q., outlier mask M €
{True, False}T*L

1: Partition Q and Cj, into H x [L/B] blocks

2: Initialize centroid tensor Q., error tensor € € RF*L,
and outlier mask M < False

3: for each block i do

4  Compute cluster centroids QY from Q) using
c)

5 for each token j in block ¢ do

6: c« )

7: if ¢ > 0 then ,

8 e[j] < 1QV[j] - Q" (el

9: else

10: e@[j] <0

11: end if

12: end for

13: end for

14: T < QUANTILE(g, )
15: for each block i do

16: Mark tokens with €[] > 7 as outliers: Ct(li) [1] «
—1, MW[j] < True

17: Recompute only the centroids of clusters affected
by outlier removal

18: Append final centroids and retained outliers of
block i to Q.

19: end for

20: return Q., M
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