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Abstract

Interactive segmentation (IS) improves annotation effi-
ciency by segmenting target regions from user prompts,
with widespread applications in real-world scenarios. Cur-
rent approaches face a critical trade-off: dense-token meth-
ods achieve superior accuracy and detail preservation but
suffer from prohibitively slow processing on CPU devices,
while the Segment Anything Model (SAM) advances the field
with sparse prompt tokens for fast inference but compro-
mises segmentation quality. In this paper, we propose In-
ter2Former to address this challenge by optimizing com-
putation allocation in dense-token processing, which intro-
duces four key enhancements. First, we propose Dynamic
Prompt Embedding (DPE) that adaptively processes only
regions of interest while avoiding additional overhead from
background tokens. Second, we introduce Dynamic Hy-
brid Attention (DHA), which leverages previous segmen-
tation masks to route tokens through either full attention
(O(N2)) for boundary regions or our proposed efficient
BSQ attention (O(N)) for non-boundary regions. Third,
we develop Hybrid Mixture of Experts (HMoE), which ap-
plies similar adaptive computation strategies in FFN mod-
ules with CPU-optimized parallel processing. Finally, we
present Dynamic Local Upsampling (DLU), a reverse op-
eration of DPE, which localizes objects with a lightweight
MLP and performs fine-grained upsampling only in de-
tected regions. Experimental results on high-precision IS
benchmarks demonstrate that Inter2Former achieves SOTA
performance with high efficiency on CPU devices.

1. Introduction
Interactive segmentation (IS) [5, 18, 23, 32] greatly en-
hances the image segmentation annotation process by seg-
menting regions of interest from a few annotator prompts,
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Figure 1. Overview of Dynamic Hybrid Attention (DHA). Dur-
ing interactive segmentation, the model receives user clicks and
the previous segmentation mask. DHA leverages mask boundaries
to route image tokens through either Full Attention with O(N2)
complexity for boundary regions, or our proposed BSQ Attention
with O(NS) = O(N) complexity for non-boundary regions, re-
ducing computation while preserving segmentation quality.

such as clicks [18], bounding boxes [23] or coarse
masks [24]. These works expand real-world applications of
image segmentation, e.g. medical imaging [2], industrial de-
fect detection [3] and autonomous driving [4]. Recently, the
Segment Anything Model (SAM) [23] has become a mile-
stone in IS, excelling in real-time, high-quality segmenta-
tion, particularly in mainstream click-based IS.

SAM [23] and InterFormer [18] simultaneously intro-
duce a similar two-stage pipeline for this task: a prepro-
cessing stage that encodes images into tokens using an en-
coder, followed by an interaction stage where a decoder
processes these tokens along with user prompts to gener-
ate segmentation masks. While sharing similar encoders,
these models differ significantly in their decoder design. In-
terFormer [18] converts clicks into dense prompt tokens to
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enhance spatial awareness and achieve superior segmenta-
tion accuracy. However, this approach incurs high computa-
tional costs, making it impractically slow on CPU devices, a
significant limitation for large-scale crowdsourced annota-
tion with limited GPU resources. In contrast, SAM [23] uti-
lizes sparse prompt tokens for efficient cross-attention and
faster inference, but sacrifices spatial awareness and bound-
ary precision as a result. Subsequently, SegNext [34] im-
proves SAM’s decoder by incorporating dense prompt to-
kens, which enhances accuracy but further increases com-
putational demands. HRSAM [19] focuses on upgrading
SAM’s encoder while maintaining its efficient but less ac-
curate sparse-token decoder. Despite these efforts, achiev-
ing high-precision interactive segmentation under compu-
tational constraints remains challenging [19, 34], espe-
cially for high-resolution images where the performance-
efficiency trade-off becomes more severe.

To address the aforementioned challenges, we investi-
gate an approach built upon dense prompt tokens [18, 34]
while maintaining efficient inference capabilities. We ob-
serve that the inefficiency of dense prompt tokens stems
from suboptimal resource allocation in the IS process.
Specifically, existing models uniformly allocate computa-
tion across all tokens during the entire IS process. How-
ever, the main object region is typically determined within
the first few clicks and most subsequent user clicks focus
on refining object boundaries. Computational resources
should therefore be prioritized for boundary regions. Thus,
this uniform allocation wastes computations on already de-
termined main object regions while providing insufficient
computation to critical boundary regions, leading to subop-
timal precision and efficiency. Furthermore, each step’s seg-
mentation result in the IS process contains boundary cues,
but existing models simply incorporate the segmentation re-
sult as an additional feature [18, 23, 24, 32] to refine the next
interaction, failing to fully utilize the boundary information
for computational optimization.

In this paper, we introduce Inter2Former1, optimizing
computation allocation for efficient high-precision IS. First,
we propose Dynamic Prompt Embedding (DPE) that pro-
cesses only regions of interest while avoiding computa-
tional overhead of background tokens through dynamic re-
gion cropping. Second, we propose Dynamic Hybrid At-
tention (DHA) to allocate computational resources differ-
entially between dynamically detected boundary and non-
boundary tokens. In DHA (Figure 1), boundary tokens are
processed through conventional Full Attention (FA) [45],
while non-boundary tokens utilize our lightweight BSQ At-
tention (BSQA). Our BSQA, inspired by [30], applies Bi-
nary Spherical Quantization [54] to compress key-value
pairs, reducing complexity from O(N2) to O(N) for non-

1Code is available at https://github.com/YouHuang67/
inter2former.

boundary tokens. Third, we propose Hybrid Mixture of Ex-
perts (HMoE) in FFN modules to dynamically route bound-
ary and non-boundary tokens to either MoE or conventional
FFN for optimized computation allocation. Besides, we op-
timize MoE computation on CPUs by rearranging tokens to
enhance low-level matrix computation and reduce latency.
Fourth, we propose Dynamic Local Upsampling (DLU) to
speed up mask prediction, functioning as an inverse oper-
ation to DPE. DLU first employs a lightweight MLP and
Canny operator to localize regions of interest, then per-
forms upsampling exclusively within these regions for fine-
grained segmentation at minimal computational cost.

We evaluate Inter2Former on high-precision interactive
segmentation benchmarks [19, 21, 34, 40]. Our method
achieves SOTA performance with slight additional latency
over sparse-token models [19, 23]. The CPU-optimized
HMoE reduces inference time by 56-85% over vanilla MoE
implementations.

Our main contributions are as follows:
• We propose DHA, which assigns tokens to Full Attention

(FA) or our novel BSQ Attention (BSQA) based on prior
segmentation results, optimizing computation allocation.

• We propose HMoE for better computation allocation,
with optimized parallel MoE computation on CPUs
through token rearrangement, reducing inference latency
by 56-85% over vanilla MoE implementations.

• We propose DPE and DLU for efficient prompt encod-
ing and mask prediction. DPE dynamically crops regions
of interest, while DLU performs the inverse operation by
using a lightweight MLP to identify object regions for se-
lective upsampling and fine-grained segmentation.

• Inter2Former achieves SOTA while maintaining high ef-
ficiency on CPU devices.

2. Related Work
Interactive Segmentation. Interactive segmentation is
first integrated with deep learning in DIOS [50], which
introduces deep neural networks to this field and estab-
lishes the standard training and evaluation protocol for
mainstream click-based interaction. Subsequent research
advances this field with improved performance and effi-
ciency [1, 5, 18, 20, 27, 29, 32, 33, 37, 42, 49, 53]. The
introduction of SAM [23] marks a significant advancement
in inference efficiency through feature reuse, and inspires
numerous downstream applications [25, 36, 38]. This evo-
lution leads to the emergence of high-precision interactive
segmentation [19, 34, 46], which aims for superior accuracy
on precisely annotated datasets [21, 40].
Vector Quantized Representation Learning. The Vector
Quantization Variational AutoEncoder (VQ-VAE) [44] pi-
oneered discrete representation learning through learnable
codebook quantization. Later works address codebook col-
lapse via perceptual losses [10], ℓ2 normalization [51], im-
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Figure 2. Overview of Inter2Former. Given user clicks and previous mask, our Inter2Former first employ DPE to fuse and transform the
prompts into prompt embeddings that are then added to image tokens extracted by the encoder. Based on edge detection from the previous
mask, the prompt-fused tokens are divided into edge tokens and non-edge tokens for efficient processing. These tokens undergo DHA and
HMoE layers. In DHA, edge tokens are processed by Full Attention while non-edge tokzens utilize our proposed BSQA. In HMoE, edge
tokens are processed by both multiple routed experts and a shared expert, followed by summation of their outputs, while non-edge tokens
only pass through the shared expert. Finally, the merged tokens are upsampled through DLU to generate the output mask.

plicit codebooks [39], factorized quantization [9], and dy-
namic updates [55]. Most notably, BSQ [54] introduces a
parameter-free approach by projecting and binarizing latent
vectors on a hypersphere, enabling efficient tokenization for
vision transformers.
Efficient Attention. Attention [45] has revolutionized
computer vision [8, 11, 22, 47]. However, its quadratic
computational complexity motivates continuous explo-
ration of efficient solutions. Previous works improve ef-
ficiency through local windows [35], sparse patterns [13],
and hierarchical structures [15, 26]. At the implementation
level, Flash Attention [6, 7] and EMA [41] reduce memory
footprint through optimized computation scheduling. Most
recently, Transformer-VQ [30] achieves linear time com-
plexity by representing keys through vector quantization,
where attention only needs to be computed between queries
and a fixed-size codebook rather than the full key sequence.

3. Method

3.1. Background

Interactive segmentation. Interactive segmentation (IS)
performs foreground-background segmentation using user
prompts. Given an input image I ∈ R3×H×W and n
user clicks Cn = {(yi, xi, zi)}ni=1, where (yi, xi) ∈
[0, H − 1] × [0,W − 1] denotes click coordinates and
zi ∈ {0, 1} indicates positive (foreground) or negative
(background) clicks, the IS model outputs a binary mask
M ∈ {0, 1}H×W . While bounding boxes and scribbles are
alternative prompts, they can be converted to clicks. Click-
based IS has become mainstream due to standardized eval-
uation and high segmentation accuracy (e.g. IoU > 95%).

Efficient IS pipeline. Traditional IS models convert clicks
into click maps, which are two-channel binary masks
matching the image size. Each channel stores positive or
negative clicks by representing each click as a circular disk,
where pixels within radius R (e.g. R = 5) from the click
center are set to 1 and all other pixels are set to 0. These
click maps combine with the input image to form a 5-
channel input for vision model inference. However, this
process creates computational redundancy through repeated
image processing. SAM [23] and InterFormer [18] improve
efficiency by decoupling the IS pipeline into two stages: im-
age preprocessing before interaction and lightweight decod-
ing during interaction. In the preprocessing stage, a ViT en-
coder converts the input image into d-dimensional image to-
kens F = Encoder(I) ∈ Rd×h×w, where h = H/16, w =
W/16. During interaction, at step k, a lightweight decoder
processes these tokens along with current clicks Ck and the
previous segmentation mask Mk−1 to generate the refined
mask Mk = Decoder(F,Ck,Mk−1).
Different decoder designs. SAM and InterFormer differ in
decoder design: SAM encodes Cn into sparse prompt to-
kens for efficiency, while InterFormer uses click maps as
dense prompt tokens for accuracy. This paper builds upon
InterFormer’s architecture and click maps to propose In-
ter2Former, optimizing dense prompt token computation to
achieve SAM-level efficiency.

3.2. Overview of Inter2Former

Encoder. Inter2Former adopts HRSAM’s encoder [19], uti-
lizing the Flash Swin and multi-scale fusion to generate
image tokens F ∈ Rd×h×w. Considering that HRSAM’s
Selective State Space (SSM) operator [12] cannot be com-
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puted on CPU, we simplify the HRSAM encoder by remov-
ing SSM while maintaining its visual extrapolation capabil-
ity [19] for high-resolution images.
Decoder. As illustrated in Figure 2, the Inter2Former de-
coder comprises three main components. First, following
InterFormer’s prompt embedding scheme [18], user clicks
are encoded into click maps and combined with the previ-
ous mask to generate prompt tokens P ∈ Rd×h×w, which
are dimensionally aligned with image tokens F via our ef-
ficient DPE that focuses on local regions. Second, adopting
the standard transformer architecture [45], we process the
prompt-fused tokens FP = F+P through alternating lay-
ers of our DHA (Attention) and HMoE (FFN) modules to
obtain refined tokens FR ∈ Rd×h×w. Finally, we leverage
DLU to upsample FR into the final segmentation mask.

3.3. Dynamic Prompt Embedding
Following InterFormer [18], we maintain a reference mask
Mref ∈ {0, 1, 2, 3, 4}H×W to encode user clicks and pre-
vious predictions. In Mref, values 0 and 4 mark definite
background and foreground regions within radius-5 circles
of clicks. Values 1 and 3 indicate possible background and
foreground from predictions. Value 2 represents uncertain
regions. During interaction, we update Mref using Inter-
Former’s rules based on new clicks and predictions.

To reduce computational cost, we propose Dynamic
Prompt Embedding (DPE) for efficient Mref encoding. We
first detect a bounding box B = [x1 : x2, y1 : y2] containing
all click regions and foreground predictions with padding.
For the local region of B, we apply learnable embedding:

Einit = Embed(Mref[y1 : y2, x1 : x2]) ∈ R5×HB×WB ,
(1)

where HB = y2 − y1, WB = x2 − x1, and Embed(·) maps
each value to a learnable 5-dimensional vector. The features
are downsampled through four stride-2 convolutions:

FB = Conv4(Einit) ∈ Rd×hB×wB , (2)

where hB = HB/16 and wB = WB/16. The final prompt
embedding combines local features with a learnable back-
ground embedding ebg:

P =

ebg · · · ebg
... FB

...
ebg · · · ebg

 ∈ Rd×h×w. (3)

This design reduces computation by processing only re-
gions of interest while maintaining global context through
background embedding.

3.4. Dynamic Hybrid Attention
Computation Allocation. To efficiently allocate compu-
tation at interaction step k, we identify object boundaries
from the previous mask Mk−1. We first apply a 7 × 7 av-
erage convolution (uniform weights 1/49) to estimate lo-

cal variance and detect non-zero variance regions. The re-
sulting edge map is then downsampled via max pooling to
match the dimensions of FP :

Ek−1 = Pool
(
1{Conv(M2

k−1)− Conv(Mk−1)
2 > 0}

)
. (4)

Guided by the edge map Ek−1, we allocate computational
resources as follows. The prompt-fused tokens FP are re-
shaped into sequence form Fflat = Reshape(FP ) ∈ RL×d,
where L = h × w. Linear projections are then applied
to generate query, key and value matrices: (Q,K,V) =
(FflatWq,FflatWk,FflatWv) ∈ RL×C . Based on Ek−1,
we partition queries into two disjoint sets:

QFA = {qi|Ek−1(i) = 1}
QBSQ = {qi|Ek−1(i) = 0}

(5)

where QFA corresponds to edge regions (minority) and
QBSQ to non-edge regions (majority). Both sets share the
same key-value pairs (K,V) but employ different attention
computations: QFA uses full attention with O(N2) com-
plexity, while QBSQ adopts BSQA with O(N) complexity,
thus balancing effectiveness and efficiency.
Full Attention. For queries in QFA, we apply the stan-
dard full attention computation. Given the shared key-value
pairs (K,V) ∈ RN×C , where C is the head dimension (we
present the single-head case for clarity, while our imple-
mentation adopts standard multi-head attention as in trans-
formers), the attention output is computed as:

FA(QFA) = Softmax
(
QFAK

⊤
√
C

)
V. (6)

This FA computation has quadratic complexity O(N2) with
respect to sequence length. For the majority of queries in
QBSQ, we introduce our proposed BSQA that achieves lin-
ear complexity while maintaining attention effectiveness.

3.5. Binary Spherical Quantization Attention

Inspired by VQ-Transformer [30], we propose BSQA that
enhances VQ Attention with a more effective Binary Spher-
ical Quantization (BSQ) scheme while maintaining its
linear-time complexity. Below we elaborate on VQ Atten-
tion, BSQ and our proposed BSQA respectively.
Vector Quantized Attention. The insight of VQ Attention
is applying vector quantization to the N key vectors K ∈
RN×C through a learned codebook C ∈ RS×C of size S.
Each key vector is mapped to its nearest codebook vector:

K̂ = VQ(K,C) = arg min
ci∈C

∥k− ci∥22. (7)

This quantization process can be expressed through a bi-
nary assignment matrix ∆ ∈ {0, 1}N×S , where K̂ = ∆C.
The attention computation (without softmax’s normaliza-
tion) can then be reformulated as:

exp(QK̂⊤)V = exp(QC⊤)(∆⊤V). (8)
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The binary nature of ∆ enables this equivalent factoriza-
tion, which reduces the computational complexity from
quadratic O(N2) to linear O(NS) = O(N) with fixed S.
The complete attention with softmax normalization can be
computed by applying the same factorization twice: once
with the V, and once with an all-ones vector 1N×1:

Attention(Q,K,V) =
exp(QC⊤)(∆⊤V)

exp(QC⊤)(∆⊤1N×1)
. (9)

However, nearest-neighbor quantization VQ(·, ·) tends to
underutilize the codebook by activating only a small sub-
set of vectors. More critically, when applying straight-
through estimation (STE), the gradient approximation relies
on copying gradients from quantized K̂ to K:

∂L
∂K

≈ ∂L
∂K̂

. (10)

Although minimizing ∥K̂−K∥22 is introduced as a commit-
ment loss to bound this approximation, the quantization er-
ror remains uncontrollable during training. To address these
fundamental limitations, we adopt BSQ instead.
Binary Spherical Quantization. BSQ [54] addresses the
limitations of VQ by projecting features onto a unit hyper-
sphere before quantization. Likewise, given N key vectors
K ∈ RN×C , BSQ first maps it to a lower-dimensional space
through a learnable transformation:

B = KWBSQ ∈ RN×S where S ≪ C. (11)

The projected vector is then normalized onto a unit sphere:

U = B/∥B∥2. (12)

Unlike VQ’s nearest-neighbor assignment, BSQ applies
element-wise binary quantization:

Û = sign(U)/
√
S, (13)

where the scaling factor ensures the quantized vector main-
tains unit norm. The quantized features are then projected
back to the original dimension through another learnable
transformation, which will be discussed in the next section.
Since BSQ’s quantization error ∥U − Û∥ is theoretically
bounded [54] and empirically converges close to zero dur-
ing our experiments, it enables accurate gradient estima-
tion through STE, addressing VQ’s gradient approximation
challenge. Next, we will introduce BSQA that addresses the
inefficient codebook utilization issue in VQ Attention.
BSQ Attention. To leverage Û in attention computation
similar to VQ Attention’s codebook vectors, we first trans-
form Û through a simple linear mapping: I = Û×

√
S/2+

1/2 ∈ {0, 1}N×S , which encodes each key as an S-bit bi-
nary representation. We then construct the final projected
vectors by combining learnable base vectors C0

base,C
1
base ∈

RS×C . Specifically, for each bit position j, we select ei-
ther C0

base or C1
base based on the binary value, and aggregate

these selections across all bit positions. This aggregation

process can be efficiently formulated as

K̂ = [I 1− I]

[
C1

base
C0

base

]
∈ RN×C . (14)

The S-bit binary representation allows 2S different combi-
nations {0, 1, . . . , 2S − 1}. Through our binary selection
mechanism with C0

base and C1
base, we naturally construct a

codebook of 2S vectors. Following the formulation similar
to Eq. 14, these vectors constitute the codebook required for
VQ Attention, enabling computations analogous to Eq. 8.

3.6. Hybrid Mixture of Experts
HMoE builds upon DeepSeek V3’s MoE design [31] in-
cluding its auxiliary-loss-free expert balancing strategy.
Like DHA, HMoE adopts a hybrid strategy where the com-
putation path for each token is determined by the edge map
Ek−1. With M routed experts {FFNi}M−1

i=0 and one shared
expert FFNM , for input tokens X ∈ RN×d, non-edge to-
kens where Ek−1(t) = 0 only utilize the shared expert:

yt = FFNM (xt). (15)

For edge tokens where Ek−1(t) = 1, we first compute
token-expert affinity scores:

si,t = Sigmoid(x⊤
t ei), 0 ≤ i ≤ M, (16)

where ei represents the learnable centroid vector of the i-
th expert. The token then selects the expert with highest
affinity among M routed experts:

at = arg max
0≤i≤M−1

si,t, (17)

and combines its output with the shared expert:

yt =
exp(sM,t)FFNM (xt) + exp(sat,t)FFNat(xt)

exp(sM,t) + exp(sat,t)
. (18)

Efficient Parallel Processing. To enable efficient ma-
trix operations, we propose a token rearrangement strategy
specifically for edge tokens. Using their selected expert in-
dices {at|Ek−1(t) = 1} where at ∈ {0, 1, . . . ,M − 1}, we
first sort these tokens to obtain contiguous groups:

π = argsort({at|Ek−1(t) = 1}), (19)

where π is the permutation that sorts edge tokens by expert
ID. The sorted tokens form M groups:

Xi = {xπ[j]|aπ[j] = i} ∈ RNi×d, (20)

where Ni is the number of edge tokens assigned to routed
expert i. By rearranging tokens assigned to the same ex-
pert into contiguous memory blocks, we can decompose
each expert’s FFN computation into matrix multiplications
(as Linear layers are essentially matrix multiplications) with
activation functions. Through C++ extension with low-level
matrix operation optimization, these blocked matrix oper-
ations for multiple experts are efficiently executed simul-
taneously. The final outputs are recovered by inverse per-
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mutation π−1. This multi-expert batch processing scheme
achieves significant speedup over sequential computation.

3.7. Dynamic Local Upsampling
Local Refinement. We apply DLU to generate the segmen-
tation mask from tokens FR ∈ Rd×h×w refined by DHA
and HMoE modules. Our DLU consists of a localization
branch and a refinement branch for efficient computation
allocation. The localization branch first generates a coarse
mask without upsampling to identify the object region:

Mlow-res = MLP(FR; d → 1) ∈ R1×h×w, (21)

from which we extract an expanded bounding box B = [x1 :
x2, y1 : y2] around detected objects. The refinement branch
then focuses on precise boundary delineation within the de-
tected region. We first extract tokens within the expanded
bounding box B, where hB = y2 − y1 and wB = x2 − x1

define the local region dimensions:

FB = FR[:, y1 : y2, x1 : x2] ∈ Rd×hB×wB . (22)

The refinement branch leverages edge features to guide the
upsampling of FB for precise boundary delineation.
Edge-guided Upsampling. We extract multi-scale edge
features through a small CannyNet prior to interaction:

E = Canny(I),

{Fe
i}4i=1 = ResNet(E),

(23)

where E denotes the binary edge map and {Fe
i}4i=1 repre-

sents edge features at increasing scales. {Fe
i}4i=1 are fused

with FB during upsampling to generate the final mask:

M =

0 · · · 0
... Up(FB, {Fe

i}4i=1)
...

0 · · · 0

 ∈ RH×W , (24)

where Up(·) consists of four deconvolution layers (×2) that
progressively expand resolution while reducing channels to
1. At each upsampling stage, the corresponding Fe

i is fused
with the upsampled feature map via addition, followed by a
convolutional layer for feature refinement.

3.8. Training Strategy
BSQA Training. During training, we replace keys in at-
tention computation using Eq. 14 while performing com-
plete FA computation, only with the quantized key vectors.
This training strategy encourages the quantized attention
to closely approximate the behavior of standard attention.
At inference time, we switch to the efficient computation
scheme in Eq. 8 to achieve linear-time complexity.
DLU Training. The DLU module generates two outputs
during training: a low-resolution mask Mlow-res from Eq. 21
and a high-resolution mask M by applying Up(·) from
Eq. 22 to the full token set. These outputs are supervised
by downsampled and original GT masks respectively, using

the NFL loss [24] common in interactive segmentation. At
inference, we employ DLU for efficient mask generation.

4. Experiments
Section 4.1 details our implementation. Section 4.2 de-
scribes datasets and training protocols. Section 4.3 presents
the main quantitative comparison. Section 4.4 analyzes
computational efficiency of our key components. Addition-
ally, we provide the code in the supplementary materials.

4.1. Implementation Details
Our Inter2Former adopts the encoder from HRSAM++
[19], specifically a ViT-Base with 12 layers, 768 embed-
ding dimensions, and 12 attention heads, initialized with
MAE pre-training [17]. For CPU compatibility, we remove
the Cycle-scan module (with SSM [12]) from the origi-
nal HRSAM++ while retaining its anchor map (fixed size
of 512). For fair comparison, we also re-train HRSAM++
without SSM under the same settings.

The decoder of Inter2Former consists of two alternating
layers of DHA and HMoE modules. While it processes 256-
dimensional input tokens, the attention computation is per-
formed with reduced 32-dimensional Q/K/V vectors for ef-
ficiency. We enhance FA with Rotary Position Embedding
(RoPE) [43] and implement BSQA using an 8-bit code-
book (16 base vectors). The DPE module transforms the
original-scale input through four convolutional layers into
256-dimensional prompt tokens at 1/16 resolution, while
DLU reverses this process through four convolutions to gen-
erate single-channel full-resolution masks. The proposed
CannetNet adopts a straightforward design with four stages
of dual ResNet blocks [16], processing features of dimen-
sions 4, 16, 64 and 256 respectively, with each stage halving
the spatial resolution.

4.2. Experimental Setting
Datasets. Following recent high-precision interactive seg-
mentation benchmarks [19, 34], we train our model on
COCO [28], LVIS [14] and HQSeg-44K [21] datasets. We
evaluate on HQSeg-44K validation set and DAVIS [40],
both of which contain high-quality annotated masks for rig-
orous evaluation over high-precision IS tasks.
Training. Following previous high-precision IS works,
we adopt two training protocols for comprehensive evalu-
ation. The first protocol follows [34], where we train on
COCO and LVIS for 160K iterations, followed by 40K iter-
ations of fine-tuning on HQSeg44K. The second protocol
involves distillation from SAM-ViT-Huge [21] where we
first train the encoder for 160K iterations on unlabeled im-
ages from COCO and LVIS using MSE loss to align with
SAM features, then randomly initialize the Inter2Former
decoder and train the complete model for 80K iterations on
HQSeg44K. Both protocols utilize click simulations from
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Model Training Data CPU Time (ms) ↓ HQSeg44K Max H/W>4000 DAVIS Max H/W<1000

‡20-SPC / Online 5-mIoU ↑ NoC90 ↓ NoC95 ↓ 5-mIoU ↑ NoC90 ↓ NoC95 ↓
RITM-HRNet32 400 [24] COCO+LVIS 277 / 277 77.72 10.01 14.58 89.75 5.34 11.45
FocalClick-SegF-B3-S2 256 [5] COCO+LVIS 97 / 97 84.63 8.12 12.63 90.82 5.17 11.42
FocalClick-SegF-B3-S2 384 [5] COCO+LVIS 175 / 175 85.45 7.03 10.74 91.22 4.90 10.40
SimpleClick-ViT-B 448 [32] COCO+LVIS 212 / 212 85.11 7.47 12.39 90.73 5.06 10.37
InterFormer-ViT-B 1024 [18] COCO+LVIS 1020 / 188 82.62 7.17 10.77 87.79 5.45 11.88
SegNext (SA×1) ViT-B 1024 [34] COCO+LVIS 910 / 803 85.41 7.47 11.94 90.13 5.46 13.31
SegNext (SA×2) ViT-B 1024 [34] COCO+LVIS 1519 / 1400 85.71 7.18 11.52 89.85 5.34 12.80
SegNext (SA×2) ViT-B 1024 [34] COCO+LVIS+HQ 1519 / 1400 91.75 5.32 9.42 91.87 4.43 10.73
HRSAM++-ViT-B 1024 [19] COCO+LVIS+HQ 65 / 40 90.32 6.27 10.14 90.40 5.71 12.72
HRSAM++-ViT-B 2048 [19] COCO+LVIS+HQ 273 / 105 91.50 5.41 9.08 90.79 5.52 10.84

SAM-ViT-B 1024 [23] SA-1B 142 / 40 86.16 7.46 12.42 90.95 5.14 10.74
MobileSAM-ViT-T 1024 [52] SA-1B 35 / 24 81.98 8.70 13.83 89.18 5.83 12.74
EfficientSAM-ViT-T 1024 [48] ImageNet+SA-1B 88 / 27 77.90 10.11 14.60 85.26 7.37 14.28
EfficientSAM-ViT-T 2048 [48] ImageNet+SA-1B 706 / 77 74.20 9.47 13.13 84.10 8.00 14.37
EfficientSAM-ViT-S 1024 [48] ImageNet+SA-1B 127 / 23 79.01 8.84 13.18 87.55 6.37 12.26
EfficientSAM-ViT-S 2048 [48] ImageNet+SA-1B 1658 / 69 74.91 8.27 11.97 85.17 6.86 12.49
HQ-SAM-ViT-B 1024 [36] SA-1B+HQ 167 / 54 89.85 6.49 10.79 91.77 5.26 10.00
HRSAM++-ViT-B 1024 [19] †SA-1B+HQ 65 / 40 89.37 6.56 10.61 86.66 7.29 14.32
HRSAM++-ViT-B 2048 [19] †SA-1B+HQ 273 / 105 90.94 5.86 9.22 88.46 6.61 12.39

Inter2Former-ViT-B1024 (Ours) COCO+LVIS+HQ 75 / 50 91.48 5.36 9.29 90.82 4.90 11.33
Inter2Former-ViT-B2048 (Ours) COCO+LVIS+HQ 300 / 131 92.28 4.58 7.79 91.30 4.33 8.45
Inter2Former-ViT-B1024 (Ours) †SA-1B+HQ 75 / 50 91.32 5.46 9.34 90.36 4.96 12.72
Inter2Former-ViT-B2048 (Ours) †SA-1B+HQ 300 / 131 92.68 4.24 7.39 92.00 4.29 7.82

Table 1. Performance evaluation over high-precision IS tasks. We compare our Inter2Former with SOTA methods on HQSeg44K and
DAVIS datasets under two training protocols: (1) conventional COCO+LVIS training with HQ fine-tuning, and (2) distillation from SAM
followed by HQ training († indicates models trained via this protocol). For efficiency, we report CPU inference time (‡ where 20-SPC
evaluates the average time for standard 20 clicks including preprocessing, e.g. SAM’s image encoding, while Online measures per-click
latency during interaction excluding preprocessing). While Inter2Former shows marginally higher latency compared to sparse-token-based
HRSAM, it demonstrates superior segmentation quality and achieves SOTA performance across 5-mIoU and NoC@90/95.

prior works [18, 24, 32] and NFL [24] to guide the model
in producing GT-aligned segmentation masks from clicks.
Evaluation. Following standard evaluation protocols [5,
18, 23, 24, 32, 34, 48, 52], the segmentation quality is
measured by NoC@90/95 (average number of clicks re-
quired to achieve 90% or 95% IoU within a 20-click bud-
get) and 5-mIoU (mIoU after five clicks) in high-precision
IS tasks [19, 34]. For efficiency evaluation on CPU devices,
we employ two metrics: 20-SPC (Seconds Per Click) [19]
and Online SPC. The 20-SPC metric measures the average
time to complete 20 clicks, including preprocessing over-
head (e.g., image encoding in SAM-based methods). In
contrast, Online SPC captures the per-click latency during
interaction, excluding preprocessing time. For traditional
IS models preceding SAM, these two metrics yield identi-
cal values since they do not require preprocessing steps.

4.3. Main Results
As shown in Table 1, Inter2Former achieves SOTA per-
formance across all evaluation metrics while maintaining
competitive efficiency. The superior performance can be
attributed to the dense-token design in Inter2Former’s de-
coder. Unlike HRSAM++ which inherits SAM’s sparse-
token decoder and struggles with limited training data,

Inter2Former’s dense-token design enables more effective
training from scratch, particularly beneficial when fine-
tuning on high-quality datasets. In terms of efficiency, while
Inter2Former shows marginally higher latency compared to
HRSAM++, it maintains substantial speed advantages over
other high-precision methods like SegNext while achieving
better accuracy. Furthermore, Inter2Former demonstrates
competitive efficiency against fast SAM variants like Effi-
cientSAM [48], and significantly reduces the inference time
compared to InterFormer [18].

4.4. Efficiency Analysis
We evaluate the computational efficiency of our proposed
DPE, DHA and DLU on COCO dataset using object mask
annotations. The diverse object scales provide objective
benchmarks for efficiency analysis under various area ratios
(Aobj/Aimg). Additionally, we analyze HMoE’s efficiency
across different numbers of experts.
DPE Efficiency. As shown in Figure 3 (a), Non-DPE (with
identical convolutional architecture) maintains a constant
latency regardless of object size, while our DPE shows a
linear increase with area ratios but maintains significant effi-
ciency advantages. Notably, for predominant small objects,
DPE requires < 25% of the Non-DPE latency.
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Figure 3. Efficiency analysis. (a) Latency of DPE and Non-DPE (full prompt embedding). (b) DHA latency across different area ratios.
(c) HMoE speedup with various expert numbers. (d) Latency of DLU and Non-DLU (full upsampling).
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Figure 4. Qualitative results. Inter2Former produces precise segmentation maps for challenging line structures under 20-click prompts.

DHA Efficiency. As shown in Figure 3 (b), DHA shows a
slow linear rise in latency as area ratios grow. This stable
trend comes from DHA’s focus on edges. While object area
grows quadratically, the number of edge pixels grows more
slowly, leading to efficient processing even for large objects.

HMoE Efficiency. As shown in Figure 3 (c), we com-
pare our efficient parallel HMoE with vanilla implementa-
tion across expert counts. HMoE shows clear speedup with
more experts, reaching 85% latency reduction at 64 experts.

DLU Efficiency. As shown in Figure 3 (d), DLU as the
inverse of DPE shows similar speed patterns. Our DLU runs
much faster than Non-DLU with the same structure.

Detailed ablation studies for each module’s performance
are provided in the supplementary material.

4.5. Qualitative Results

As shown in Figure 4, Inter2Former achieves precise seg-
mentation on challenging thin structures under 20 clicks.

5. Conclusion

This paper introduces Inter2Former for high-precision in-
teractive segmentation, addressing the critical trade-off be-
tween performance and efficiency in dense-prompt-token
processing. Through adaptive computation allocation im-
plemented by the proposed Dynamic Prompt Embedding,
Dynamic Hybrid Attention, Hybrid Mixture of Experts and
Dynamic Local Upsampling, Inter2Former optimizes per-
formance while maintaining efficiency, achieving SOTA
performance with competitive speed on CPU devices.
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