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Abstract

Multi-stage contact-rich manipulation requires robots to dynamically adapt global execution strategies
across stages while responding to local contact changes in real time. However, existing methods
primarily use touch as reactive feedback, leaving its potential for stage-aware guidance underexplored.
In this work, we view touch as a coin with two complementary sides: locally, it provides reactive
feedback on instantaneous contact, while globally, its temporal dynamics offer proactive contact stage
guidance. By exploring the temporal dynamics of optical tactile sensing, we discover that cumulative
tactile motions and transient differences jointly yield complementary cues for contact stages and
transitions. Building on this insight, we propose GuidedVTLA, a slow-fast vision-tactile-language-
action model that integrates proactive tactile guidance with reactive tactile refinement. Specifically,
the slow expert uses the shared proactive guidance to route a stage-aware Mixture-of-Experts for
adaptive action generation, while the fast expert uses temporal tactile cues to refine the action chunk
during execution, with the shared guidance modulating refinement strength. Furthermore, motivated
by the concentration of action trajectory energy in low-frequency modes, we restrict refinement to a
compact spectral subspace, reducing the prediction dimension and promoting temporally smooth
refinement. Experiments on multi-stage contact-rich tasks across two real-world robot platforms and
in simulation demonstrate the superior performance and robustness of GuidedVTLA.

Project Page: https://shengqi77.github.io/GuidedVTLA/

1 Introduction

Multi-stage contact-rich tasks, such as assembling multiple gears, requires robots to coordinate stage-wise
execution with real-time contact responses. However, most existing methods focus on either multi-stage
contact-sparse tasks or short-horizon contact-rich tasks, while practical yet challenging multi-stage contact-
rich manipulation remains relatively underexplored. The core challenge lies in the tight coupling between
two temporal scales: ® Globally, robots need to adapt their action execution strategies across successive
stages and contact transitions over longer horizons. ® Locally, they need to react to rapid contact changes by
refining ongoing actions in real time. Importantly, these two requirements are coupled as the global stage
determines when and how the robot should react locally.

To tackle contact-rich manipulation, integrating vision for global environment perception with touch for
local contact feedback has become the dominant paradigm. Existing visuo-tactile methods can be broadly
divided into two categories: Visuo-Tactile-Action (VTA) models and Visuo-Tactile-Language-Action (VTLA)
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(b) Comparisons of three paradigms for action chunk refinement

Figure 1 (a) Three VTLA paradigms and (b) their refinement strategies. Standard VTLAs treat touch purely reactively,
relying on a stage-agnostic slow expert with open-loop execution that prevents real-time tactile feedback. Slow-fast
VTLAs introduce a fast expert to close this loop, yet both experts remain stage-agnostic, applying a uniform tactile
reaction regardless of the contact stage. In contrast, GuidedVTLA couples proactive tactile guidance with reactive tactile
refinement. By using the tactile dynamics as shared guidance for both experts, we can perform stage-aware action
generation and refinement. We perform refinement in the low-frequency domain to promote temporal smoothness.

models. VTA models [24, 62] evolve from conventional visual policies, typically fusing visual and tactile
features into an action expert for action chunk prediction. However, due to the lack of high-level semantic
priors and limited model capacity, these methods struggle with multi-stage tasks. To remedy this, VILA
models [27, 74] incorporate touch into VLA-style architectures and achieve significant progress through their
powerful semantic understanding. Yet most methods treat touch as a reactive signal throughout the entire
manipulation process and employ a monolithic execution strategy for all contact stages, failing to adapt their
execution strategies to different stages. Moreover, once action chunks are output, they are directly executed
open-loop, preventing timely reactions to contact changes [See Fig. 1(b1)].

To close this feedback loop, several methods [11, 65] adopt a slow-fast paradigm: a slow expert outputs action
chunks, while a fast expert refines them during execution using real-time tactile feedback [See Fig. 1(a2)].
Although these methods improve responsiveness, both action generation and refinement lack stage awareness:
the slow expert generates action chunks without explicit stage guidance, while the fast expert refines them
without explicitly accounting for the current contact stage [See Fig. 1(b2)]. Overall, these methods primarily
exploit touch for reactive feedback, leaving its potential for stage guidance underexplored. This raises a
question: How can we infer the contact stage online without annotation, and use it to guide both the slow and fast
experts?

To address the above issues, we propose GuidedVTLA, a slow-fast Visuo-Tactile-Language-Action model that
integrates proactive tactile guidance with reactive tactile refinement for multi-stage contact-rich manipulation
[See Fig. 1(a3)]. Our key insight is that tactile cues are like a coin with two complementary sides. At the micro
level, they serve as reactive feedback that conveys local contact information during interactions, which existing
methods have already extensively exploited. At the macro level, their temporal dynamics can act as a proactive
stage indicator, implicitly encoding global contact stages and their transitions without any annotation, yet
this aspect remains underexplored.



In this work, we are the first to integrate this complementary dual nature into a unified framework. Specifically,
we explore the temporal dynamics of optical tactile sensing, which captures contact-induced gel deformation
utilizing an internal camera. We discover that jointly leveraging cumulative tactile motion and its transient
differences can provide a robust proactive indicator for global contact stage awareness. Concretely, cumulative
tactile motion captures overall deformation relative to the initial no-contact state, providing longer-term
contact context, while its transient differences between consecutive motions offer short-term contact changes.
Together, these complementary signals provide shared guidance for the slow and fast experts to enable
stage-aware action generation and refinement.

Building on this shared guidance, we coordinate the slow and fast experts in a stage-aware manner. For
the slow expert, we introduce a stage-aware Mixture-of-Experts layer routed by the guidance to adapt the
action generation strategies across stages. For the fast expert, we use temporal tactile cues to refine actions
during execution under the guidance, which modulates refinement strength. Furthermore, we find that
action trajectory energy is mainly concentrated in a low-frequency subspace, motivating us to perform action
refinement in the low-frequency spectrum, promoting temporally smooth refinement within each action
chunk [See Fig. 1(b3)]. Under this unified framework, the two roles of touch complement each other: proactive
guidance offers global stage awareness while reactive feedback supplies local fine-grained refinement, jointly
empowering GuidedVTLA to achieve robust multi-stage contact-rich manipulation. Overall, our contributions

are summarized as follows:
¢ We reveal that touch has a complementary dual role, serving as both reactive feedback signals providing

local contact information and proactive stage indicators offering global stage awareness.

* We discover that jointly leveraging cumulative tactile motion and its frame-to-frame difference can serve as
a robust stage indicator to provide global stage awareness without any external annotation.

* We propose GuidedVTLA, a slow-fast VTLA model that integrates proactive tactile guidance with reactive
tactile refinement. The slow expert uses a stage-aware MoE routed by this guidance to adapt action
generation across stages, while the fast expert refines action chunks using temporal tactile feedback under
the shared guidance. Motivated by the concentration of action energy in low-frequency modes, we perform
refinement in this subspace to promote temporal smoothness.

* We compare GuidedVTLA with existing baselines on both real-world and simulated contact-rich tasks.
Extensive experiments demonstrate the superior performance and robustness of our method.

2 Related Work

Visual-Tactile Robotic Manipulation is essential for enabling robots to perform real-world contact-rich
tasks [18, 19, 36, 43, 47, 64]. Vision typically provides global perception, while touch offers local contact
feedback during interactions. To capture tactile signals, a variety of sensing technologies have been developed
[4, 39, 40, 55, 75]. Among these, optical sensors [1, 3, 70] are widely used due to their high spatial resolution
and multi-dimensional force sensing capability, which serve as the utilized tactile sensor in this work.

Architecturally, existing visual-tactile methods can be categorized into visual-tactile-action (VTA) and visual-
tactile-language-action (VTLA) models. VTA models [10, 11, 17, 24, 86] typically extend purely vision-based
policies [14, 83] by fusing visual and tactile features prior to action chunk prediction. For instance, [22]
and [62] concatenate multi-modal features as input to a transformer backbone, whereas [63] propose a
Mixture-of-Transformer architecture for multi-modal feature fusion. However, these methods are inherently
limited by model capacity and lack of high-level semantic understanding, making it difficult to handle
complex multi-stage tasks. With the rise of Vision-Language-Action models [29, 31, 32, 78], which inherit the
strong semantic understanding capabilities, recent works incorporate touch into VLA architectures, yielding
VTLA models [48, 69, 77, 81]. Most methods typically treat tactile cues as image-like features that are simply
concatenated with visual and linguistic features before being fed into a VLM [27, 73]. Another line injects
touch into the action expert to steer action generation [28, 37, 57, 81]. However, most methods treat touch as a
purely reactive signal, applying a stage-agnostic strategy across the whole task and overlooking its proactive
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Figure 2 Overview of GuidedVTLA. (a) Slow-Fast VTLA with proactive guidance and reactive refinement. Tactile
dynamics serve as shared guidance for both action experts, enabling stage-aware action generation and refinement. The
fast expert utilizes temporal touch for reactive refinement to better capture contact trends. (b) The slow expert adopts
a Tactile-aware MoE guided by tactile dynamics to adapt action generation across stages. (c) The fast expert performs
action refinement in the low-frequency spectrum, promoting temporally smooth refinement within each action chunk.

role. In this work, we propose a slow-fast VTLA model that integrates proactive tactile guidance with reactive
tactile refinement for multi-stage contact-rich manipulation.

Slow-Fast Visuo-Tactile Policies [61, 84] have emerged as a promising paradigm for contact-rich manipulation.
[65] first introduce this slow-fast paradigm, decoding a coarse action latent from the slow action expert into
refined actions at a high rate from streaming touch. [50] split the denoising process of a flow-matching
policy into two stages, where a fast tactile-driven expert performs the final denoising steps using real-time
touch. [80] refine low-rate action chunks with high-rate observed and predicted touch. Yet, they still remain
stage-agnostic. In contrast, we coordinate both action experts with a shared proactive tactile guidance,
enabling stage-aware action generation and refinement. Besides, we find the low-frequency priors of action
trajectories and perform action refinement in the frequency domain.

Frequency-Based Action Modeling [76] has emerged as an effective strategy to capture the temporal structure
of actions. For instance, [51] tokenize and compress action sequences in the frequency domain. [7] produce
actions in a coarse-to-fine manner across frequency components. [60] guides action diffusion along sub-
frequency manifolds. [53] encode time-varying control features in the Fourier frequency domain. Yet, these
methods are open-loop and vision-only. In contrast, we are the first to perform tactile-driven action refinement
in the frequency domain, where confining refinement to the low-frequency coefficients keeps the refined
action temporally smooth and requires a few coefficients to be predicted.

3 Slow-Fast VTLA: Proactive Guidance and Reactive Refinement

We propose GuidedVTLA, a slow-fast Visuo-Tactile-Language-Action model that integrates proactive tactile
guidance with reactive tactile refinement, as shown in Fig. 2. Our key insight is that tactile cues play a
complementary dual role: beyond the reactive feedback that conveys local contact information, their temporal
dynamics further act as a proactive indicator that implicitly encodes global stage and transition cues. Grounded
in this insight, we discover that jointly leveraging the cumulative tactile motion and its transient differences
can provide a robust contact stage indicator without any annotation, motivating us to propose shared tactile
guidance that can steer both the slow and fast action experts to perform stage-aware action generation and
refinement, respectively (Section 3.1).

Specifically, for the slow expert, we propose a tactile-aware MoE layer routed by the shared guidance, enabling
proactive stage-aware action generation (Section 3.2). For the fast expert, we use temporal tactile cues to



refine actions during execution under the shared guidance. Motivated by the discovery that action trajectory
energy is mainly concentrated in low-frequency modes across stages, we perform action refinement within a
low-frequency subspace to promote temporal smoothness (Section 3.3).

3.1 Shared Proactive Stage Awareness from Tactile Dynamics

Existing approaches to stage awareness often rely on manual annotations or labels generated by external
models, which can be costly to obtain or unreliable under visual ambiguity. Meanwhile, existing visuo-tactile
methods primarily use touch for reactive contact feedback, leaving its potential for proactive stage guidance
underexplored. To exploit this potential, we investigate tactile dynamics and derive a contact-stage indicator
that provides shared guidance for both the slow and fast experts.

Representing Tactile Dynamics via Cumulative Motion and Transient Difference. To explore how tactile
dynamics evolve across different stages and optical tactile sensors, we conduct an analytical experiment
using two different tactile sensors mounted on a gripper, as shown in Fig. 3. Figure 3(a) shows the visual
images and tactile images during a multi-stage contact-rich manipulation task (Gears Assembly). Although the
two sensors produce visually different tactile images, both capture contact-induced gel deformation as the
interaction progresses. To characterize this deformation and its temporal evolution, we compute cumulative
tactile motion and the transient difference of its magnitude for each sensor. Given the initial frame Fy, the
previous frame F;_;, and the current frame F;, we first estimate the cumulative motion of F; and F;_; relative
to Fy via optical flow:

M = Flow(Fo, F;), M = Flow(Fo, F;-1), (1)

Here, Flow(-) is an efficient optical flow estimation algorithm [33]. M;"™" and M{"T" represent the cumulative
tactile motions at time t and t — 1, respectively. To quantitatively measure the cumulative motions, we
compute the spatial average of their motion magnitudes:
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where H and W denote the height and width of the motion fields. To capture short-term changes in
deformation, we compute the signed difference between consecutive mean motion magnitudes:

Mttran — Mtcumu _ Mtcil{nu (3)

We intentionally retain the signed difference to distinguish the transition direction: positive for contact
establishment and negative for release, whereas absolute values would conflate these opposing events.

How Do Tactile Dynamics Achieve Proactive Stage Awareness? To relate these two measures to global
contact stages, we compute their temporal curves for both sensors in Fig. 3(b). The cumulative motion
magnitude and its transient difference exhibit complementary patterns. During approach, both remain near
zero. Upon initial contact, the cumulative magnitude rises with a positive peak in the transient difference.
During stable contact, the cumulative magnitude remains elevated, while the difference returns to near
zero. Upon release, the cumulative magnitude decreases with a negative transient peak. Neither measure
alone fully characterizes these contact stages. Similar cumulative magnitudes can occur during increasing or
decreasing deformation, while a near-zero transient difference can indicate either stable contact or no contact.
Together, they provide complementary cues for stage awareness by combining longer-term contact context
with short-term contact changes.

Sensor-Agnostic Tactile Dynamics. Beyond their relevance to contact stages, we further study whether
tactile dynamics are consistent across sensors. Figure 3(b) illustrates that the temporal curves of both sensors
exhibit similar shapes despite differences in tactile appearance. We further compare tactile dynamics with two
image-based representations (raw image and tactile difference image) by visualizing their low-dimensional
distributions via t-SNE in Fig. 3(c). The image-based representations form largely separate clusters for the two
sensors, while tactile dynamics show greater overlap. This consistency stems from the shared physical basis
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Figure 3 Analysis of tactile dynamics using optical sensors. (a) Visual images and tactile images from two various
sensors across stages. (b) shows temporal tactile dynamics curves for both sensors, indicating that tactile dynamics enable
stage awareness. (c) shows t-SNE maps of various representations for both sensors, highlighting the potential of tactile
dynamics for cross-sensor universality.

of gel deformation: tactile dynamics capture deformation relative to a reference state, reducing sensitivity to
sensor-specific appearance. These observations support the potential of tactile dynamics for cross-sensor
stage guidance.

Tactile Dynamics as Proactive Stage Guidance. The two measures provide stage-discriminative cues and
exhibit consistent patterns across sensors. We encode them using lightweight tactile motion encoders, then
concatenate and fuse the two embeddings into a compact guidance representation:

Tfro = T( [Etran(Mfran); Ecumu(Mtcumu)] ) € Rd/ 4)

where ¥ is the fusion layer and [ -; - ] denotes concatenation. The resulting embedding TltDro encodes global
contact stage cues and serves as shared guidance for the following slow and fast action experts.

3.2 Slow Action Expert with Tactile-aware Action Generation

Multi-stage contact-rich tasks typically require distinct execution strategies at various stages. However, most
methods adopt a monolithic action module to generate actions, which struggles to adapt action generation
in a stage-aware manner. To address this issue, we propose a tactile-aware slow action expert powered
by proactive stage awareness. Specifically, we incorporate tactile-aware MoE modules whose routing is
conditioned on the shared tactile guidance, enabling stage-aware action generation.

Multimodal Observations and Action Generation. At time step t, the robot receives an instruction L and
an observation tuple Oy = (I;, Fo, F;, Fi_1, p:), where I; contains multi-view RGB images, Fy, F;, and F;_;
represent the initial contact-free, current, and previous tactile frames, and py is the proprioceptive state. A
pretrained VLM backbone encodes vision, language, and proprioception into an action query x/!, while the
tactile frames provide the shared guidance T}~ proposed in Section 3.1. Conditioned on these inputs, the
slow action expert generates a base action chunk AP¢ € RHoX% at a low update rate, where H, denotes the
prediction horizon and d, denotes the action dimension.

Tactile-aware Mixture-of-Experts. To inject the proactive guidance into action generation, we introduce a
tactile-aware MoE module in each transformer block of the slow action expert, as shown in Fig. 2(b). Each
module comprises a shared expert Eg, for general action generation and K stage-conditioned experts {(‘}k}f=l
specialized for distinct stages. A router R maps the guidance Tfro to routing weights that are broadcast across
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Figure 4 Spectral analysis of action trajectories across stages. (a) shows temporal curves of joint positions for two robotic
arms in two tasks. (b) presents 3D visualizations of randomly sampled action trajectories across stages. (c) performs
spectral analysis of action trajectories across stages, revealing that they are concentrated in a low-frequency subspace.

action tokens and reused in all tactile-aware MoE layers:
wi=[w},..., wk]= softmax(R(TfrO)) , (5)

where wf denotes the gating weight for the k-th stage expert. The action query is subsequently transformed
by a combination of the shared expert and the weighted stage experts:

K
%! = &) + ) Wi, (6)
k=1

The resulting representations are used to generate the base action chunk Afase via flow matching. This design
provides a common tactile-aware routing signal across all action tokens within each chunk, while allowing
multiple experts to contribute through soft weighting rather than discrete stage assignments. The slow
expert incorporates stage cues into action generation. However, contact states may change during execution,
motivating the fast action expert introduced next for online refinement.

3.3 Fast Action Expert with Tactile-aware Action Spectrum Refinement

Most existing methods execute generated action chunks open-loop, limiting their ability to react to intra-
chunk contact events. To close the loop, existing slow-fast methods use real-time tactile feedback to refine
action chunks during execution, but lack explicit contact-stage guidance. To address this limitation, we
introduce a tactile-aware fast action expert that uses temporal tactile feedback for refinement, with shared
proactive guidance modulating refinement strength. Furthermore, we observe that action trajectory energy is
predominantly concentrated in low-frequency modes, which motivates us to perform action refinement in a
low-frequency subspace rather than directly in the time domain.

Spectral Property of Action Trajectories. To explore the spectral properties of action trajectories across
stages, we conduct an analytical experiment on two robotic platforms during multi-stage contact-rich tasks, as
shown in Fig. 4. Figure 4(a) shows the temporal curves of the joint positions of two robotic arms, partitioned
into contact and non-contact stages. We sample action chunks from each stage, with the corresponding
3D trajectories shown in Fig. 4(b), and analyze their spectral properties in Fig. 4(c). Across contact and
non-contact stages, the spectrum mainly concentrates in the low-frequency subspace. This pattern is consistent
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Figure 5 Illustration of experimental setup. (a) Two robotic platforms equipped with optical tactile sensors and multi-view
cameras. (b) Multi-stage contact-rich tasks performed on the two platforms.

with the smooth temporal evolution of the observed action trajectories, motivating us to refine action chunks
within a low-frequency subspace.

Temporal Tactile Encoding for Reactive Feedback. To enable refinement in the low-frequency subspace,
we encode temporal tactile cues to capture contact evolution beyond a single frame. We use the cumulative
motion fields, which preserve spatial deformation magnitudes and directions beyond the scalar summaries
used for proactive guidance. Given the motion fields from the recent N steps, a spatial encoder E; first extracts
features from each field. A temporal aggregator TAgg then combines these features into a window-level
embedding z;. To incorporate contact history beyond this window, a GRU updates the reactive tactile
embedding T}** using z; and the previous hidden state:

z; = TAgg({ Es(M§™™) }ﬁzt—NH)’

T = GRU(T}*, z) € R%.

7)

Here, z; summarizes tactile dynamics within the recent window, while the recurrent state carries information
from earlier control steps. This causal encoding uses only observations available up to time t and provides
the tactile feedback for predicting the spectral residuals described below.

Tactile-Aware Action Spectral Refinement. The fast expert uses reactive tactile feedback to refine low-
frequency action components, with shared guidance modulating refinement strength, as shown in Fig. 2(c).
We first apply a DCT along the temporal axis of each action dimension:

Cp* = DCT(sg(A}**)) € RHx, ®)

where sg(-) blocks gradients through the base action chunk, and rows index frequency modes from low to
high. An MLP G predicts additive refinement coefficients for the lowest M < H, modes:

Ac; = G([T{*; pt]) € RM>da )
The shared proactive tactile guidance controls the refinement strength through a scalar contact gate:
gr =0(WTH +b,) €(0,1), (10)

where ¢ is sigmoid function and Wy, b, are parameters. We add the gated refinement coefficients to the



Table 1 Quantitative comparison of success rates against baselines on real multi-stage contact-rich tasks. Policies are
evaluated over 20 trials per task, with the best performance highlighted in bold.

Multi-Stage Contact-Rich Tasks on Dual-Arm ALOHA Robot

Methods Cylinder Clean & Collection Fragile Fruits Collection Fragile Chips Collection

Grasp Insert Insert  1st Fruit 2nd Fruit 3rd Fruit  Intact First Second

Objects & Clean Back Grape Tomato Blueberry  Grasp Chip Chip
ACT [rS52023] 85.0 15.0 5.0 20.0 15.0 0.0 25.0 20.0 10.0
7Ty 5 [CoRL2025] 100.0 40.0 35.0 70.0 60.0 40.0 75.0 70.0 70.0
RDP [RS52025] 90.0 25.0 20.0 30.0 30.0 20.0 50.0 45.0 40.0
ViTacMotor [ECCV2026] 90.0 30.0 30.0 35.0 25.0 10.0 30.0 30.0 20.0
TacVLA [1ROS2026] 95.0 45.0 45.0 70.0 70.0 45.0 80.0 75.0 75.0
ForceVLA [N1PS2025] 100.0 35.0 30.0 75.0 60.0 50.0 65.0 65.0 65.0
GuidedVTLA [This paper] ~ 100.0 65.0 55.0 80.0 75.0 60.0 90.0 85.0 85.0

Multi-Stage Contact-Rich Tasks on Single-Arm Flexiv Robot

Methods Pick and Insert Plug Gears Assembly Pick and Insert Bulb

Grasp Align Insert Grasp First Second Grasp Align Insert

Plug Plug Plug Gears Gear Gear Bulb Bulb Bulb

ACT [RS52023] 20.0 5.0 0.0 10.0 0.0 0.0 10.0 0.0 0.0
Ty 5 [CoRL2025] 100.0 65.0 60.0 100.0 60.0 60.0 100.0 55.0 45.0
RDP [RS52025] 60.0 40.0 20.0 50.0 15.0 10.0 55.0 25.0 10.0
ViTacMotor [ECCV2026] 30.0 10.0 5.0 20.0 5.0 0.0 35.0 15.0 15.0
TacVLA [1ROS2026] 100.0 75.0 70.0 100.0 70.0 65.0 100.0 65.0 60.0
ForceVLA [NIP52025] 90.0 65.0 55.0 85.0 55.0 50.0 90.0 45.0 45.0
GuidedVTLA [This paper] ~ 100.0 80.0 80.0 95.0 80.0 75.0 100.0 60.0 60.0

lowest M modes of the base spectrum, preserve the remaining modes, and reconstruct the action:

. Chase[k] + gRAci[k], 0<k <M,

Ci[k] = A; =IDCT(Cy). 11

t[ ] C?ase[k]’ M<k<H,, t ( t) ( )
Here, [k] indexes frequency modes, with k = 0 denoting the constant mode, and C;, A, € RHXdi gre the
refined spectrum and action chunk, respectively. Using only M low-frequency modes promotes temporally
smooth refinement within each chunk while requiring just M x d, predicted coefficients.

4 Experimental Results
4.1 Experimental Setup

Training Details. GuidedVTLA is built on PaliGemma with a Gemma-based action expert. The slow and fast
experts are trained jointly with £ = Lgow + Lfast, Where Lgq,, optimizes flow matching on the action chunk
and L = ||Ar — Ay ||§ regresses the refined chunk. We train each task for 20k steps on 4 NVIDIA A800 GPUs,
with batch size of 64, learning rate 5 x 10~°. The details of the configuration are provided in the appendix A.1.

Real-World and Simulation Experimental Setup. For real-world evaluation, we evaluate on two robotic
platforms: a dual-arm ALOHA robot and a single-arm Flexiv robot, both equipped with optical tactile
sensors and multi-view cameras [See Fig. 5(a)]. We design six multi-stage contact-rich tasks across the
two embodiments, including Cylinder Cleaning and Collection, Fragile Fruits Collection, Fragile Chips Collection,
Plug Insertion, Gear Assembly and USB Bulb Insertion [See Fig. 5(b)]. The details of tasks are provided in the
appendix A.2. For simulation, we evaluate on a simulated visuo-tactile manipulation benchmark UniVTAC
[8] across eight contact-rich tasks (e.g. insert tube and insert hole). The details of each task are provided in
the appendix A.3.

Baselines. We compare GuidedVTLA with (1) Tactile-free models: ACT [82] and 7t¢5 [29], (2) VTA models:
RDP [65], ViTacMotor [63], (3) VTLA models: TacVLA [77], ForceVLA [68]. For TacVLA, as the code is not
publicly available, we reproduce it based on 7 5. For ForceVLA, we replace the force input with tactile input
to form a VILA model. For simulation, we additionally compare against Tactile-VLA [27], FTP-1 [69] and
UniVTAC-ACT [8].



Table 2 Success rates on UniVTAC. Results marked with * are reported by FTP-1. Rankings are computed per task, while
the two averages use matched six-task and complete eight-task scopes, respectively.

Method Lift Pull-out Lift Put Insert Insert Insert Grasp Avg. Avg.
etho Bottle Key Can Bottle Hole Tube HDMI Classify 1-6 All
ACT [rS52023] 25.0 32.0 43.0 20.0 10.0 83.0 15.0 44.0 35.5 34.0
710.5 (Base) [CoR1.2025] 100.0 35.0 6.0 34.0 25.0 74.0 8.0 49.0 45.7 414
UniVTAC-ACT [CoR1.2026] 65.0 41.0 20.0 30.0 40.0 68.0 28.0 100.0 44.0 49.0
Tactile-VLA" [arxiv2026] 97.0 32.0 15.0 10.0 41.0 56.0 - - 418 -
FTP-1" [CoR1.2026] 97.0 48.0 65.0 47.0 64.0 79.0 - - 66.7 -
GuidedVTLA [Ours] 75.0 99.0 76.0 66.0 96.0 97.0 21.0 74.0 84.8 75.5
vs. prev. SOTA
vs. Base

4.2 Comparison Results

Comparison on Real-world Tasks. Table 1 compares GuidedVTLA with baselines on real-world tasks.
Visual-only policies struggle with fragile object collection and precision assembly due to missing force
perception and visual occlusions. Though visuo-tactile methods incorporate touch, their stage-agnostic
action execution is affected by tactile noise in non-contact phases, impairing action generation and refinement.
While VTLA models achieve robust initial grasping leveraging pre-trained priors, their open-loop chunk
execution cannot compensate for intra-chunk slip, accumulating errors during precision insertion. Besides,
they lack stage awareness to adaptively adjust action strategies. In contrast, GuidedVTLA achieves superior
performance by harnessing tactile dynamics for proactive stage awareness and temporal touch for reactive
spectrum-based action refinement.

Comparison on Simulation Tasks. We further benchmark GuidedVTLA against other methods on the
UniVTAC benchmark in Tab. 2. GuidedVTLA achieves the highest average success rate and the best
performance on five tasks. Notably, on Insert Hole and Insert Tube, which involve contact-state transitions and
require continuous pose adjustment, GuidedVTLA substantially outperforms the baselines by combining
stage-aware tactile guidance with high-frequency tactile feedback.

4.3 Ablation Study and Discussion

How Does the Tactile-Aware Slow Expert Facilitate Action Generation? We further validate the role of the
tactile-aware slow expert in action generation. Table 3 shows that removing the tactile-aware MoE layer from
the slow expert leads to a drop in success rate on both gears assembly and fruits collection. Both tasks involve
multiple contact stages and transitions. Without stage guidance, failures concentrate at these transitions,
such as when the gear is inserted into the socket, confirming the effectiveness of the tactile-aware MoE in
facilitating stage-aware action generation.

How Does the Tactile-Aware Fast Expert Improve Contact-Rich Manipulation? Table 3 shows that removing
the fast expert likewise causes a drop in success rate. The primary role of fast expert is to refine the action
chunk generated by the slow expert from streaming tactile feedback during execution. Without it, the
action chunk is executed in an open-loop manner without online adjustment to dynamic contact changes.
Consequently, the robot struggles with delicate contact adaptations, such as adjusting the gripper pose upon
gear misalignment or modulating the gripper width based on force when grasping fragile fruits, which
demonstrates the necessity of the fast expert for action refinement.

How Do Tactile Dynamics Guide Action Generation and Refinement? Table 4 shows that ablating the
guidance from either end, by reverting the slow expert to standard MoE routing or by removing the tactile
gating of the fast expert, consistently degrades performance. Furthermore, Figure 6 visualizes the temporal
trajectories of the tactile dynamics along with the expert weights of the slow expert and the gating of the fast
expert during gear assembly. Both follow the tactile dynamics across stages, confirming its effectiveness in
guiding stage-aware action generation and refinement.
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Table 3 Ablation study of the Guided- Table 4 Impact of proactive tactile guid- Table 5 Effectiveness of low-frequency

VTLA components. ance on both experts. tactile refinement.
Base TA- TA- Gears Fruits TP — TP — Gears Fruits Refinement Space Gears Fruits
Slow Fast| Assembly Collection Slow  Fast Assembly Collection P Assembly Collection
v 60.0 40.0 50.0 45.0 w /o Refinement 65.0 50.0
v v 70.0 45.0 v 60.0 45.0 Time Domain 40.0 45.0
v v 65.0 55.0 v 65.0 50.0 Freq., Full Band 60.0 55.0
v v v 75.0 60.0 v v 75.0 60.0 Freq., Low Band 75.0 60.0
E;_C_‘i:;n}[ Motion— Tran. Difference  El  E2  E3  E4— Contact _G_a_té} (a) Cross-sensor inference on two tasks (b) Tactlle dynamics vs. Tactile image
T B e e B I rstvien QWY 7 — Tram onA & teston A
oF 0.5F = Train onA&lcst on B
Es 0 T = T g2 0.8!
e 2* 051 , . . , . " g:% g
5045 - ' 0.6
2 20.30- %
AE0.15¢ | = W 304
. ! ! . . -] g " 7
50750 L £8 ‘%{ y
22 050 22 . B 02
SO I 5] = )
©0.25 ‘ . ‘ ‘ . ‘ Ll © f < 0.0 D
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Figure 6 Effectiveness of tactile dynamics in guiding Figure 7 Cross-sensor universality of tactile dynamics vs. tactile
both experts for stage awareness. images on Gears Asm. & Fruits Collection.

Cross-Sensor Universality of the Tactile Dynamics. We further discuss the cross-sensor universality of
tactile dynamics. Figure 7 shows that our model trained with tactile sensor A [2] can still perform well when
deployed on sensor B [1], with only a minor drop in success rate. In contrast, replacing the tactile dynamics
with raw images for proactive guidance and reactive refinement leads to a significant degradation, confirming
the cross-sensor generalization capability of our method.

Why Refine in Frequency Domain Rather than in Time Domain? Table 5 compares different refinement
spaces. Time-domain refinement performs worse than no refinement, possibly because unconstrained updates
introduce rapid temporal variations and trajectory jitter during contact. Low-frequency refinement achieves
the best performance on both tasks, outperforming full-band spectral refinement. These results demonstrate
the effectiveness of restricting refinement bandwidth, consistent with its role in discouraging high-frequency
fluctuations and promoting temporal smoothness.

5 Conclusion

We propose GuidedVTLA, a slow-fast VTLA that unifies proactive tactile guidance with reactive tactile
refinement. Cumulative tactile motion and its transient differences jointly provide stage guidance for both
experts: the slow expert adapts execution strategies through a stage-aware MoE, while the fast expert refines
actions using temporal tactile feedback. Refinement operates in a compact low-frequency subspace to improve
efficiency and promote temporal smoothness. Extensive experiments demonstrate the superior performance
and robustness of the proposed method.

AT use statement

We only used Al to polish and correct the text and grammar in the main text.
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Appendix

For a better understanding of the main paper, we provide additional details in this supplementary material,
which is organized as follows:

(Section A) We provide more details about the experimental settings.
¢ We provide more implementation and training details of our method in Sec. A.1.
* We provide more details about the real-world experimental setup in Sec. A.2.
* We provide more details about the simulation experimental setup in Sec. A.3.
* We provide more details about the baseline implementations in Sec. A 4.
(Section B) We provide additional method and implementation details.
* We describe the optical flow computation for tactile motion estimation in Sec. B.1.
* We provide additional trajectory spectral analyses across tasks in Sec. B.2.
* We detail the shared tactile guidance and slow expert implementation in Sec. B.3.
* We provide implementation details of the fast expert in Sec. B.4.
* We rethink the role of touch through policy design comparisons in Sec. B.5.
(Section C) We conduct further discussion and analysis on the performance of our method.

* We discuss the robustness of our method to environmental and object variations in Sec. C.1.

We study the generalization of our method to object position variations in Sec. C.2.

We conduct an analytical study on choice of tactile representation for proactive stage awareness in
Sec. C.3.

We further discuss the cross-sensor generalization of the proposed method in Sec. C 4.
* We discuss the limitations and future work of our method in Sec. C.5.

(Demo) We provide a video demo to show the superiority and robustness of our method towards multi-stage
contact-rich manipulation tasks.

A Experimental Setup

A.1 Implementation and Training Details

Model configuration. GuidedVTLA uses PaliGemma with a Gemma-based action expert and is initialized
from the public 7o 5 base checkpoint. The slow expert generates a base action chunk with tactile-guided expert
routing, while the fast expert refines it using recent tactile observations, with shared guidance controlling the
refinement strength through the contact gate. The fast refinement head is initialized to zero, so refinement
initially preserves the base prediction up to numerical precision. Table S1 summarizes the key settings.

Joint training. We jointly train both experts with £ = Lgow + Lfast, Where Lgoy is the conditional flow-
matching loss and Lt = IA; - At||§ is the squared error between the refined action chunk A; and the
demonstration chunk A;. During training, a four-step Euler rollout produces the base chunk, which is
detached before refinement. Fast-loss gradients are therefore blocked through the base action generation
path, but can still update the shared tactile-guidance network through the refinement pathway. We train each
task for 20,000 steps on four NVIDIA A800 GPUs with a batch size of 64 and a peak learning rate of 5 X 1075.
We use AdamW with linear learning-rate warm-up followed by a constant learning rate.
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Table S1 Key model and training settings for GuidedVTLA.

Parameter Setting
Base checkpoint 0.5
Action horizon H, 50
Routing experts in the slow expert K 4

Tactile window length N 5 frames
Retained DCT modes M 8

Shared guidance dimension 64

Fast GRU hidden dimension 128

Fast refinement-head initialization Zero
Optimizer AdamW
AdamW (81, B2) (0.9, 0.95)
Peak learning rate 5x107°
Warm-up steps 1,000
Learning rate after warm-up Constant
Gradient-norm clip 1.0

Batch size 64
Training steps per task 20,000
Euler steps for training-time base rollout 4

Loss weights (Laow, Lrast) 1,1)

A.2 Real-world Experimental Setup

For the real-world experimental setup, we evaluate on two robotic platforms: a dual-arm ALOHA robot with
6 DoF per arm, and a single-arm Flexiv robot with 7 DoF. Each platform is equipped with optical tactile
sensors and multi-view visual cameras. We design six multi-stage contact-rich tasks across the two platforms,
three on the dual-arm ALOHA and three on the single-arm Flexiv. Each task is decomposed into multiple
sub-stages, and we provide the details and success criteria for each task below:

(1) Dual-arm Multi-stage Contact-rich Tasks

Cylinder Cleaning and Collection (350 episodes for training). The left arm picks up a graduated cylinder
from the left tube rack and moves it to a central position, while the right arm picks a brush from a basket
and inserts it into the cylinder to clean it. The brush is then returned to the basket, and the left arm places
the cylinder into a central tube rack. The representative execution results are shown in Fig. S1(a). This task
demands precise grasp poses to achieve accurate alignment for both the brush insertion and the placement
into the designated rack slot, as well as fine force control during insertion. Evaluation Criterion: The task is
considered successful if the brush is used to clean the cylinder, the brush is returned to the basket, and the
cylinder is placed into the target rack while remaining intact throughout the process.

Multiple Fragile Fruits Collection (350 episodes for training). The two arms sequentially pick three fragile
fruits (grape, tomato, blueberry) and place them into one plate without crushing them. The task requires a
gentle grasp and a careful release. The representative execution results are shown in Fig. S1(b). Note that the
fruits are placed in different positions on the plate to vary initial conditions. Evaluation Criterion: The task is
considered successful if all three fruits are collected into the plate undamaged.

Multiple Fragile Chips Collection (360 episodes for training). The two arms sequentially pick two fragile
potato chips and place them into one plate without breaking them. The task requires a gentle grasp and a
careful release. The representative execution results are shown in Fig. S1(c). Note that the chips are placed
in different positions on the plate to vary initial conditions. Evaluation Criterion: The task is considered
successful if both chips are collected into the plate undamaged.

(2) Single-arm Multi-stage Contact-rich Tasks
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(2) Pick the First Fruit (3) Place the First Fruit (4) Place the Second Fruit (5) Place the Third Fruit

(¢) Fragile
Chips Collection Fruits Collection

(1) Initial State (2) Pick the First Chip (3) Place the First Chip (4) Pick the Second Chip

(d) Plug
Insertion

(e) Gears
Assembly

(1) Initial State (2) Pick the First Gear (3) Insert the First Gear (4) Pick the Second Gear  (5) Insert the Second Gear

Insertion

(f) Lightbulb

(1) Initial State (2) Move to the Lightbulb (3) Grasp the Lightbulb (4) Move to the Target (5) Insert the Lightbulb
Figure S1 Visualization of representative execution results of real-world multi-stage contact-rich tasks. (a) Cylinder
Cleaning and Collection. (b) Multiple Fragile Fruits Collection. (c) Multiple Fragile Chips Collection. (d) Plug Insertion.

uGge rrlsseArstslglﬁb(lIZ(sfz:]ﬁiggsfélslk%gl}s&rati%?hg). The arm grasps a plug and inserts it into a socket, which requires

precise alignment and fine adjustment once contact is established. The representative execution results are
shown in Fig. S1(d). Note that the plug and socket are placed in different positions to vary initial conditions.
Evaluation Criterion: The task is considered successful if the plug is fully seated in the socket.

Gears Assembly (430 episodes for training). The arm sequentially grasps two gears, aligns each gear with
the shaft, and inserts it once the teeth mesh. The representative execution results are shown in Fig. S1(e).
Note that the gears and shaft are placed in different positions to vary initial conditions. Evaluation Criterion:
The task is considered successful if every gear is correctly aligned and seated on the shaft.

Lightbulb Insertion (450 episodes for training). The arm grasps a USB light bulb and inserts it into a socket,
again requiring precise alignment and fine adjustment under contact. The representative execution results are
shown in Fig. S1(f). Note that the bulb and socket are placed in different positions to vary initial conditions.
Evaluation Criterion: The task is considered successful if the lightbulb is fully seated in the socket and the
lightbulb is on.
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A.3 Simulation Experimental Setup

Task Description. For the simulation experimental setup, we evaluate on the vision-tactile manipulation
benchmark UniVTAC [8], which contains eight contact-rich tasks and is equipped with a GelSight optical
tactile sensor with a uniform sparse marker pattern on the silicone surface. Note that in the simulation, we
use the displacement of the markers to represent the tactile dynamics for proactive stage awareness. This
design choice is motivated by the fact that, compared to real-world setups that typically employ optical tactile
sensors with dense markers, the sparse marker pattern in simulation makes it challenging to accurately estimate
displacements using optical flow methods. Each task is evaluated 100 times to calculate the success rate. The
tasks and their evaluation criteria are detailed as follows:

(a) Grasp
Classify

(c) Insert (b) Insert
Hole HDMI

(d) Insert
Tube

(e) Pull
Out Key

(f) Put Bottle
in Shelf

(g) Lift
Bottle

(h) Lift
Can

i

Figure S2 Visualization of representative execution results of simulation contact-rich tasks. (a) Grasp Classify. (b) Insert

HDMI. c{ Insert Hole. (d) Insert Tube. (e) Pull Out Key. (f) Put Bottle in Shelf. (g) Lift Bottle. (h) Lift Can. )
Grasp Classify (50 episodes for training). Two cylindrical objects share similar visual appearance but differ

in surface texture. The robot first performs tactile contact to perceive texture, then classifies each cylinder
and places it at the prespecified goal region for its class. The representative execution results are shown in
Fig. S2(a). Evaluation Criterion: The task is considered successful if both cylinders are correctly classified and
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placed in their respective goal regions.

Insert HDMI (50 episodes for training). An HDMI connector held by the robot has random rotational offset.
The robot aligns and inserts the connector into a fixed slot under rotational uncertainty. The representative
execution results are shown in Fig. S2(b). Evaluation Criterion: The task is considered successful if the HDMI
connector is fully inserted into the slot.

Insert Hole (50 episodes for training). A cube with an inclined hole (60° or 120° orientation) lies on the
ground plane. The robot explores the hole’s geometry through contact, determines its orientation, and inserts
a test tube into the hole. The representative execution results are shown in Fig. S2(c). Evaluation Criterion:
The task is considered successful if the test tube is fully inserted into the hole.

Insert Tube (50 episodes for training). A narrow hole (2.05 cm diameter) appears on an inclined surface.
The robot inserts a 2.0 cm diameter test tube from a near-center starting position through the tight clearance.
The representative execution results are shown in Fig. S2(d). Evaluation Criterion: The task is considered
successful if the test tube is fully inserted into the hole.

Pull Out Key (50 episodes for training). A key sits in a slot with random initial rotation. The robot rotates
the key until sensing mechanical resistance, then pulls it straight out. The representative execution results are
shown in Fig. 52(e). Evaluation Criterion: The task is considered successful if the key is fully pulled out of the
slot.

Put Bottle in Shelf (50 episodes for training). A bottle stands upright before a shelf. The robot grasps the
bottle, then positions it into the shelf cavity. The representative execution results are shown in Fig. S2(f).
Evaluation Criterion: The task is considered successful if the bottle is placed upright in the shelf cavity.

Lift Bottle (50 episodes for training). A bottle rests on the ground plane facing a vertical wall. The robot
grasps the bottle and lifts it vertically, keeping its final base within 5 cm of the wall. The representative
execution results are shown in Fig. S2(g). Evaluation Criterion: The task is considered successful if the bottle is
lifted and its base is within 5 cm of the wall.

Lift Can (50 episodes for training). One of three cylindrical cans (4, 5, and 6 cm diameter) lies horizontally
on the ground plane. The robot grasps the can and lifts it vertically without slippage. The representative
execution results are shown in Fig. S2(h). Evaluation Criterion: The task is considered successful if the can is
lifted and remains stable without slippage.

A.4 Baseline Details

We compare against three categories of baseline methods on both real-world and simulation setups: (1)
tactile-free methods: ACT [82] and g5 [29]; (2) visuo-tactile methods: RDP [65] and ViTacMotor [63]; (3)
visuo-tactile-language methods: TacVLA [77], ForceVLA [68], Tactile-VLA [27] and FTP-1 [69]. The details of
each baseline method are as follows:

(1) Tactile-free Methods.

ACT [82] is a Transformer-based policy that predicts action chunks from RGB observations and proprioception.
Without tactile inputs or language conditioning, it serves as a baseline to benchmark the capabilities of purely
visual imitation on these tasks. Code is available at https://github. com/tonyzhaozh/act.

1105 [29] is a pretrained vision-language-action model that unifies high-level semantic prediction and low-level
continuous control within a single Mixture-of-Transformers architecture. It first predicts a textual subtask
from visual observations and a language instruction and then generates a continuous action chunk using a
flow-matching action expert. The original model combines discrete action tokenization during large-scale
pretraining with continuous flow matching during post-training. In our comparison, 75 is fine-tuned
without tactile observations and serves as the closest tactile-free counterpart to the slow VLA expert used by
GuidedVTLA. Code is available at https://github. com/Physical-Intelligence/openpi.

21


https://github.com/tonyzhaozh/act
https://github.com/Physical-Intelligence/openpi

Table S2 DIS Optical Flow parameters categorized by algorithm stages

Parameter Description Typical Value
Patch Inverse Search
Ops Patch size 8
Oov Patch overlap ratio 0.3
Oit Inverse search iterations 8
Multi-scale Pyramid
Osf Finest scale level 2
Oss Coarsest scale level 5
Os4 Downscale factor 2
Variational Refinement
0 Intensity consistency weight 5
Y Gradient consistency weight 10
a Smoothness weight 10
Ovo Outer iterations s+1
Opi Inner SOR iterations 5

(2) Visuo-Tactile-Action Methods.

RDP [65] is a slow-fast visuo-tactile imitation-learning framework rather than a reinforcement-learning
method. Its slow branch uses a latent diffusion policy to predict action chunks from visual observations
at a relatively low frequency, while its fast branch processes high-frequency tactile or force feedback and
refines the latent action representation before decoding it into executable actions. This design enables rapid
reaction to contact changes without repeatedly running the full visual diffusion policy. Code is available at
https://github.com/xiaoxiaoxh/reactive_diffusion_policy.

ViTacMotor [63] introduces a Tactile Motion Correlation (TMC) representation for optical tactile sensing.
TMC computes the dot product between transient optical flow, measured between consecutive tactile frames,
and cumulative optical flow, measured relative to the initial non-contact frame, thereby distinguishing contact
establishment, stable contact, and contact release. ViTacMotor treats visual features, tactile appearance, TMC,
and proprioception as separate modalities and fuses them using a Mixture-of-Transformers architecture
with shared self-attention but modality-specific projections, feed-forward layers, and normalization. A
transformer decoder subsequently predicts action chunks from the fused representation. Code is available at
https://github.com/Shengqi77/ViTacMotor.

(3) Visuo-Tactile-Language Action Methods.

TacVLA [77] incorporates tactile inputs into a pretrained vision-language-action policy. For our experiments,
we implement a TacVLA baseline on the g5 framework following the method description in the paper,
incorporating tactile inputs alongside visual observations, language instructions, and proprioception for
action generation.

ForceVLA [68] is a force-aware vision-language-action model that leverages tactile feedback to enhance the
action generation process. It employs a multi-modal approach to integrate visual, tactile, and language
information for improved manipulation performance. Note that in our experiments, we replace force
feedback with tactile feedback to align with the tactile sensing setup. The code is available at https:
//github.com/ft-robotic/ForceVLA/.

Tactile-VLA [27] is initialized from a pretrained mp model and performs token-level fusion of visual
observations, language instructions, proprioception, and a temporal history of tactile measurements. Its
tactile-aware action expert is trained with conditional flow matching to predict both a target robot pose and
a target contact force. A hybrid position-force controller converts the discrepancy between the target and
measured forces into a corrective position command, enabling language-conditioned regulation of interaction
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strength. The paper additionally presents Tactile-VLA-CoT, which periodically reasons over tactile feedback
and generates corrective instructions after detecting task failures. The code is not publicly available, so we
only compare against this method in simulation and directly use the experimental comparison data reported
in FTP-1 [69].

FTP-1 [69] is a tactile foundation policy designed to transfer across heterogeneous sensors and robot
embodiments. It maps image-based, array-based, and state-based tactile signals into a Morphology-Aware
Tactile Token Space using sensor-specific encoders and shared functional-area embeddings. Built on 7o 5, FTP-
1 employs separate vision-language, tactile, and action transformer experts, where the flow-matching action
expert attends to the shared tactile expert without modifying the pretrained vision-language representations.
The model is pretrained on approximately 3,000 hours of tactile manipulation data collected from 26 data
sources and 21 tactile sensors before task-specific fine-tuning. We only compare against this method in
simulation and directly use the experimental comparison data reported in FTP-1 [69]. The code is available at
https://github.com/michaelyuancb/ftpil-policy.

B Method Details and Discussion

B.1 Efficient Optical Flow Algorithm for Tactile Motion Estimation

We use DIS optical flow [33] to estimate pixel motion between tactile images. The algorithm combines inverse
search, a multi-scale pyramid, and variational refinement. Table S2 summarizes the parameter settings.

B.2 Spectral Analysis of Joint-Space Trajectories across Additional Tasks

Figures 53 and 54 show one complete trajectory per task for four additional real-world tasks and eight UniVTAC
tasks, respectively. We analyze the arm-joint channels, excluding the grippers, using joint commands for
ALOHA and UniVTAC and measured joint positions for Flexiv. For each channel, we subtract its temporal
mean and apply a real-input FFT (rFFT). We sum the squared coefficient magnitudes across channels and
normalize over the returned frequency bins. Kos is the minimum number of consecutive bins, starting at
zero frequency, that account for at least 95% of this sum. Bin k corresponds to fy = kf;/T, where f; is the
sampling rate and T is the number of frames. Shading indicates estimated contact intervals for visualization;
the spectra are computed over the full trajectories, not separately for each interval.

These results show low-frequency dominance in the evaluated trajectories, supporting our choice of refinement
subspace. This FFT-based analysis characterizes recorded trajectories, whereas the policy uses DCT for
action-chunk refinement; their mode counts are not directly interchangeable.

B.3 Shared Tactile Guidance and Slow Expert

Guidance Encoder. Following the two-branch structure in Eq. 4, each motion channel is encoded by a linear
layer with a SiLU activation and 64 output features. The two encoders have independent parameters; sharing
refers to the fused guidance used by the slow and fast experts, not to weight sharing between the encoders.
The concatenated features are projected by the fusion layer ¥ to a 64-dimensional guidance vector T} . In
Eq. 3, the transient descriptor is the signed difference between consecutive cumulative motion magnitudes. A
positive value indicates increasing deformation magnitude, whereas a negative value indicates decreasing
magnitude. Retaining this sign is part of the descriptor definition in Section 3.1: taking an absolute value
or clipping negative values to zero would remove this directional information. The two branches in Eq. 4
therefore represent complementary information about deformation magnitude and its temporal change.

Routing Implementation. The router R in Section 3.2 is a linear projection to K = 4 logits. In the
implementation, the logits are first clipped element-wise to [-6, 6], then divided by a temperature 7 = 1.0,
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Figure S3 Joint-space trajectories and their mean-centered FFT spectra for four real-world tasks, using one complete
trajectory per task. (a) Chips Collection. (b) Pick and Insert Bulb. (c) Cylinder Clean and Collection. (d) Pick and Insert

gllr{l(%ﬁnally normalized with softmax:
clip(R(T™), -6, 6)

w; = softmax . , 7 =1.0. (12)

This makes explicit the logit clipping omitted from the compact routing expression in Section 3.2. A single
router computes the weights for the current observation. The same weights are broadcast across action tokens
and reused in all tactile-aware MoE layers; there is no independent router in each transformer layer. The
shared and stage-specific branches are feed-forward modules within the action transformer. The branch
combination is defined in Section 3.2. Routing is learned through the action objectives without manual stage
labels. Training settings are summarized in Table S1.

B.4 Fast Expert Formulation

Spatial Encoding. For the fast expert in Section 3.3, the real-world spatial encoder E; is a ResNet-18 with
a two-channel input layer and GroupNorm. It maps each normalized 64 X 64 cumulative flow field to a
512-dimensional feature.

Temporal Encoding. Following Eq. 7, the spatial encoder E extracts features from the latest N = 5 cumulative
motion fields, and TAgg combines them into the window-level embedding z;. The GRU updates T;** from z;
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Figure S4 Joint-space trajectories and their mean-centered FFT spectra for eight UniVTAC tasks, using one complete
trajectory per task. (a) Grasp Classify. (b) Insert HDML. (c) Insert Hole. (d) Insert Tube. (e) Lift Bottle. (f) Lift Can. (g) Pull

@) . (h) Put Battle in Shelf . . . .
and Iﬁglg fgrgvf(l)us Elgél%n state T;*). In this formulation, the recurrent state carries contact history beyond the

explicit window, while all inputs remain causal.

Residual Parameterization. Equation 9 defines G as a coefficient-space corrector conditioned on [T;**; p:].
Its specified output is Ac; € RMxda containing one correction per retained mode and action dimension. The
corresponding action-space update in Eq. 11 can be expressed as

Ay —sg(AP*®) = gRDdyAc, Dy = [o, ..., dMm-1], (13)
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where @)1 € RHXM contains the inverse-DCT basis vectors for modes 0, ..., M — 1, including the constant
mode, and gF is the scalar contact gate defined in Eq. 10. Thus, the formulation restricts the added correction
to an M-mode temporal subspace, while leaving higher-order coefficients of the base prediction unchanged.

Online Execution. The slow and fast update rates are configured as 1 Hz and 25 Hz, respectively. The slow
expert refreshes a cached base action chunk, while the fast expert uses incoming tactile observations to refine
the entire cached chunk. Here, A?ase denotes the latest available base chunk at time f. Each refinement is
applied to this base chunk, rather than to the previously refined output, so corrections do not accumulate
across updates. Execution advances through the refined chunk according to elapsed time; fast updates
do not restart this progression. When a new base chunk becomes available, it replaces the cached chunk
and the execution timing is reset for the new chunk. The effective update rates depend on inference and
communication latency.

B.5 Rethinking the Role of Touch through Policy Design Comparisons

GuidedVTLA uses shared tactile guidance to coordinate stage-aware action generation and low-frequency
refinement. The following comparisons clarify this design along four complementary dimensions.

Action and Task Structure. Visual imitation policies learn observation-to-action mappings [13, 20, 49, 54, 59,
71, 72], with action chunking and diffusion providing temporal structure and multimodal action modeling
[14, 82, 83]. VLA models further incorporate language-conditioned task information [6, 29, 31, 32, 45]. Task
structure can be supplied through separate planning modules [15, 26, 52, 56, 66, 85] or closer integration
of reasoning and action generation [9, 16, 41, 44, 78]. These choices concern how a task is organized;
tactile dynamics provide a complementary cue about how physical interaction evolves during execution.
GuidedVTLA uses this cue for stage-aware routing without requiring manual contact-stage labels.

Where Touch Enters the Policy. Visuo-tactile policies can combine visual and tactile features [12, 34],
jointly process the modalities [38], or adapt their weighting through force-related attention [35]. Within
language-conditioned policies, touch can enter through multimodal representations [27, 46], action-generation
modules [37, 68], residual corrections [79], or textual prompts [58]. Thus, where touch enters a policy and
what role it plays are distinct design choices. GuidedVTLA connects two intervention points: shared tactile
guidance conditions routing in the slow expert and conditions low-frequency refinement in the fast expert,
giving base generation and subsequent correction a common tactile context.

What Touch Contributes. Force-aware policies and tactile-force-controlled grippers use contact measurements
to adjust physical interaction [23, 30]. Other approaches exploit predicted tactile observations [67], feedback
at multiple levels [5], or preference learning for insertion [73]. These examples show that tactile reasoning
extends beyond instantaneous reactive feedback. The distinction of GuidedVTLA is therefore not simply the
use of touch for anticipation or correction. Rather, the same temporal tactile guidance coordinates stage-aware
action generation with spectral refinement: the former adapts the action-generation strategy, while the latter
adjusts the retained motion plan using incoming tactile feedback.

Representation and Data. These policy-level choices assume that useful tactile information is available.
Visuo-tactile pretraining [21], simulation-based assembly learning with visuo-tactile adaptation [25], and
robot-free demonstration collection [42] address how useful contact information is learned or acquired. These
efforts are complementary to the policy-level choices above: GuidedVTLA concerns how available tactile
information coordinates base action generation and subsequent refinement, rather than prescribing a new
data-collection interface.

C Analysis and Discussion

C.1 Robustness to Environment and Object Variations

We present qualitative results under lighting changes and object variations. For lighting changes, Figures S5
and S6 show representative successful executions under uniform and non-uniform lighting disturbances.
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Our method successfully completes the manipulation tasks in the illustrated cases.

Train under Normal Light Inference under Uniform Light Disturbance

(2) Pick the First Chip

(a) Fragile
Chips Collection

(3) Place the First Chq‘;\

(b) Cylinder
Collection

(2) 'Bring Cylinder to Target (3) Pick the brush

7
(5)P

(c) Fragile
Fruits Collection

(d) Gears
Assembly

> /
z2 /(4) Pick the Second Gear
Figure S5 Representative successful executions under uniform lighting disturbances: (a) Chips Collection. (b) Cylinder
Collection. (c) Fruits Collection. (d) Gears Assembly.

Train under Normal Light | ______ . . oo, Inference under Non-uniform Light Disturbance T in

(2) Pick the First Chip (3) Place the First Chip (4) Pick the Second Chip (5) Place the Second Chip

(a) Fragile
Chips Collection

(b) Cylinder
Collection

(¢) Fragile
Fruits Collection

(d) Gears
Assembly

4+ 7 7 (1) Initial State  (2) Pick the First Gear ~(3) Insert the First Gear ~ _(4) Pick the Second Gear ~(5) Insert the Second Gea
Figure S6 Representative successful executions under non-uniform lighting disturbances: (a) Chips Collection. (b)

li llection. (c) Fruits Collection. (d bl; . L . .
f3ig %c Varia ?8n§$)wéli‘lezf)ﬁ%ee§r§§esg P N R T e raspberries and strawberries in the fruits collection

task and change the gear colors in the gears assembly task. Figure S7 shows that our method successfully
completes the tasks with these object variations in the illustrated cases.

>,
r

C.2 Generalization to Object Position Variations

We vary the initial object positions on both the bimanual and single-arm platforms. Figure S8 shows
representative successful executions of fruits collection and chips collection on the bimanual platform.
Figure S9 shows successful executions of gears assembly and plug insertion on the single-arm platform. Our
method successfully completes the tasks from the varied initial positions shown in these examples.
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Figure S7 Representative successful executions with object variations. We replace grapes and tomatoes with raspberries

and strawberries in the fruits collectl%rz%sll?eaﬁ ﬁ&gr@gﬁl&g t%e’fg 20’11%12 glg ;}}S ﬁgg{% ebsgg%l’}l task. Time N

Position 3  Position 2 Position 1

Fragile Chips Collection: Change the chips position i >

(1) Initial State (2) Pick the First Chip (3) Place the First Chip (4) Pick the Second Chip (5) Place the Second Chip

Position 2  Position 1

Position 3

1 -
Figure S8 Representative successful executions from varied initial object positions on the dual-arm platform. We
randomize the initial placements of target objects in the fruits collection and chips collection tasks. The red arrows and

gt ~ il ~

eoynIBRGRE SR Cea}gergéee%%sal 05 Yol PP0seHive Guidance and Reactive Refinement

We compare tactile dynamics with raw tactile images as inputs for proactive guidance and reactive refinement.
Figure 7 reports higher success rates for tactile dynamics in both within-sensor evaluation on Sensor A and
zero-shot transfer from Sensor A to Sensor B. The observed decrease in success rate from within-sensor
evaluation to cross-sensor transfer is also smaller for tactile dynamics than for raw tactile images. These
results support the use of tactile dynamics for cross-sensor transfer in the evaluated tasks and sensor pair.
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Figure S9 Representative successful executions from varied initial object positions on the single-arm platform. We
randomize the initial placements of target objects in the gears assembly and plug insertion tasks. The red arrows and
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Figure S10 presents a representative successful zero-shot execution on Sensor B [1] using a model trained

with Sensor A [2]. The model successfully completes the task in the illustrated execution without additional
policy training on Sensor B.
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Figure S10 A representative successful zero-shot execution on Sensor B [1] using a model trained with Sensor A [2]. The

model successfully completes the task in the illustrated execution.

C.5 Limitation and Future Work

Although GuidedVTLA achieves promising performance on multi-stage contact-rich manipulation tasks, it
still lacks the capacity for autonomous adjustment and recovery when subjected to severe human disturbances
or large spatial pose variations. In future work, we plan to address these limitations and investigate whether
tactile feedback can contribute to improved action recovery.
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