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Figure 1: Our system assists users via electrical muscle stimulation; except, it does not deliver fixed-instructions but generates
them. This user requests help to open a window in a foreign country. Our system gathers information: body pose (IMU
suit) + point-of-view (objects, hand-poses) + location (e.g., “Germany”), etc. These are fed to a multimodal-AI that creates
textual-instructions—allowing it to infer that this window opens vertically. As AI-models have no information to respect
joint-limits of the user’s body, our system constrains instructions with embodied knowledge. Thus, opening this window (used
in our user study).

Abstract
Electrical muscle stimulation (EMS) can support physical-assistance
(e.g., shaking a spray-can before painting). However, EMS-assistance
is highly-specialized because it is (1) fixed (e.g., one program for
shaking spray-cans, another for opening windows); and (2) non-
contextual (e.g., a spray-can for cooking dispenses cooking-oil, not
paint—shaking it is unnecessary). Instead, we explore a different
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approach where muscle-stimulation instructions are generated con-
sidering the user’s context (e.g., pose, location, surroundings). The
resulting system is more general—enabling unprecedented EMS
interactions (e.g., opening a pill bottle) yet also replicating existing
systems (e.g., Affordance++) without task-specific programming.
It uses computer-vision/large-language-models to generate EMS-
instructions, constraining these to a muscle-stimulation knowledge-
base & joint-limits. In our user-study, we found participants success-
fully completed physical-tasks while guided by generative-EMS,
even when EMS-instructions were (purposely) erroneous. Partici-
pants understood generated gestures and, even during forced-errors,
understood partial-instructions, identified errors, and re-prompted
the system. We believe our concept marks a shift toward more
general-purpose EMS-interfaces.
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1 Introduction
Procedural-knowledgeis denoted as the "know-how" of performing a
task, in contrast to knowing facts [17, 105]; it includes thesequences
of movementsneeded to achieve the task. For instance, knowing
the mechanism of a pickle jar is not synonymous with being able
to open it e�ortlessly (it requires a speci�c gesture and force, e.g.,
leveraging grip friction to enable a strong twist). Supporting users
in these situations is very challenging, as procedural-knowledge is
often acquired from lived-experiences, and simply relaying facts is
often insu�cient [58, 74, 123].

To tackle this, much e�ort has been dedicated to engineering
interfaces for physical assistance viaforce-feedback[12, 21, 32, 63,
72, 75, 93, 99]. One interface that has gained popularity in the last
two decades, with ~150 publications on the topic in HCI alone [24],
is electrical muscle stimulation (EMS) due to its wearability. Inter-
active systems based on EMS move the user's body via electrically-
actuated movements. Examples of interactive EMS-assistance in-
clude: sign-language [76], eyes-free navigation [98], piano-playing
[73, 97], and demonstrating movement instructions to assist users
in operating objects that users have not used before [63]�in A�or-
dance++[63], EMS is used to help users discover actions, e.g., force
users to shake a spray-can before painting.

Unfortunately, the ~150 systems in HCI using EMS for physical
assistance [24] are highly-specialized due to their(1) rigid pro-
gramming: movement instructions are crafted in advance rather
than generated in real-time (e.g.,A�ordance++[63] provides only
six �xed EMS-instruction sequences) resulting in limited sets of pre-
de�ned movements; and(2) non-contextual : EMS-systems ignore
contextual-cues that could enable assisting users in more complex
situations (e.g.,A�ordance++shakes a spray-can for painting, but
it would fail to recognize that a cooking oil spray-can does not
require shaking).

Towards our goal of advancing the research in interactive sys-
tems based on EMS, we explored a new avenue: we engineered a
system thatgeneratesEMS-instructions given the user's request
& context. As depicted in Figure 1, our system takes advantage of
multimodal-AI: it takes in a user's spoken-request and images from
their point-of-view (POV); it uses computer-vision (e.g., detect ob-
jects/hands) large-language-models (e.g., reason about objects, situ-
ations, surroundings), EMS-knowledge (e.g., feasible movements)

and joint-information (e.g., joint-limits, kinematic-chain) togen-
erateEMS-instructions that werenot part of the system's built-in
programming. In this particular example, where the user is facing a
tilt-turn window (common in parts of Europe) that can be opened
by turning the handle vertically, our EMS-system generated EMS
movements that actuated the user's body, depicting the movements
needed to open the window (i.e., stimulate the shoulder to turn the
handle, then biceps to pull).

1.1 Scope and contribution
Our contribution is two-fold, onetechnicaland oneconceptual.

Our conceptual contribution is proposing a type ofphysical
assistance based on multimodal-AI. Unlike traditional AI-based in-
terfaces, the feedback that our AI provides to its users is primarily
in the form of (electrically actuated)muscle movements. This type
of unique AI-feedback allowed us to put forward a novel form of
embodied-AI : an AI that understands & assists with body move-
ments, rather than with language.

Our technical contribution is improving EMS-based interactive
systems by leveraging multimodal-AI reasoning togenerateelec-
trical muscle stimulation instructions that werenot part of the
system's built-in programming. As such, our work builds on EMS
research [24] and contributes a generative-EMS architecture that
yields new bene�ts and insights into EMS research. As depicted
in Figure 2, we complement our (a) open-source implementation
which we hope will accelerate new research in this area with (b)
an ablation study that characterized our implementation; and (c) a
user study, where we found that, even when such systems fail (e.g.,
generated incorrect instructions), participants were able to recover
and interpret gestures and successfully perform the intended tasks.

Finally, it is important to underscore that our contribution is
centered only around proposing, implementing, and measuring the
generation of EMS instructions rather than comparing EMS-based
assistance against other modalities (e.g., visuals, auditory), or im-
proving upon the existing limitations of EMS (e.g., its practicality).
Moreover, while there are many technical routes to implement
our concept (e.g., other multimodal-AI techniques, reinforcement
learning, simulators), our key contribution is not to exhaustively
implement all these alternatives, but to examine the value of in-
struction generationfor interactive EMS-systems.

2 Related work
Our work is focused on advancing interactive systems based on
EMS. While EMS is not the only actuator capable of physical as-
sistance, we focus on it due to its wearability when compared to
mechanical actuators [7, 14, 15, 31, 39, 71, 125]. As we aim to gener-
ate EMS-instructions, we review key works in multimodal-AI. Given
the wide range of this area, we provide only a succinct review�refer
to [5, 18, 109, 111, 124] for extensive reviews.

2.1 Conveying procedural-knowledge through
haptic feedback

Procedural-knowledgeis denoted as the "know-how" of performing
a task [17, 105]. It supports the acquisition/retention of manual
tasks, and it does not depend just on declarative knowledge or
vision [45, 88, 113]. Studies found that procedural-knowledge is
learned implicitly via experience�people can learn it even if they
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Figure 2: Preview of contributions: (a) our system architecture; (b) ablation study suggests it produced ~3x fewer errors; (c)
results from user study suggest they were able to use our system to perform physical tasks, even if instructions contained
simulated errors.

cannot articulate it [58]�physical know-how is usually shown
or felt rather than described [74]. People tend tolearn by doing�
hands-on experiences involving active manipulation allow them
to associate movement instructions and more easily remember the
task [26, 67, 69].

One promising way to deliver a hands-on user experience is
through haptic feedback. For instance, providing movement guid-
ance with haptic feedback bene�ts learning physical tasks, such as
surgical procedures [80,123], sports [91,104], welding [121], as well
as memorizing movement sequences [16, 74]. In fact, several studies
con�rmed the added value of haptic feedback with respect to motor
learning [28, 65, 70, 94]. With respect to the scope of our work�i.e.,
a form of haptics known as electrical muscle stimulation�many sys-
tems demonstrated the bene�ts of using EMS to actuate the user's
body to demonstrate procedural knowledge [22, 23, 36, 63, 103]. In
fact, recent �ndings suggest that EMS can, in certain contexts, out-
perform other types of haptic feedback for skill transfer [56]. It is
important to underscore that many other modalities can be used to
convey procedural knowledge (e.g., visuals, audio); however, these
lay outside the scope of our paper, which is focused onelectrical
muscle stimulation.

2.2 Electrical muscle stimulation (EMS) as force
feedback

EMS actuates the body by electrically contracting muscles. While
it originated in rehabilitation [96], it became a popular choice
for force-feedback, as its hardware is smaller than mechanical-
actuators [61]. This led to ~150 EMS-publications in HCI [24], such
as AR/VR [13, 49, 62, 64], or skill-acquisition [22, 36, 63, 103]. Given
our scope, we focus on assistance-based EMS-systems (see [24] for
a more general discussion of application areas in interactive-EMS).

Typically, assistance-based EMS-systems convey information by
moving the body. For instance,A�ordance++[63] provides EMS
movements for six objects the user might encounter (e.g., move-
ments to shake a spray-can before painting). However, these EMS-
instructions are �xed�when a user encounters a new object that
requires instructions not found in the system's built-in program-
ming (e.g., open a pill bottle), current generation EMS-systems
cannot adjust their movements to tackle this. Similarly, the instruc-
tions delivered by traditional EMS-systems are non-contextual. For
instance, whileA�ordance++[63] delivers EMS-instructions to op-
erate a spray-can while painting (e.g., it shakes the can), yet, these

would fail to assist a user who is spraying cooking oil (no shaking
is needed)�in this case, contextual cues could aid in resolving this
by including the visuals of the tools or surroundings (e.g., kitchen,
frying pan). These contextual cues need not be visual; they could
be based on the user's geolocation (e.g., some tools work di�erently
in di�erent regions of the globe) and so forth.

Our research question is as follows: if EMS-systems were given
the ability to provide �exible instructions and understand contex-
tual cues, could it widen their scope? (e.g., support users even in
situations not explicitly included in their programming?). To embed
this novel level of understanding in EMS, we turned to a range of
technical approaches, namely, multimodal AI and constraining AI
output with additional domain-knowledge (e.g., EMS knowledge).

2.3 Multimodal-AI to reason on unknown
objects/situations

Integrating large-language-models (LLMs) with computer-vision
has enabled reasoning on more complex visual contexts�leading
to vision-language-models (VLMs) [118, 122]. Many models exist
that can either reason on visual concepts learned from natural lan-
guage descriptions (e.g.,CLIP[90]) or hybridize object-detection
with language models (e.g., [35, 117]). An area of rapid progress is
re�ning multimodal pipelines to improve accuracy (e.g.,Instruct-
GPT[81] and Self-RAG[4]� to cite a few). Given the breadth of
multimodal-AI, we recommend detailed surveys [5, 41].

Multimodal-AI was leveraged in many interfaces for assistance
(an exhaustive list of LLM applications in HCI is provided in [82]),
including assisting blind users in recognizing objects [9, 55] or
guiding procedural tasks via audiovisual feedback [2, 42, 54]. While
audiovisual guidance is important, we focus on a di�erent type of
assistance: movement assistance via force-feedback�i.e., demon-
strating a task not with audiovisuals but viamovements.

With respect to generating force-feedback instructions, we can
draw parallels to robotics. Multimodal-AI models, supplemented
with robotic-speci�c training or �ne-tuning, have been shown to
generate task-planning for robotic manipulators [1, 77, 110]. We
also use multimodal-AI to generate instructions, but we focus on
generating EMS-instructions to be delivered directly to the user's
body (not via an external robot), which requires enabling the system
to consider the user's current body pose, joint-limits, the capabilities
of EMS, etc.
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2.4 Balancing general-reasoning with
domain-speci�city

Foundation models are suitable for reasoning ongeneral taskssince,
to some degree, they reason through abstract instructions [27], can
parse these into steps [54, 68, 114], extrapolate to unseen examples
[19, 51], �nd clues in text or images [118, 119], etc.�all of which are
critical properties if a system desires to assist users in a task that is
not part of its built-in programming. This is the key reason why we
leverage LLMs/VLMs to generate instructions. However, as we will
detail in Implementation Study, foundation models are not designed
to output electrical muscle stimulation and can fail/hallucinate
when selecting the correct joint to move, request moving a joint
past its biomechanical limits, and so forth.

A popular approach to tackle this is toconstrainthe output
of the model to generate domain-speci�c responses. This can be
implemented in a number of ways, such as knowledge-graphs
[101, 120], �lters [ 59, 116], and so forth. For instance,CoScript
[116] uses an LLM to generate instructions for tasks but �lters
the outputs using a similarity score, allowing it to pick options
that best match constraints set in the prompt (e.g., �make a cake
for diabetics� deprioritizes using sugar);Scaling Up and Distilling
Downuses success-�ltering for LLM-guided robot skill acquisition
[33] (this �lter learns from successful outputs, prioritizing these);
SHAPE-IT[89] used retrieval augmented generation to map LLM
textual-instructions to pin-based display animations, etc. Inspired
by these, we leverage constraints to transform textual-instructions
into muscle-stimulation instructions. In our case, the constraints
considerEMS-knowledge(e.g., user's pose, joint-limits, kinematics).

3 Walkthrough
To illustrate the �exibility that our approach adds to AI interactions,
we demonstrate via a walkthrough. In this example, our system acts
as a form ofembodied-AI �a system that, rather than assisting
its user with (audiovisual) textual instructions, assists its user by
means of generated (electrically actuated) muscle movements.

Figure 3 (a) depicts our user wearing a rendition of our concept
(seeImplementation Study), comprised of an electrical muscle stim-
ulation & motion-tracking suit (Teslasuit), alongside glasses with a
camera and a microphone (Meta Ray-Ban). Our user, who is travel-
ing to a foreign country, is struggling to operate objects. Confused
by a window, she asks our system, �EMS, help me open this window
for ventilation?� (�EMS� is the wake-up word for invocation).

All interactions in our examples depict unmodi�ed EMS-outputs
of running our system as shown (e.g., using these voice prompts,
these POV photos, electrodes placed as is, etc.). These two examples
(opening a non-traditional window and a pill bottle with a locking-
mechanism) are also featured in our studies (seeAblation Study
andUser Study.

To assist the user, our system gathers information. It captures
her point of view and location (e.g., �Germany�, the country she
is visiting). Using computer-vision, it extracts objects (�window�
and �handle�) and hand poses. These are passed to our architecture,
which uses multimodal-AI and our EMS-knowledge to generate
instructions (seeImplementation Study). Now, as depicted in Figure
4, our system is ready-to-act and informs the user (�I will move
�ngers and arm�) andwaits for con�rmation. After she con�rms

Figure 3: (a) User asks for help with window. (b) Their POV.

(�EMS, continue�), it delivers movement instructions via EMS, caus-
ing their body to grasp the handle (�nger �exion), turn the handle
to the upwards position (wrist pronation & shoulder abduction),
and pull the handle to tilt the window (elbow �exion).

Figure 4: EMS sequence that opens the window in tilt mode.

After this, in Figure 5, our user tries to open a pill bottle they
got at the pharmacy, featuring a locking-mechanism unfamiliar to
them. Failing to open it, she asks, �EMS, help me�. This time, we
opted for an example where the user's request is vague (no mention
of goal/object); yet our system gathers contextual-cues to generate
EMS-instructions.

Figure 5 (c) depicts that, after the user's con�rmation, our system
delivers the EMS-instructions that cause her hands to squeeze the
cap (�nger �exion) and turn the cap (wrist abduction). During EMS,
our system uses checkpoints to select the next EMS-instruction as
needed. For instance, when not seeing that the cap was removed, it
adjusts the EMS plan to open the cap inrepetitivemovements (grasp
�ngers, turn clockwise, release �ngers, turn counter-clockwise�
repeat). It executes this until it reaches the checkpoint (i.e., deter-
mines the cap is out) or the user verbally stops the interaction
(e.g., �EMS stop�) or the user moves against the EMS feedback (e.g.,
employed also by [63] as a quick-stop).

However, note that we intentionally complicated this example
to illustrate a failure-case and how the added �exibility might allow
our system to recover. Despite the EMS-assistance in the last step,
the pill bottle did not open. Thus, not seeing the cap removed, the
user intervenes: �EMS, it did not open. Try something di�erent?�.
In response, our system restarts, but appends the output of the
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Figure 5: (a) User asks for help with a pill bottle. (b) Their
POV. (c) The system can understand some degree of the state
of objects, which is used to add �checkpoints� to the muscle-
stimulation instructions, e.g., repeat until the cap is removed.
(Although, as we will see in the next step of this walkthrough,
this will not open this type of pill bottle.)

previous interaction. This allows the reasoning to generate another
solution, which is depicted in Figure 6 (�I can push �ngers and turn
wrist�). The user con�rms, and the EMS actuates the body, which
causes the bottle cap to open�turns out it was apush-turncap
mechanism rather than asqueeze-turn.

Figure 6: (a) User intervenes and asks for a di�erent approach,
which triggers our system to generate a new sequence of
electrical muscle stimulation assistance.

Finally, we purposely illustrated extremely verbose examples in
which the muscle stimulation plan is read aloud to the user via text-
to-speech. This is not the only way such an embodied-AI system
can preview its muscle-based instructions to the user. In fact, our
system features two additional operational modes that preview the
EMS-instructions using (1) low-intensity EMS (i.e., creates very
subtle movements) or (2) sub-threshold EMS (i.e., the simulation
creates electro-tactile feedback that suggests movements without
physical limb displacements).

4 Implementation
To help readers replicate our design, we provide technical details
in this section and open-source all of our codebase in our reposi-
tory1 (also available in theSupplementary Material). Furthermore,
to illustrate key aspects of our implementation, we provide system
diagrams and, inAppendix, examples that showcase the contribu-
tion of a particular module/feature (all examples in this section were
created using our complete system; for our technical evaluation,
seeAblation Study.

First, to illustrate the di�erence between naïvely generating EMS-
instructions using an LLM vs. by leveraging our system, Figure 7
provides detailed output from theWalkthrough(i.e., opening the
window to air the room).

Figure 7: Juxtaposition of naïve OpenAI GPT-4.1 vs. our sys-
tem.

In both cases above, the LLM is the same (OpenAI GPT-4.1);
however, the naïve case depicts how foundation models excel at
general-reasoning but fail to consider EMS-knowledge (e.g., incor-
rect use of wrist extensor), contextual-cues (e.g., failed to identify
the tilt-turn window), or joint-information (e.g., current wrist pose).
Adding these EMS considerations is a technical challenge that our
1Code available at https://embodied-ai.tech
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system solves. Figure 8 details the system modules needed to imple-
ment these capabilities. Also, prompts and EMS-knowledge-base
are inSupplementary Material.

Figure 8: Outline of our system's architecture and each of its
implemented modules.

4.1 User interactions
As depicted in Figure 9, this module handles interactions between
users and submodules. By piping video and audio from the smart-
glasses (similar to [38]), our system transcribes speech-to-text (upon
detection of the �EMS� wake-up word). Using speech, users can
make requests (e.g., �EMS, help me with this�) or adjust the delivery
of EMS-instructions (e.g., saying �repeat�, �slow down/speed up�,
�pause�, �stop�, �resume�). Before EMS takes place, the system reads
out a summary of the soon-to-be stimulated muscles and awaits
user con�rmation.

Advanced settings. Users can also con�gure how the stimu-
lation operates. They can adjust the stimulation mode by saying
�EMS stimulation mode: �actuate, nudge, or tactile.� These modes
change the overall intensity of the stimulation: �actuate� sets the
stimulation at the maximum intensity calibrated by the user, �nudge�
sets it at a medium-intensity value, and �tactile� applies sub-motor
threshold stimulation (not strong enough to cause an involuntary
contraction). Users can also change how the system behaves when
movements are beyond EMS capabilities by saying �EMS, com-
pletion mode:partial or full �. In partial-mode, our system will
execute all instructions but skip the ones that it cannot �nd a suit-
able EMS-instruction in our EMS-knowledge base (e.g., if there
are no electrodes on the left hand, but the task would require left-
hand movements)�in this case, it will still say these instructions
out loud. Conversely, in the full-mode, the system will stop if the

Figure 9: Information �ow in the User interactions module.

sequence contains any instructions without an EMS counterpart.
Finally, users can add custom settings, which are saved in the sys-
tem's prompt (e.g., �EMS, user-settings: my right hand has a weak
grasp�).

4.2 Context-aware tutorial generation
Figure 10 depicts the �ow of information in this module, which uses
multimodal-AI to generatetutorial-like descriptions to perform the
requested task. Rather than just taking the user's spoken request,
it also appends the following (if available): POV image + location +
output of previous interaction. Most of the contextual-analysis is
done by the LLM (OpenAIGPT-4.1), but to infer object-in-hand, we
leverage hand tracking (MediaPipe)and object classi�cation (YOLO)
as LLMs are statistically more biased [40] (e.g., only 10.5% of the
population is left-handed [83] and LLMs could hallucinate right-
handed instructions, even if an object was grasped on the left). See
Appendixfor comparisons of contextual-analysis outcomes with
and without GPS locations, visual contexts, and user requests.

Figure 10: Information �ow in the Context-aware module.



Generative Muscle Stimulation: Physical Assistance by Constraining Multimodal-AI with Embodied Knowledge CHI '26, April 13�17, 2026, Barcelona, Spain

4.3 Movement-instruction generation
Figure 11 depicts this module, which uses an LLM to parse the out-
put of the previous module (i.e., a tutorial description) and generate
a sequence of speci�c movements, taking into account body-pose
and any added preferences. Current body pose is obtained by a
mocap-suit (Teslasuit) and by the glasses' camera (MediaPipe) for
hand pose. Then, to convert poses to text (for LLM), we utilize a
rule-based system that describes the pose of each limb along an
X-Y-Z axis projected from the user's egocentric-view (e.g., �palm up�
if the palm faces the ceiling, and so forth), all computed in Unity3D.
SeeAppendixfor a side-by-side example of generated movement
instructions with and without body pose.

Figure 11: Information �ow in Movement instruction gener-
ation module.

4.4 Stimulation instruction generation
This module uses an LLM toselecta set of EMS-instructions from a
knowledge-base of feasible EMS-actuations. As depicted in Figure
12, it achieves this by taking the output of the previous module (i.e.,
movement-based instructions), and for each of these, it selects any
number of gestures from the EMS-actuations knowledge-base to
achieve this movement instruction. It is worth noting that there are
a number of technical ways to achieve this step (including without
LLMs, using more traditional text-�ltering methods).

Also, as depicted in Figure 7, without such an EMS knowledge-
base, a naïve-LLM will not output valid EMS commands that a
stimulator can execute (as these have speci�c EMS-stimulation
parameters, e.g., pulse-width, amplitude, etc.).

4.5 Constraining instructions with
EMS-knowledge

This module uses arule-based system (no-LLM) tomodify the
output of the previous module (i.e., sequence of stimulation in-
structions), and takes into account hard-constraints (i.e., a table of
joint-limits obtained from [8, 11, 86, 87], the current pose from our
tracking, and a list of the human joints as a kinematic-chain) as
depicted in Figure 13. For each stimulation instruction: (1)stopthe
instruction if it is not biomechanically possible (e.g., stops if the
EMS-instruction requires �turn neck, clockwise, 180 degrees�); (2)
stopthe instruction if the joint's current-angle would not allow it

Figure 12: Information �ow in Stimulation instruction gen-
eration module.

(e.g., stops for the instruction �turn neck, clockwise, 10 degrees� if
the neck is already at its maximum angle); and, more generally-
speaking, (3)attempts to adjust the instruction if there is a
parent joint (i.e., the joint that is closer to the torso from the cur-
rent joint) in the kinematic-chain. If this is the case, it adds up the
angles of successive movements in upward joints until the target
angle was reached or is deemed impossible�for instance, for the
instruction �wrist, abduction, 45 degrees� while the user's wrist
is fully-extended, it would proceed to the parent joint (i.e., elbow)
and examine its current pose (and if not maxed out) would extend
it by 45 degrees. This repeats iteratively up the entire kinematic-
chain. As we show in our ablation study, this adjustment-step is
important since a multimodal-AI might ignore or hallucinate some
pose aspects (e.g., individual joint-limits, assume poses, etc.) during
instruction generation.

4.6 EMS assistance
This module, depicted in Figure 14, uses a rule-based system and
an LLM to, respectively, check if the EMS is moving a joint, and
determine if instruction-checkpoints were reached.

Execute stimulation. EMS is delivered via aTeslasuitwith
80 EMS channels: 16 per each of the four limbs and 16 on the
torso (see electrode-placement map in [106]) which is controlled
usingTeslasuit's Unity3DAPI [107]. Like most EMS devices, this
API allows control of the frequency, amplitude, pulse-width, and
duration of a stimulation�these are per-user pre-calibrated settings
for the desired muscle (seeConstrainingmodule).

EMS-checker.From the currently actuated-joint and its target-
direction, a rule-based system checks if this joint is:(1) moving in
the expected direction: system continues;(2) not moving sig-
ni�cantly against a pre-calibrated IMU-threshold: after 3-seconds
without movement, EMS is halted and depending on the user-
selected completion mode, this stimulation is skipped or the entire
interaction stops; or,(3) moving in the opposite direction : user
opted to cancel the EMS by moving in the direction opposite to
EMS-actuation, which stops the interaction. This applies when a
collision occurs, as the observed movement is not the same as the
instructed one.
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Figure 13: Information �ow in the Constraining module and
an example of joint constraints in action: (a) without con-
straints, a generated EMS-instruction might actuate a joint
beyond its limits (e.g., wrist past 45 °); conversely, (b) the
constraining module distributes the angles over the kine-
matic chain (e.g., moves the wrist by 14 ° and the elbow by
31°�adding up to the intended 45 °).

Checkpoints. After all the EMS-instructions for this movement
instruction have been delivered, our system takes a photo of the
outcome and uses its LLM to select the next movement instruction
(from the previously generated list). This allows the system to en-
gage in a �checkpoint�-like behavior, where it can skip instructions
if two steps were achieved in one-go (e.g., potentially due to user's
own intervention), or even repeat instructions up to �ve times (e.g.,
as seen when the pill bottle cap did not open in theWalkthrough).

4.7 Additional safety-considerations
Apart from joint-limit considerations, we implemented typical EMS
safety-considerations (e.g., movements calibrated per-user to op-
erate pain-free). Further, theuser interactionsmodule runs in a
separate process, providing always-available control (i.e., �EMS

pause/stop� or moving against EMS-actuation, detected by body-
pose tracker). Finally, interactions via our full system are always
user-initiated and require user-con�rmation before stimulation.

Figure 14: Information �ow in the EMS assistance module.

5 Technical evaluation via an ablation study
In this evaluation, we break down the contributions of the modules
through an ablation study, where we compare instructions gener-
ated by one version of our system (e.g., complete system, ablation of
a module, and a Naïve-VLM with our EMS-knowledge base) against
a set of ground-truth EMS-instructions. To accelerate research in
this area, we provide ground-truth and generated EMS-instructions
in Supplementary Materials�this is unprecedented in this thriving
research area, as no such datasets exist.

5.1 Study design
Ground truth data. These EMS-instructions were handwritten
by the authors before the evaluation. The three authors authoring
these instructions jointly have 23 years of experience with EMS.
For each task's starting point (a photo of a user's hand poses and
the objects they see in front), we designed the smallest possible
set of EMS-instructions to deliver procedural-knowledge required
for the task�as mentioned, accuracy of EMS is not matched with
that of humans [20]; thus, our system focuses on gestures that
approximate the procedural-knowledge, but do not match human
dexterity. Because the ground-truth is written in EMS commands,
not in plain language, these were re�ned & validated using EMS
code (i.e., we posed our bodies as shown in Figure 15 and applied
EMS to match gestures that would provide procedural-knowledge to
a user). This process took ~20 hours. Succinctly, the �nal instruction
sets, provided inSupplementary Material, are structured as follows:
T1 (task 1) with three gestures (index, wrist), T2 with one gesture
(index �exion), T3 with four gestures (index, thumb), T4 with eight
gestures (including shoulder, �ngers), T5 with two gestures (ankle
eversion/�exion), T6 with nine gestures (including shoulder, hand),
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