SemanticVLA: Towards Semantic Reasoning over Action Memorization via
Synergistic Explicit Trace and Latent Action Planning

Supplementary Material

A. Model Architecture Details

We provide comprehensive architectural specifications for
SemanticVLA’s three core components: the semantic la-
tent action tokenizer, VLM co-training architecture, and
flow matching action decoder. Our design maintains strict
modality separation where trace coordinates and latent to-
kens provide semantic guidance to the VLM, while raw ac-
tions are confined to the action expert.

A.1l. Semantic Latent Action Tokenizer

Our two-stage VQ-VAE learns trace-guided latent action to-
kens without language contamination. Stage 1 extracts pure
geometric primitives from trace coordinates, while Stage 2
grounds these into visual observations through dual recon-
struction supervision.

Stage 1: Trace-Level Geometric Abstraction. The trace
encoder processes normalized 2D coordinate sequences
7 = (p1,...,pr) where p; € [0,1]? through 12-layer
transformers with sinusoidal position encoding. The en-
coder compresses traces into continuous representations
2" which are quantized into a 32-entry codebook C"
producing 4 discrete tokens per trace. A 5-layer decoder
reconstructs original traces supervised by [Ztvrgce. This stage
learns geometric manipulation primitives (reaching, grasp-
ing, placing) invariant to visual appearance. The trace
length L matches the action chunk size H used in down-
stream tasks. Architecture details in Table 3 (left).

Stage 2: Visual Grounding with Geometric Scaffolding.
The fusion encoder combines pretrained trace codebook en-
tries "¢ with frozen DINOv2 features h"sudl ¢ R256%768
from observations (o¢, 044 ) via cross-attention, where ge-
ometric priors query task-relevant visual regions. Four
transformer layers refine these fused representations be-
fore quantization into action codebook C* (32 entries, 4 to-
kens), yielding latent actions e, = c¢; . Dual reconstruc-
tion—spatial decoder for trace precision (L% ) and visual

recon
decoder for semantic understanding (£Y5%3)—ensures e,

recon
captures both geometric structure and scene-specific seman-
tics. The spatial decoder reuses the trace encoder/decoder
architecture from Stage 1. Both decoders are discarded

post-pretraining. Architecture in Table 3 (right).

A.2. VLM Co-training Architecture

Building upon pretrained latent tokens, we integrate dual-
path reasoning into the VLM backbone, which fuses
SigLIP and DINOvV2 visual encoders with a large lan-
guage model. To enable latent action prediction without

introducing raw action tokens that degrade reasoning ca-
pabilities, we expand the vocabulary with K = 32 spe-
cial tokens {<ACT_1>,...,<ACT_K>} corresponding to
the action codebook C®. Given observation o; and in-
struction ¢;, the VLM generates explicit trace reasoning
as textual coordinate sequences through its native language
interface, directly reusing pretrained spatial grounding to
produce 7. Simultaneously, it predicts a sequence of la-
tent action token indices 1.5 through the same language
modeling head, producing compact semantic representa-
tions. We apply Low-Rank Adaptation (LoRA) to vision-
language projectors and LLM attention layers while keep-
ing visual encoders frozen, enabling efficient finetuning that
preserves foundation model capabilities. During Stage 2 co-
training, supervision derives purely from spatial traces and
pretrained latent vocabulary—no ground-truth robot actions
are required. This dual-path architecture maintains modal-
ity separation: trace leverages the VLM’s compositional
reasoning for interpretable planning, while latent tokens of-
fer visually-grounded execution guidance.

A.3. Flow Matching Action Decoder

The final component translates discrete VLM outputs into
continuous robot actions through a transformer-based flow
matching decoder. This conditioning mechanism enables
trace to provide interpretable spatial waypoints while la-
tent tokens supply fine-grained visuomotor guidance, with
visual features grounding both in scene-specific observa-
tions. The architecture receives three complementary con-
ditioning signals: (1) latent action hidden states E, from
the VLM’s final layer encoding multimodal reasoning over
observations, instructions, and predicted traces; (2) frozen
trace embeddings e, = ¢T2°(7) from Stage 1 encoder pro-
viding pure geometric structure invariant to visual appear-
ance; and (3) fused visual tokens F),, offering dense spatial
context from current observations. These signals are pro-
jected to a common dimension and concatenated as cross-
attention keys for the transformer decoder. The decoder
employs 4 transformer layers with 8 attention heads and
512 hidden dimensions. Learnable action queries attend
to the fused conditioning through multi-layer self-attention
and cross-attention mechanisms. The feedforward networks
use 2048 dimensions for feature transformation. During
training, we minimize flow matching objectives that predict
velocity fields for iterative denoising from noise to ground-
truth actions, using 10 denoising steps. The action chunk
size is H = 12 for LIBERO and H = 10 for SimplerEnv



Table 3. Semantic Latent Action Tokenizer Architecture. Two-stage VQ-VAE architecture for trace-guided latent tokens. Stage 1 learns
geometric patterns from traces. Stage 2 grounds them in visual observations, with dual reconstruction of trace and visual representations

producing latent actions with both spatial and visual semantics.

Stage 1: Trace-Level VQ-VAE

I Stage 2: Visual Grounding VQ-VAE
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and real-world deployment.

B. Training Details

Our training follows a three-stage pipeline designed to
maintain clean modality separation between VLM reason-
ing and action control. Tab 4 summarizes the complete
training configuration across all stages.

Stage 1: Semantic Latent Token Pretraining. We pretrain
the two-stage VQ-VAE on TraceX-240K for 50K steps with
batch size 512, using AdamW optimizer with learning rate
le-4 and cosine decay schedule. This stage learns trace-
level geometric primitives and visually-grounded action to-
kens without language contamination, establishing a clean
vocabulary of manipulation semantics through dual recon-
struction supervision (Lpar).

Stage 2: VLM Co-training with Trace and Latent Ac-
tion. We co-train Prismatic-7B on TraceX-240K to jointly
predict trace coordinates and latent action tokens for 100K
steps with batch size 256. The learning rate is 1e-4 with co-
sine schedule and 5K warmup steps to ensure stable conver-
gence. The VLM backbone integrates SigL.IP and DINOv2
visual encoders with LLaMA-2 language model—we keep
visual encoders frozen to preserve pretrained visual repre-
sentations while training the language backbone and vision-
language projectors. We employ gradient accumulation
with factor 2 to stabilize training on the expanded vocab-
ulary. Critically, this stage requires no ground-truth robot
actions—supervision derives purely from spatial traces and
pretrained latent token indices through the dual-path objec-
tive Liace + Liatent- This establishes semantic correspon-
dence between explicit trace reasoning and implicit action
primitives latent tokens while preserving the VLM’s com-
positional understanding.

Stage 3: Flow Matching Action Decoding. For down-

stream task adaptation, we finetune the complete pipeline
end-to-end with reduced learning rate 2e-5 for 20K—40K
steps depending on dataset size (e.g., 30K for LIBERO,
40K for SimplerEnv, 20K for real-world tasks with limited
demonstrations). We apply LoRA to the VLM with rank
32 and keep visual encoders frozen, while the flow match-
ing decoder trains from scratch. The combined objective
Liow + AvimLvim With regularization weight Ay = 0.1
ensures action decoder adaptation while preserving dual-
path reasoning capabilities established in Stage 2. Batch
size is reduced to 128 with 1K warmup steps to accom-
modate the larger memory footprint of flow matching. All
training is conducted on 16 NVIDIA H200 GPUs.

C. Dataset
C.1. Dataset Mixture

To enable large-scale pretraining of our semantic latent ac-
tion tokenizer and VLM co-training, we curate TraceX-
240K, a comprehensive trace-annotated dataset contain-
ing 240K robot manipulation trajectories spanning multi-
ple embodiments and task domains. The dataset compo-
sition draws from four major sources: DROID [26], Frac-
tal [5], Bridge V2 [17], and BC-Z [23], selected to max-
imize coverage of manipulation primitives while maintain-
ing balanced representation across robot platforms. DROID
contributes 48K episodes (20%) with dense temporal cov-
erage at 15 FPS, providing rich visual diversity from in-the-
wild Franka manipulation. Fractal supplies 87K episodes
(36%) captured on Google Robot at 3 FPS, offering 599
distinct task variations that enhance compositional gener-
alization. Bridge V2 provides 53K episodes (22%) from
WidowX platform at 5 FPS, covering extensive object and
scene diversity crucial for cross-embodiment transfer. BC-
Z contributes 52K episodes (22%) on Google Robot at 10



Table 4. Three-Stage Training Configuration. Hyperparameters for semantic latent token pretraining, VLM co-training, and end-to-end

finetuning.
Hyperparameter Stage 1 Stage 2 Stage 3
Latent Pretraining VLM Co-training Action Finetuning
Batch Size 512 256 128
Learning Rate le-4 le-4 2e-5
Optimizer AdamW AdamW AdamW
Weight Decay 0.01 0.01 0.01
LR Schedule Cosine Cosine Cosine
Warmup Steps 2,000 5,000 1,000
Training Steps 50K 100K 20K—-40K
Gradient Accumulation 1 2 1
Trainable Modules VQVAE (both stages) | VLM (Full) + Projector | VLM (LoRA) + Decoder
Frozen Modules - Visual Encoders Visual Encoders
Loss Components ‘ Lyar Lirace + Liatent ‘ Liow + AvimLvim

FPS, featuring high-quality teleoperation demonstrations
for pick-and-place primitives. The resulting mixture con-
tains approximately 240K episodes with robot platform dis-
tribution of 20% Franka, 58% Google Robot, and 22% Wid-
owX—ensuring our latent action tokenizer learns general-
izable visuomotor primitives grounded in diverse manipu-
lation semantics.

C.2. Trace Annotation Pipeline

To obtain dense spatial annotations for TraceX-240K, we
develop an automated trace extraction pipeline that ensures
both coverage and precision. For DROID trajectories, we
leverage the camera intrinsics and extrinsics provided in the
updated dataset release to directly project 3D end-effector
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Figure 8. Trace Annotation Pipeline. Automated trace extraction
combining Molmo-72B for keyframe annotation and CoTracker
for dense temporal interpolation, generating spatially-aligned su-
pervision for latent action pretraining.

positions from robot state into 2D image coordinates, yield-
ing ground-truth trace annotations. For the remaining
datasets (Fractal, Bridge V2, BC-Z) lacking such calibra-
tion data, we design an automated annotation pipeline com-
bining vision-language model inference with optical flow
tracking to ensure both coverage and temporal consistency.

Keyframe Annotation. Applying Molmo-72B [14] to ev-
ery frame proves computationally prohibitive and yields in-
consistent predictions due to temporal jitter and occlusion-
induced localization errors. We instead adopt a sparse
keyframe strategy: uniformly sample 8-10 keyframes per
trajectory and prompt Molmo to identify end-effector posi-
tions as normalized 2D coordinates p; = (u;,v;) € [0, 1]2.
This reduces annotation cost by 10-15 x while providing se-
mantic anchors at critical manipulation phases (grasp initi-
ation, transport, placement).

Temporal Interpolation and Refinement. Between
keyframes, we apply CoTracker [24] for dense point track-
ing, propagating gripper locations across all intermediate
frames to generate continuous trace sequences. We fuse Co-
Tracker’s dense predictions with Molmo’s sparse keyframe
anchors through temporal-distance-weighted blending, en-
suring the final traces 7 = (pi,...,ps) remain semanti-
cally aligned with task-critical waypoints while maintaining
smooth, physically-plausible motion. This hybrid pipeline
yields temporally-coherent supervision covering complete
manipulation episodes without manual annotation, with
consistency filtering between Molmo and CoTracker reject-
ing approximately 10% of trajectories exhibiting irrecover-
able tracking failures.
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Figure 9. TraceX-240K Dataset Construction. Our curated dataset contains 240K trace-annotated robot trajectories from several widely-
used robotics datasets, providing diverse manipulation primitives across multiple embodiments with automated dense spatial annotations.

D. Experiment Settings

D.1. Simulation Environments

We evaluate SemanticVLA on two complementary simula-
tion benchmarks that probe different aspects of generaliza-
tion: LIBERO for language-conditioned task diversity and
SimplerEnv for cross-domain visual robustness.

SimplerEnv-WidowX LIBERO

Figure 10. Two complementary Simulations. We conduct two
complementary simulations including LIBERO and SimplerEnv.

LIBERO. We assess manipulation capabilities across four
task suites on the Franka Panda arm [37]: Spatial (spatial
reasoning with position references), Object (object attribute
variations), Goal (goal specification diversity), and Long
(compositional long-horizon tasks). Following established
protocols [28], we finetune independently per suite for 30K
steps with batch size 128 and action chunk size H = 12.
Each suite contains 10 tasks, and we evaluate over 50 roll-
outs per task with randomized initial states. Success is de-
termined by task-specific programmatic checks (e.g., object
placement within tolerance thresholds, sequential subtask
completion).

SimplerEnv. We evaluate cross-domain transfer on the
WidowX manipulation suite [33], which tests robustness
to visual appearance shifts through controlled lighting and
background perturbations. We train on Bridge dataset
demonstrations [17] and evaluate across four tasks: Put
Spoon, Put Carrot, Stack Block, and Put Eggplant. Each

task is assessed over 24 episodes with systematic visual
variations. The WidowX platform’s different morphology
and camera viewpoint from training data enables stress-
testing of learned visuomotor primitives. Following prior
work [9, 50], we finetune for 40K steps with batch size 128
and action chunk size H = 10. Success requires precise
end-effector positioning and stable grasp maintenance, eval-
uated through simulator state checks.

D.2. Real-World Environment

We conduct evaluations on a physical robot platform to val-
idate the performance on tasks requiring genuine visual rea-
soning beyond memorized patterns.

Hardware Setup. Our platform comprises a Franka Re-

search 3 robot arm (7-DOF, maximum reach 855mm)

equipped with a Franka Hand parallel-jaw gripper. Vi-

sual observations are captured through two Intel RealSense

D435 RGB-D cameras: one exterior camera mounted

on an adjustable stand providing third-person view of

the workspace, and one wrist camera affixed near the
end-effector for close-up manipulation feedback. The
workspace is a 120cm x 80cm tabletop with controlled

lighting to minimize shadows while preserving realistic vi-

sual complexity. The system runs on a single NVIDIA RTX

3090 GPU.

Task Design. We evaluate two complementary categories,

each containing 2 tasks with 5 variants per task, totaling 20

task variants with 20 rollouts each:

e Long-horizon compositional tasks require maintaining
coherent plans across sequential subtasks without explicit
subgoal annotations. Table sorting involves categorizing
objects (vegetables, fruits, or meat) into designated re-
gions based on semantic understanding. Food preparing
encompasses multi-step meal assembly such as sandwich
construction, requiring precise sequencing of ingredient
placement and utensil manipulation.

* Reasoning-intensive tasks demand explicit visual rea-
soning integrated with manipulation. Math calculation
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Figure 11. Real-World Robot Platform. Franka Research 3 manipulation system with dual Intel RealSense D435 cameras. Our experi-
ments involve diverse everyday objects (vegetables, fruits, utensils, blocks) in realistic tabletop scenarios for long-horizon compositional

and reasoning-intensive manipulation tasks.

interprets whiteboard arithmetic (e.g., “5+3”) to place
blocks at computed positions, testing VLM’s ability to
perform symbolic reasoning and spatial grounding simul-
taneously. Word spelling composes words from letter
blocks based on whiteboard specifications, requiring in-
tegrated scene understanding, linguistic processing, and
fine-grained pick-and-place control.

Each task variant modifies object positions, scene lay-
outs, or semantic targets (e.g., different arithmetic prob-
lems, alternative word spellings) to probe generalization be-
yond training distributions. Success criteria are manually
verified: for compositional tasks, all subtasks must com-
plete in correct sequence; for reasoning tasks, final object
configurations must match computed targets. We set a max-
imum episode length of 800 timesteps, marking trials as
failures if tasks remain incomplete.

Training Protocol. For real-world deployment, we collect
50 demonstrations per task via kinesthetic teaching. Fol-
lowing Table 4, we finetune the complete SemanticVLA
pipeline for 20K steps with batch size 128 and action
chunk size H = 10. The VLM employs LoRA adaptation
(rank=32) with learning rate 2e-5, while the flow decoder
trains with learning rate le-4. We apply weak VLM reg-
ularization weight Aypp = 0.1 to preserve dual-path rea-
soning established during pretraining. Data augmentation
includes random cropping and color jittering to improve
robustness to lighting variations. This real-world setup
validates three critical properties: (1) sim-to-real transfer
via TraceX-240K pretraining generalizing to physical robot
dynamics, (2) genuine reasoning through tasks requiring
compositional understanding beyond pattern matching, and
(3) sample efficiency by achieving robust performance with
limited demonstrations per task.

E. Generalization Evaluation Setting

E.1. Instruction Rephrasing in Simulation

To assess whether SemanticVLA genuinely understands

language instructions rather than memorizing linguistic-

action correlations, we systematically evaluate robustness

under instruction variations that preserve task semantics

while altering surface forms. Following recent robust-

ness protocols [18, 19, 50], we design rephrasing strategies

across LIBERO and SimplerEnv benchmarks, categorizing

variations into two levels: lexical substitution and semantic-

level rephrasing.

Level 1: Lexical Substitution. This category employs

direct synonym replacement while maintaining sentence

structure, testing robustness to surface-level linguistic vari-

ations:

» Verb variation: “pick up” — “grasp”, “place” — “put”

* Noun variation: “plate” — “dish”, “compartment” —
“section”

* Color adjective: “yellow and white” — “bright yellow”,
“red” — “dark red”

Level 2: Semantic-Level Rephrasing. This category re-

places direct object references with descriptive attributes

or relational properties, requiring genuine semantic ground-

ing:

e Color attributes: ‘“carrot” — “orange vegetable”, “egg-
plant” — “purple vegetable”

 Shape attributes: “can” — “cylinder object”, “bowl” —
“round container”

e Object attributes: “alphabet soup” — “canned food”,
“moka pot” — “coffee maker”

* Spatial relations: “bottom drawer” — “lower compart-
ment”, “back compartment” — “rear section”

* Functional properties: “caddy” — “storage container”,



Table 5. Instruction Rephrasing Taxonomy. Representative examples from LIBERO and SimplerEnv preserving task semantics and

success criteria.

Level Category Original Instruction Rephrased Variant
. Verb variation Pick up the book and place it in the ~ Grasp the book and put it in the rear
Lexical .
o back compartment of the caddy section of the caddy
Substitution
Noun variation Put the spoon on the plate Put the spoon on the dish
Color adjective Put the yellow and white mug in the  Put the bright yellow mug in the mi-
microwave crowave
Color attribute Put the carrot on the plate Put the orange vegetable on the plate
Semantic Shape attribute Pick the can from the basket Pick the cylinder object from the basket
Rephrasing Put the canned food in the basket

Object attribute

Put the alphabet soup in the basket

Functional property

Put the yellow and white mug in the
microwave and close it

Put the yellow and white mug in the
heating appliance and close it

Spatial relation

Put the black bowl in the bottom
drawer of the cabinet

Put the black bowl in the lower com-
partment of the cabinet

Negation

Put both moka pots on the stove

Put the coffee makers that are not in the
sink on the stove

“microwave” — “heating appliance”

* Negation: “put both moka pots on the stove” — “put the
coffee makers that are not in the sink on the stove”

All rephrased instructions are generated using GPT-4
with manual verification to ensure semantic equivalence
and correct object references. For LIBERO, we generate
5 rephrased variants per task across all four suites, yielding
200 test cases (10 tasks x 4 suites x 5 variants). For Sim-
plerEnv, we generate 5 rephrased variants per task across
4 WidowX tasks, evaluated over 24 episodes each. Ta-
ble 5 provides representative examples across both levels
and subcategories. All variants maintain identical task suc-
cess criteria, isolating linguistic robustness from task diffi-
culty.

E.2. Perturbations in Real-World Deployment

Beyond simulation robustness, we assess SemanticVLA’s
resilience to perceptual and task variations encountered in
physical environments. Our real-world evaluation systemat-
ically introduces controlled perturbations across visual ap-
pearance and task configuration while maintaining core task
specifications. This validates whether the dual-path archi-
tecture’s visual grounding (via latent action tokens) and spa-
tial reasoning (via explicit traces) remain stable under distri-
butional shifts characteristic of unstructured environments.
Visual Generalization. We evaluate robustness to appear-
ance variations through lighting and background changes.
For lighting variations, we introduce colored spotlights (red,
blue, green) and laser projections that create additional vi-
sual patterns on the workspace, testing whether latent to-
kens maintain stable visual grounding under novel illumi-
nation conditions that deviate from training distributions.

For background changes, we replace the standard wood-
grain tabletop with alternative surfaces including patterned
tablecloths, textured mats, and high-contrast backgrounds,
probing whether explicit trace reasoning—relying on spa-
tial structure rather than background appearance—provides
complementary robustness to latent tokens’ visual features.
Task Generalization. We test generalization to novel ob-
ject instances and cluttered workspace configurations. For
novel objects, we substitute targets with unseen instances
within the same functional category: different vegetable
types for table sorting (bell peppers, zucchini), alternative
utensils for food preparation (forks, knives), and varied ge-
ometric shapes for reasoning tasks (cylinders, spheres). Ob-
jects maintain similar affordances but differ in visual ap-
pearance and precise geometry, testing whether latent ac-
tion tokens encode manipulation primitives generalizable
across instance variations. For workspace clutter, we intro-
duce 2-6 distractor objects with randomized positions, in-
cluding similar objects (multiple blocks when task specifies
one), partial occlusions (transparent containers), and visual
clutter (task-irrelevant items). For reasoning tasks, we add
salient but irrelevant visual stimuli (e.g., posters with un-
related numbers during math calculation), testing whether
trace reasoning correctly attends to task-relevant spatial re-
gions.

Language Perturbations. We apply instruction rephras-
ing through lexical substitution and semantic reformula-
tion, similarly with Section E.1. Examples include: “Sort
vegetables by type” — “Organize produce into categories”;
“Put meat in brown cylinder” — “Place protein items in the
container”; “Spell the word on whiteboard” — “Form the
word using available letters”; “Answer math problem and
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Figure 12. Real-World Visual Perturbations. Performance under background variation, visual distractors, lighting variation, and object
variation across long-horizon sorting and reasoning-intensive manipulation tasks.

place accordingly” — “Calculate the result shown and po-
sition the object”. These variations test whether the VLM
genuinely reasons about task semantics rather than pattern-
matching specific phrasings.

Each perturbation type is evaluated across all 10 real-
world tasks (2 long-horizon, 2 reasoning-intensive, each
with 5 variants) with 20 rollouts per configuration. Suc-
cess rates are reported per perturbation category. Figure 7
illustrates representative examples showing how dual-path
reasoning maintains robustness: explicit traces provide ge-
ometric anchors invariant to appearance changes, while la-
tent tokens adaptively ground spatial plans in cluttered vi-
sual contexts.

F. Additional Experiment Results

While prior work evaluates trace quality primarily through
downstream task success [31], we provide direct quantita-
tive assessment to demonstrate that our dual-path architec-
ture produces more accurate spatial reasoning. By mea-
suring trace prediction accuracy under open-vocabulary in-
structions, we validate that explicit trace reasoning pre-
serves VLM’s native spatial grounding capabilities while
achieving superior coordinate-level precision compared to
baseline approaches.

Evaluation Protocol. We assess trace accuracy on our real-
world Franka manipulation tasks, where test episodes use
instruction rephrasing unseen during training to probe open-
vocabulary spatial grounding. For each predicted trace 7 =
(p1, - --,Pr), we compute pixel-level deviations from man-
ually annotated ground truth waypoints 7 = (p1,...,pr)
by measuring Euclidean distance in the exterior camera
view at 256x256 resolution. We report mean pixel error

alongside accuracy thresholds at 10px, 30px, and 60px tol-
erance, reflecting increasing levels of spatial precision re-
quired for successful manipulation. Ground truth traces are
extracted from collected real-robot demonstration trajecto-
ries, providing reliable spatial reference independent of task
completion metrics.

Results and Analysis. Table 6 presents trace accuracy
across our real-world evaluation suite. SemanticVLA
achieves a mean error of 16.8 pixels with 68.9% of way-
points falling within 30-pixel tolerance, substantially out-
performing MolmoAct and Magma which exhibit mean er-
rors of 31.6 and 39.2 pixels respectively, with accuracy be-
low 40% at the same threshold. This improvement validates
that our trace-guided latent pretraining provides stronger
geometric priors for spatial reasoning, enabling more pre-
cise coordinate generation through the VLM’s language in-
terface.

The ablation study reveals two complementary benefits
of our dual-path design. Removing co-training between
trace and latent tokens increases mean error to 18.9 pix-
els, demonstrating that joint optimization stabilizes trace
prediction by leveraging latent representations as auxiliary
spatial anchors—the discrete latent codes, pretrained on
pure geometric patterns, act as consistency constraints that
regularize coordinate generation against VLM’s autoregres-
sive sampling noise. Conversely, removing latent action
planning while maintaining co-trained traces yields mini-
mal accuracy degradation but dramatic task success drops
from 62.3% to 48.0%, confirming that latent tokens primar-
ily contribute through execution-level compensation rather
than improving trace precision itself.

Task category breakdown shows that long-horizon tasks



Table 6. Trace prediction accuracy and task success rates on real-world Franka experiments. SemanticVLA achieves superior trace
accuracy through trace-guided latent pretraining. Co-training between trace and latent tokens stabilizes coordinate prediction, while latent
action planning compensates for remaining imprecision during execution.

Method Mean Error (px) | Acc@10px T Acc@30px T Acc@60px 1 Task Success (%) 1
MolmoAct [31] 31.6 18.3 38.7 81.3 40.3
Magma [49] 39.2 14.5 28.5 72.6 359
SemanticVLA (Full) 16.8 32.7 68.9 96.3 62.3

w/o Co-training 18.9 26.4 61.2 94.8 547 (=7.6)

w/o Latent Action Planning 17.3 30.2 65.4 95.8 48.0 (—14.3)

Task category breakdown (Full model):

Long-horizon (Avg) 15.3 36.8 72.1 97.2 73.0
Food Preparing 17.1 314 68.9 96.5 77
Desktop Sorting 13.5 422 753 97.9 69

Reasoning-intensive (Avg) 18.3 28.6 65.7 95.4 51.5
Math Calculation 16.9 33.1 69.2 96.8 58
Word Spelling 19.7 24.1 62.2 94.0 45

achieve higher trace accuracy with mean error of 15.3 pix-
els, as larger manipulation primitives provide clearer visual
targets for spatial grounding. Reasoning-intensive tasks
prove more challenging at 18.3 pixels mean error, where
the VLM must integrate symbolic reasoning with spatial lo-
calization—yet these scenarios demonstrate the largest task
success improvements when latent action tokens stabilize
against coordinate-level noise.

G. Qualitative Analysis

To assess SemanticVLA’s reasoning capabilities and robust-
ness boundaries, we present representative rollouts from
real-world deployment across reasoning-intensive manipu-
lation scenarios. Figures 13-16 demonstrate the system’s
core strength: handling tasks that demand genuine compo-
sitional reasoning—visual interpretation, symbolic calcula-
tion, linguistic understanding, and spatial planning—rather
than memorized action patterns.

Reasoning-intensive tasks. Word spelling (Figure 13)
and math calculation (Figure 14) require the VLM to per-
form explicit reasoning before manipulation. Successful
cases (top rows, green boxes) show robust performance
across lighting variations: the system correctly identifies
letters to spell "RED" and "DOG", and accurately com-
putes arithmetic results to place objects at correct posi-
tions. These successes validate that our dual-path archi-
tecture preserves VLM’s native reasoning capabilities—the
model genuinely "understands" whiteboard content rather
than pattern-matching visual features to action sequences.
However, failure cases (bottom rows, red boxes) reveal brit-
tleness under extreme visual corruptions. Severe lighting
interference causes visual grounding errors where the sys-
tem misidentifies letters or places objects at incorrect spa-
tial locations despite potentially correct arithmetic reason-
ing. These failures expose that while trace coordinates pro-
vide interpretable spatial plans, execution remains vulnera-
ble when perceptual inputs severely degrade both VLM spa-

tial grounding and latent action features simultaneously.

Long-horizon compositional tasks. Table sorting (Fig-
ure 15) and food preparation (Figure 16) demand sus-
tained reasoning across sequential subtasks without ex-
plicit subgoal annotations. Successful cases demonstrate
stable semantic categorization: the system correctly dis-
tinguishes vegetables from meat across workspace clut-
ter, and executes multi-step sandwich assembly maintain-
ing coherent sequencing despite layout variations. Criti-
cally, these tasks require the model to maintain task-level
semantic understanding throughout extended manipulation
sequences—sorting all vegetables before switching cate-
gories, or completing ingredient placement in logical order.
Failure cases reveal reasoning fragility under object config-
uration shifts: Figure 15 top row shows category discrim-
ination failure where the system incorrectly picks chicken
drumstick when instructed to sort vegetables, while Fig-
ure 16 bottom row demonstrates placement errors induced
by distractor container repositioning. These failures sug-
gest that while our approach handles moderate workspace
variations, substantial scene layout changes can disrupt the
learned correspondence between semantic categories and
visual grounding.

The qualitative evidence confirms SemanticVLA’s ad-
vantage on reasoning-intensive manipulation, where ex-
plicit trace reasoning surfaces spatial planning through
VLM’s compositional understanding, while latent to-
kens provide execution-level robustness through visually-
grounded primitives. However, the failure modes un-
derscore that extreme perceptual corruption or ambiguous
scene configurations remain challenging when neither path-
way can reliably establish semantic grounding. Future work
addressing these limitations could explore more robust vi-
sual encoders, adaptive perception preprocessing, or hierar-
chical reasoning structures that enable recovery from inter-
mediate failures.



Success!

Choose the letter 'A’.

Figure 13. Word spelling task case study. Successful cases (top two rows, green) show robust letter identification under lighting variations.
Failure case (bottom, red) reveals visual grounding errors under severe illumination interference.

_ Place the sponge to match the answerof . ______________________________________
’ whiteboard.

,___________

. Place the wooden block to match the answer - - - - - - - - ______________________ -
of whiteboard. Success!

——————————

_ Place the wooden block to match the answer
’ of whiteboard. Place the cube below 20.

Figure 14. Math calculation task case study. Successful cases (top two rows, green) demonstrate genuine reasoning and accurate spatial
placement. Failure case (bottom, red) shows spatial reasoning degradation under extreme visual corruptions.



Sort up vegetables on the table.

Pick the chicken drumstick.
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Figure 15. Long-horizon sorting task case study. Top row (red) shows category discrimination failure. Middle and bottom rows (green)
demonstrate sustained common reasoning for multi-step object categorization despite workspace clutter.
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Figure 16. Food preparation task case study. Top two rows (green) show successful multi-step sandwich assembly across layout
variations. Bottom row (red) shows placement errors induced by distractor container repositioning, exposing reasoning fragility under
object configuration shifts.



H. Limitations & Future Work

Limitations. While SemanticVLA demonstrates strong
performance on reasoning-intensive manipulation, several
aspects merit consideration. Our explicit trace reasoning
operates on 2D image coordinates, inherently lacking depth
information for tasks requiring precise 3D spatial under-
standing such as insertion or fine-grained assembly. When
multiple objects overlap or precise pose alignment is re-
quired, 2D coordinates cannot capture depth ordering or
6-DOF pose constraints, limiting spatial reasoning beyond
planar trajectories—though the dual-path architecture par-
tially compensates through visually-grounded latent tokens
that implicitly encode depth cues. Additionally, while our
compact trace representation achieves substantially higher
inference efficiency than verbose natural language reason-
ing chains, explicit coordinate generation still introduces
computational overhead compared to direct latent action
prediction, as the VLM must autoregressively generate co-
ordinate sequences. Although our decoupling framework
amortizes this cost across multiple execution steps, infer-
ence efficiency remains a trade-off for interpretable spatial
planning.

Future Work. Several promising directions could address
these limitations and extend our framework’s capabilities.
Extending trace representations to 3D space—such as pre-
dicting depth or generating 3D waypoint clouds—could en-
hance spatial reasoning for manipulation requiring precise
pose control in complex scenes. More efficient action de-
coding through adaptive trace discretization or hierarchi-
cal reasoning could optimize inference by reserving fine-
grained waypoints only for complex manipulation phases.
Additionally, incorporating reinforcement fine-tuning could
improve robustness through trial-and-error learning, while
hybrid architectures that selectively trigger explicit lan-
guage reasoning for ambiguous scenarios could balance
trace-based efficiency with adaptive deliberation. More
broadly, we envision continued exploration of how System
1 (fast, implicit) and System 2 (slow, deliberate) reasoning
can be effectively integrated in embodied Al—preserving
VLM'’s compositional understanding while maintaining ac-
tion experts’ precise control. Our dual-path paradigm com-
bining explicit trace reasoning with implicit latent action
planning offers a principled framework that we hope will
inspire the community to rethink how vision-language mod-
els should interface with robotic control, treating VLMs as
reasoners rather than action memorizers.
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