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Abstract

Large scale representation learning has produced public
foundation models that provide strong general purpose vi-
sual features. However, their pretraining objectives are not
designed for robot representation learning, so the resulting
embeddings tend to emphasize global semantics rather than
the temporally sensitive representations required for robot
control. Training robot models from scratch is also unde-
sirable due to the limited scale and high collection cost
of robotics data, as well as the substantial computational
burden of pre-training. In this paper, we propose SPARK
(Simple Post-training for Adapting pRetrained Knowledge),
a post training method that adapts foundation models to
robot control. SPARK is built on two principles: dynamics-
aware abstraction, which encourages the encoder to de-
rive compact features that preserve information essential
for understanding temporal changes and action-relevant
scene structure, and knowledge preservation, which aligns
patch-level representations with those of the original foun-
dation model to retain useful pretrained semantics. These
objectives yield compact visual state representations that re-
main semantically meaningful while preserving useful prior
knowledge. Experiments across multiple robotics bench-
marks show that SPARK consistently improves success rates
and generalization over vanilla foundation models, and fur-
ther demonstrate that these gains transfer to real-world
robot manipulation.

1. Introduction

The evolution of robot representation learning [5, 17-19,
21, 23] has primarily centered on modeling dynamics in
spatiotemporal visual observations. This line of research
has produced representations effective for imitation learn-
ing and robot control, where success depends on capturing
object motion, scene transitions, and task progress from vi-
sual input. In parallel, general-purpose visual representa-
tion learning has increasingly emphasized visual-language

alignment for transfer. From this perspective, conventional
robot models remain limited, being largely optimized for
narrow control distributions rather than language-grounded
semantics.

Learning robot representations directly from paired
video-language data offers a direct route to unifying em-
bodied dynamics with language-level semantics. However,
collecting robot vision-action data at scale is expensive and
typically limited to laboratory settings, making it difficult to
cover diverse scenes, objects, and interactions. This has led
prior work to learn visual representations from large-scale
video data without robot actions, in order to capture phys-
ical dynamics that may benefit downstream robot learning.
While such approaches improve scalability and provide tem-
poral supervision, they still lack the broad semantic cover-
age and vision-language alignment available in foundation
models trained on web-scale corpora. These limitations mo-
tivate a different strategy that adapts already well-aligned
foundation models [20, 22, 24, 26, 28] to the requirements
of robot control.

In this paper, we propose SPARK (Simple Post-training
for Adapting pRetrained Knowledge), a post-training
method that adapts foundation models and general-purpose
vision models to robot control. The central goal of SPARK
is to enable pretrained representations more suitable for con-
trol without sacrificing the general visual knowledge ac-
quired during large-scale pretraining. To this end, SPARK
is built on two key principles: dynamics-aware abstrac-
tion and knowledge preservation. Dynamics-aware ab-
straction encourages the encoder to produce compact fea-
tures that preserve information essential for understanding
temporal changes by leveraging the prior knowledge ac-
quired during large-scale pretraining. However, naively en-
forcing such compact abstraction can degrade useful prior
knowledge inherited from large-scale pretraining. Thus, we
adopt a retention objective that aligns the patch-wise repre-
sentations of the adapted encoder with those of the original
foundation model.

We empirically demonstrate that SPARK yields consis-
tent improvements across multiple robotics benchmarks.

CVPR
#23

036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075



CVPR
#23

076
077
078
079
080
081
082
083
084
085

086

087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102

103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123

CVPR 2026 Submission #23. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Models adapted with SPARK yield higher success rates and
better generalization than their vanilla models on average
on robot manipulation tasks, highlighting that cost-efficient
post-training can substantially enhance the generalizability
of the foundation model on robot control. Moreover, exper-
iments on real-world robot tasks show that these gains ex-
tend beyond simulation. Consequently, SPARK presents a
promising recipe for mitigating the mismatch between foun-
dation models and the visual representations required for
embodied intelligence.

2. Related Work

Pretrained Vision and Foundation Models. Large-scale
vision models or vision-language models, including CLIP
and SigLIP families, are trained on numerous image and
text datasets and provide strong zero-shot and few-shot per-
formance [1-4, 10, 11, 20, 22, 26, 28]. These founda-
tion models capture high-level semantics and diverse vi-
sual regularities and have become standard backbones for
many vision tasks. However, their pre-training objectives
are designed for recognition and language alignment rather
than robot representation learning, resulting in embeddings
suitable for global semantics and caption-level alignment,
which may not be effective for temporally sensitive struc-
ture within consecutive observations, which is crucial for
control. This objective mismatch motivates post-training
recipes that align these models with the demands of robotic
perception without pre-training from scratch.

Visual Representations in Robotics. In robotic percep-
tion, pretrained vision backbones are widely used to encode
observations for downstream manipulation, navigation, and
policy learning [5, 14]. Several studies have shown that
even frozen features from generic encoders can already pro-
vide strong representations for imitation learning and con-
trol [21]. Beyond direct reuse, robotics-oriented visual pre-
training has been explored to further improve transfer by
exploiting egocentric viewpoints or temporal structure in
robot data. Examples include R3M, which combines time
contrastive objectives with language supervision on human-
centric egocentric video [19], VIP, which learns value im-
plicit representations that connect initial and goal obser-
vations [17], and MAE-style variants such as MVP and
VC-1, which curate large ego-centric manipulation corpora
for masked reconstruction [5, 18, 23]. However, these
works mainly introduce pre-training recipes that require
huge computation costs, often with paired language annota-
tions, which are expensive to collect and still much smaller
than web-scale image and text data, limiting their accessi-
bility and coverage.

Post-training and Adaptation. Post-training has been
used to reduce the cost of training when adapting pre-
trained encoders to new domains or tasks through post-
training. Parameter-efficient adaptation methods introduce
small learnable components such as prompts and adapter
layers, as in CoOP and CoCoOp, CLIP Adapter and visual
prompt tuning, or apply low-rank updates like LoRA [7, 13,
29, 30]. In robotics, a prior work [18] has explored post-
training using a generic reconstruction objective based on
masked autoencoding [ 1 1] approaches to enhance the visual
understanding capacity of the original models. Besides, our
approach follows the spirit of post-training adaptation but
targets the representation more directly. SPARK introduces
a conservative summarization loss that trains a single class
token to act as a compact state, together with a retention
loss that aligns token-level features with those of the origi-
nal foundation model.

3. Method

3.1. Overview

The goal of SPARK (Simple Post-training for Adapting
pRetrained Knowledge) is to adapt pretrained foundation
models to robot control without sacrificing the broad vi-
sual knowledge acquired during large-scale pretraining. To
this end, SPARK is built on two complementary princi-
ples: dynamics-aware abstraction and knowledge preser-
vation. Dynamics-aware abstraction encourages the en-
coder to derive compact features that preserve information
essential for understanding temporal changes and action-
relevant scene structure. Knowledge preservation regular-
izes this adaptation so that the learned representation re-
mains aligned with the semantically meaningful features of
the original foundation model. Together, these principles
enable pretrained representations to become more suitable
for robot control without requiring training from scratch.
To realize dynamics-aware abstraction, SPARK trains
the encoder so that a compact feature extracted from a refer-
ence observation can support the prediction of a temporally
offset target scene. Specifically, the encoder processes a
reference scene and produces patch tokens together with a
class token, where the class token serves as a compact fea-
ture. A decoder then reconstructs token representations of
the target scene from this compact feature, conditioned on
only a small subset of visible target patches as hints. Be-
cause accurate prediction requires information that explains
how the scene changes over time, this objective encour-
ages the compact feature to preserve temporal and action-
relevant structure rather than only static global semantics.
However, adapting the encoder solely through this ab-
straction objective can distort useful pretrained knowledge.
To mitigate this issue, SPARK introduces a retention objec-
tive that aligns the patch-wise representations of the adapted
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Figure 1. Overview of SPARK (Simple Post-training for Adapting pRetrained Knowledge). SPARK aims to encourage conservative
summarization of patch-wise well-understood semantics while preserving the prior knowledge of the foundation model obtained during pre-
training. Specifically, given a reference scene x, the SPARK encoder fy encodes the reference scene into patch tokens and a class token.
Then, the decoder predicts the target token representations from the class token with hints from a few target patches. The conservative
summarization loss £Lpa minimizes the discrepancy between these predicted target token representations and the corresponding target token
representations produced by a frozen baseline encoder fg,. On the other hand, the retention loss aligns the reference token representations
encoded by the SPARK encoder with the reference token representations encoded by the frozen baseline encoder fy, at the patch level.
This encourages the class token to act as a compact visual state for control while preserving the patch-level semantic knowledge of the
original foundation model.

encoder with those of the frozen original foundation model which serves as the compact feature associated with the ref-

on the same input. This regularization preserves semanti- erence scene. For the target scene, the frozen encoder pro-

cally meaningful local features while allowing the compact cesses all target patches to produce {v! 4 k}il\il, while the

feature to specialize toward dynamic understanding for con- SPARK encoder processes only a subset of visible target

trol. The overall pipeline is illustrated in Fig. 1. patches indexed by M C {1,..., N}, where |M| = |[rN|
for a visible ratio » € (0, 1). This yields adapted target to-

3.2. Formulation kens {u; . }icas, which are used as hints for target-scene
prediction.

Encoding procedure. Let fy denote the SPARK encoder
and let fy, denote the frozen foundation model used for ini-

tialization. We sample a reference scene z; € R3*7xW Dynamics-aware abstraction loss. The abstraction ob-
and a temporally offset target scene 24, € R W We jective encourages the compact feature u,[fCLS] to retain
patchify both scenes into N non-overlapping patches, de- the information required to predict the target scene. To
noted by {z}};Y, and {xi+k} iL,, respectively. The refer- this end, we reconstruct target token representations from
ence scene is processed by both the SPARK encoder fj and the compact feature together with the visible target hints
the frozen encoder fy,, yielding adapted token representa- {“fwf . Yienr. Let M¢ denote the masked target-patch in-
tions {uj};L, and frozen token representations {v;}¥,. In dices. We introduce learned mask tokens {m;};case and
addition, the SPARK encoder produces a class token u,ECLS], feed the concatenation of the compact feature, visible tar-
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get tokens, and mask tokens into a decoder dy. The de-
coder predicts target token representations {4/ 4 fieme for
the masked regions. We then align these predicted target
tokens with the corresponding frozen target representations
produced by the original foundation model:

Lpa = Z d(ﬂi}kv ”§+k)’ (D

ieMe

where d(-, -) is a patch-level distance function. By requiring
the compact feature to support prediction of the target scene,
this loss encourages the encoder to abstract temporal and
action-relevant information from the reference observation
into a compact representation.

Knowledge preservation loss. While the abstraction loss
specializes the representation toward temporal understand-
ing, it may also distort the useful semantic structure inher-
ited from the pretrained model. To prevent this drift, we
introduce a retention loss that aligns the patch-wise repre-
sentations of the adapted encoder with those of the frozen
original encoder on the reference scene:

N
Ly = Zd/(uiv ’Ulzt) ) 2
i=1

where d'(-,-) is a patch-level distance function. Since fy,
is frozen, the resulting representations provide a stable se-
mantic target during post-training. This regularization pre-
serves general visual knowledge while allowing the adapted
encoder to specialize in robot control.

Post-training objective. The overall SPARK objective
combines dynamics-aware abstraction with knowledge
preservation:

Lspark = Lpa + aLr, 3)

where o > 0 balances adaptation and preservation. Op-
timizing this objective yields compact visual features that
capture temporal and action-relevant information while re-
maining grounded in the semantic knowledge of the original
foundation model.

Policy learning. For downstream control, we train a pol-
icy by behavior cloning on trajectories of image obser-
vations and actions. Let fp be the adapted SPARK en-
coder and let 7, be a policy network. Given a trajectory
{(I}, 0, a¢) }I_, with image observation I;, optional propri-
oceptive feature oy, and action a;, we extract a compact vi-
sual feature z; = fo(I¢) [CLS] and concatenate it with propri-
oception to form the policy input s; = [2¢; 0;]. The policy

(a) Franka Kitchen

(b) DeepMind Control

(c) Metaworld

Figure 2. Environments for evaluation. We visualize three
vision-based robot learning benchmarks employed for the valida-
tion of our method: (a) Franka Kitchen [8], (b) DeepMind Control
Suite [25], and (c) Metaworld [14].

predicts G, = my(s;) and is trained with a standard behavior
cloning objective:

len 1 & N
Loc(6) = v+ > 7 > U(malst™), ), @
i=1 """ t=1

where ¢ denotes a regression loss such as mean squared er-
ror. Unless stated otherwise, the encoder fy is kept fixed
after post-training, and only the policy network 74 is opti-
mized.

4. Experiments

In this section, we evaluate the impacts of the proposed
method in vision-based policy learning for robotic manip-
ulation across various environments [8, 14, 18]. Moreover,
we compare our method with commonly used post-training
recipes.

4.1. Evaluation suites

We evaluate on three vision-based robot learning bench-
marks encompassing Franka Kitchen, DeepMind Control
Suite, and Metaworld, covering a total of 15 tasks. The
environments and sampled tasks for each benchmark are
shown in Fig. 2.

Franka Kitchen [8] is a challenging robotic manipulation
environment, which consists of a 9 DoF position-controlled
Franka robot interacting with a kitchen scene. The environ-
ment contains various kitchenwares including an openable
microwave, four turnable oven burners, an oven light
switch, two hinged cabinets, and a sliding cabinet door. We
consider the imitation learning evaluation setup with five
imitation tasks: Knobl on, Light on, Sdoor open, Ldoor
open, and Micro open.

DeepMind Control Suite [25] is a set of continuous
control tasks with simulated robots. We use five imitation
learning cases: Walker-stand, Walker-walk, Reacher-easy,
Cheetah-run, and Finger-spin. We report the normalized
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Table 1. Experimental results on vision-based robot policy learning on Franka Kitchen. We report the performance of imitation
learning agents on Franka Kitchen [8], which are trained upon representations of CLIP [22], DINOv2 [20], SigLIP [28], and Theia [24]
post-trained on Kinetics-400 [15] dataset. The success rates (%) are reported for all the tasks. We report the gains of our method over the

baselines.

Method ‘ Knobl on  Lighton  Sdooropen  Ldooropen  Micro open Average

Baseline 23.0+2.6 29.5+4.7 69.5+4.4 13.5+34 22.0+28 31.5+24

CLIP SPARK 31.5+19 38.5+6.0 T4.5+11.4 18.0+2.0 29.0+6.2 39.8+5.6
Gain +8.5 +9.0 +5.0 +4.5 +7.0 +8.3

Baseline 17.0+1.2 38.5£1.9 75.5+3.4 8.5+1.0 16.5+1.9 31.2+0.6

SigLIP SPARK 27.545.0 43.0+5.0 87.5£1.9 20.0+2.8 33.0+53 422424
Gain +10.5 +4.5 +12.0 +11.5 +16.5 +10.0

Baseline 26.0+4.3 38.5+25 71.0+6.8 9.5+25 37.0+6.2 36.4 +2.7

DINOv2 SPARK 21.0+42 51.04+84 81.5+25 17.042.0 33.0+35 40.7+2.7
Gain -5.0 +12.5 +10.5 +7.5 -4.0 +4.3

Baseline 33.54105 35.5+6.6 82.54+4.7 27.5+47 14.0+2.0 40.142.3

Theia SPARK 35.0+26 56.0+6.5 75.0+53 345425 21.0+2.6 443426
Gain +1.5 +20.5 -7.5 +7.0 +7.0 +4.2

Table 2. Experimental results on vision-based robot policy learning on DeepMind Control Suite (DMC). We report the performance of
imitation learning agents on the DMC benchmark [25], which are trained upon representations of CLIP [22], DINOv2 [20], and SigLIP [28]
post-trained on Kinetics-400 [15] dataset. The normalized scores are reported for all the tasks. We report the gains of our method over the

baseline.

Method ‘ Walker-stand ~ Walker-work ~ Reacher-easy =~ Cheetah-run  Finger-spin Average

Baseline 58.14+5.8 249428 75.244.0 12.742.0 68.443.1 47.942.1

CLIP SPARK 62.0+3.5 29.5+45 75.64+4.7 22.042.1 63.7+1.6 50.640.9
Gain +3.9 +4.6 +0.4 +9.3 -4.7 +2.7

Baseline 43.945.9 19.9+4238 74.642.5 9.0+25 63.640.4 42,1415

SigLIP SPARK 45.2+62 17.5+24 75.243.0 8.442.1 66.8+1.2 42.6+1.8
Gain +1.3 2.4 +0.6 -0.6 +3.2 +0.5

Baseline T4.245.6 41.5+34 76.845.9 15.943.7 68.3+1.6 55.3 404

DINOv2 SPARK 78.8+3.5 45.245.0 74.3+6.5 22.34£29 70.8+1.0 58.3+£24
Gain +4.6 +3.7 -2.5 + 6.4 +2.5 +3.0

scores for all tasks.

MetaWorld [27] is a suite of simulated robotic manipula-
tion tasks with a Sawyer robot arm. We focus on a subset
of five representative tasks: Assembly, Bin-picking, Button-
press-topdown, Drawer-open, and Hammer. We measure
the best success rates among the online evaluation trials.

4.2. Implementation details

Initialization and post-training setup. For post-training,
we initialize the SPARK encoder from public foundation
models, including CLIP [22], DINOv2 [20], SigLIP [28],
and Theia [24]. Unless otherwise stated, post-training is
conducted on Kinetics-400 [15] for 50 epochs. Following
repeated sampling [6, 12], this corresponds to an effective
training length of 200 epochs. We use AdamW [16] with

a batch size of 1536 and train on dynamic scenes at a res-
olution of 224 x 224. Frames are sampled at 30 FPS, and
the temporal offset between the reference and target scenes
is uniformly sampled between 4 and 96 frames. We apply
random resized cropping and horizontal flipping, using the
same crop for both reference and target scenes. The target
scene is masked with a ratio of 0.9. The decoder consists
of eight Vision Transformer blocks. All remaining hyperpa-
rameters follow the default pretraining settings of the corre-
sponding backbone.

Policy learning setup. For downstream control, each
agent consists of a frozen visual encoder and a policy net-
work trained with behavior cloning. The policy takes as
input the compact visual feature extracted from the encoder,
together with proprioceptive input when available. For
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Table 3. Experimental results on vision-based robot policy learning on Metaworld. We report the performance of imitation learning
agents on Metaworld [27], which are trained upon representations of CLIP [22], DINOv2 [20], and SigLIP [28] post-trained on Kinetics-

400 [15] dataset. The success rates (%) are reported for all the tasks. We report the gains of our method over the baseline.

Method ‘ assembly  bin-picking  button-press  drawer-open hammer ‘ Average

Baseline 55.2+6.6 63.2+7.7 58.4+13.4 100.0+0.0 87.2+15.6 72.8+1.1

CLIP SPARK 72.0+12.0 63.2+7.0 58.8+14.5 100.040.0 94.4+6.1 77.7£7.0
Gain +16.8 +0.0 +0.4 0.0 +72 +4.9

Baseline 69.6+9.2 52.0+123 59.2+15.6 100.040.0 84.0+9.4 73.0+7.6

SigLIP SPARK 74.6+10.3 60.1+9.5 58.5+12.7 100.0+0.0 91.5+5.8 76.9+6.8
Gain +5.0 + 8.1 -0.7 0.0 +7.5 +3.9

Baseline 64.8+5.9 70.4+14.9 64.0+£19.4 100.040.0 92.8+5.9 78.4 +£7.7

DINOv2 SPARK 80.8+5.2 67.2+7.2 68.8+16.3 100.040.0 99.2+1.8 83.2 455
Gain +16.0 -3.2 +4.8 0.0 +6.4 +4.8

Table 4. Experimental results on vision-based robot policy learning on Franka Kitchen. We report the performance of imitation
learning agents on Franka Kitchen [8], which are trained upon representations from the ViT-S/16 model pre-trained on Kinetics-400 [15]
dataset. The success rates (%) are reported for all the tasks. We underline the second-best performance. We report the gains of our method

over the second-best baseline.

Methods Architecture  Franka Kitchen DeepMind Control Metaworld Average
SimCLR ViT-S 38.7 39.7 78.4 52.3
MoCo v3 ViT-S 254 43.7 65.4 44.8
DINO ViT-S 38.7 50.9 82.4 57.3
MAE ViT-S 26.1 43.7 65.4 45.1
SiamMAE ViT-S 30.4 56.0 81.1 55.8
CLIP ViT-B 31.5 479 72.8 50.7
SigLIP ViT-B 31.2 42.1 73.0 48.8
DINOv2 ViT-B 36.4 55.3 78.4 56.7
SPARK (CLIP) ViT-B 39.8 50.6 71.7 56.0
SPARK (SigLIP) ViT-B 422 42.6 76.9 53.9
SPARK (DINOv2) ViT-B 40.7 58.3 83.2 60.7

Franka Kitchen, the policy network is implemented as a
two-layer MLP with batch normalization. For MetaWorld
and DMC, we follow the policy-learning protocols of [18].
Unless otherwise stated, the visual encoder is frozen after
post-training and only the policy network is optimized.

Benchmark-specific settings. For Franka Kitchen, we
evaluate five imitation learning tasks following prior pro-
tocols [19, 21]. We use either the left or right camera at a
resolution of 224 x 224 without depth input. Training runs
for 20,000 steps, with online evaluation every 1,000 steps.
We report the best success rate during training, averaged
over four random seeds.

For MetaWorld and DMC, we follow the setup of [18].
Proprioceptive input is provided for all benchmarks except
DMC. Each agent is trained for 100 epochs and evalu-
ated online every 5 epochs. We report normalized scores
for DMC and final success rates for MetaWorld, averaged
across five random seeds.

4.3. Vision-based Robot Policy Learning in Real-
world Environments

Quantitative results. To evaluate whether the benefits of
SPARK extend beyond simulation, we additionally conduct
experiments on real-world robot manipulation tasks. We
consider four imitation learning tasks: Cloth Folding, Cup
Stacking, Cabinet Opening, and Drawer Closing. For each
task, we collect 20 demonstration episodes for behavior
cloning and evaluate policies learned from visual represen-
tations extracted by the frozen backbone. The robot oper-
ates at 20 Hz with a policy’s chunk size of 20. Following
the same evaluation protocol as in simulation, we compare
the vanilla CLIP encoder with its SPARK-adapted counter-
part with 20 trials for each task. The results are reported
in Table 5. SPARK improves the success rate on three out
of four tasks, increasing performance from 65.0 to 75.0 on
Cloth Folding, from 45.0 to 55.0 on Cup Stacking, and from
50.0 to 55.0 on Cabinet Opening. On Drawer Closing, the
SPARK-adapted model achieves comparable performance
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Cloth Folding

CLIP (SPARK) CLIP CLIP (SPARK)

CLIP

Cup stack

ing

Figure 3. Real-world demonstration trajectories. Each row shows the temporal progression of a policy from the initial observation to
intermediate interaction states and the final outcome. Across tasks, the SPARK-adapted policy exhibits stable approach, contact, and object
manipulation behaviors, illustrating that the adapted visual representations capture control-relevant scene information that transfers reliably

to real-world settings.

Table 5. Performance on real-world vision-based robot pol-
icy learning. Success rates (%) of imitation learning agents on
three manipulation tasks: Cloth Folding, Cup Stacking, Cabinet
Opening, and Drawer Closing. We compared CLIP [22] with
our SPARK model, post-trained upon representations of CLIP on
Kinetics-400 [15]. The results demonstrate the generalizability of
SPARK in the real-world.

Method Cloth Cup Cabinet  Drawer

etho Folding  Stacking Opening Closing
CLIP 65.0 45.0 50.0 55.0
SPARK (CLIP) 75.0 55.0 55.0 50.0

to the baseline. Overall, these results show that the gains ob-
tained by SPARK are not limited to simulation, but transfer
to real-world robot manipulation as well. This suggests that
post-training foundation models with dynamics-aware ab-

straction and knowledge preservation improves the useful-
ness of pretrained visual representations in practical robotic
settings.

Qualitative results. We further visualize representative
real-world rollouts of the SPARK-adapted policy across
multiple manipulation tasks in Fig. 3. Each row presents a
temporal sequence from the initial scene, through interme-
diate interaction stages, to the final task outcome. The visu-
alizations show that the policy maintains coherent manipu-
lation progress throughout the rollout, including approach,
contact, and task completion. Across different tasks and
scene configurations, these examples suggest that SPARK
produces visual representations that preserve the informa-
tion most relevant for control, enabling robust real-world
execution under variations in object pose, scene layout, and
appearance.

CVPR
#23

353
354
355

356
357
358
359
360
361
362
363
364
365
366
367
368



CVPR
#23

369
370

37
372
373
374
375
376
377
378
379
380
381
382
383
384
385

386

387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403

404

405
406

CVPR 2026 Submission #23. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 6. Ablation study varying post-training recipes We
compared our SPARK to other post-training recipes on Franka
Kitchen [8] using CLIP [22] as an initial model. The success rates
(%) are reported for all the tasks.

Post-training Franka Kitchen

Baseline 31.5
Masked autoencoding 23.0
Correspondence matching 25.5
SPARK 39.8

4.4. Comparison to prior visual pretraining meth-
ods

We compare SPARK against conventional self-supervised
pretraining methods for visual representations pretrained
on dynamic scenes (e.g., consecutive frames), including
SimCLR [2], MoCo v3 [4], DINO [1], MAE [11], and a
dynamics-oriented variant, SiamMAE [9]. This evaluation
verifies whether explicitly learning a compact state repre-
sentation via conservative summarization is preferable to
generic SSL objectives trained from scratch. As shown in
Table 4, applying SPARK to a strong public encoder yields
the best overall performance across suites, with SPARK (DI-
NOv2) ranking first and SPARK (CLIP) substantially nar-
rowing the gap to the strongest SSL baselines. Overall,
adapting public encoders with SPARK is more effective for
downstream robotics tasks than relying on generic SSL fea-
tures, including methods designed for dynamic scenes.

5. Analysis

Comparison to various post-training recipes We con-
duct comparative analysis with various post-training recipes
on Franka Kitchen in Table 6. We compared naive post-
training using masked autoencoding (MAE) [11, 18] and
correspondence matching among consecutive scenes [9].
All the post-trained models are initialized by CLIP [22]. As
shown in the table, standard MAE style post-training and
correspondence matching style post-training, which focus
on generic reconstruction and temporal correspondence re-
spectively, perform worse than the baseline with averages
of 23.0% and 25.5%. In contrast, SPARK attains an aver-
age success rate of 39.8%, substantially outperforming both
the vanilla CLIP and other post-trained models. This high-
lights that explicitly enforcing conservative summarization
and knowledge preservation is more effective for adapting
foundation models to robot control than generic reconstruc-
tion based objectives.

6. Conclusion

In this paper, we proposed SPARK, a simple post-training
method for adapting pretrained foundation models to robot

control. SPARK is based on two key principles: dynamics-
aware abstraction and knowledge preservation. Dynamics-
aware abstraction encourages the learned representation to
capture temporal changes relevant to control, while knowl-
edge preservation prevents the adapted model from losing
useful semantic knowledge inherited from large-scale pre-
training. In this way, SPARK makes pretrained visual repre-
sentations more suitable for robot control without requiring
training from scratch. Experiments on multiple robot learn-
ing benchmarks show that SPARK consistently improves
over vanilla pretrained backbones. We further show that
these gains extend beyond simulation to real-world robot
manipulation tasks. These results suggest that cost-efficient
post-training is a practical way to improve the usefulness of
foundation models for embodied intelligence.
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