Efficient world models with tree-structured sparsity
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Abstract—Reliable robot autonomy requires internal models
that capture semantic structure and temporal consequences of
actions, yet such world models are often too computationally
expensive for on-robot deployment. We study tree-structured
Fast Feedforward (FFF) layers to sparsify transformer world
models without substantially degrading predictive quality. FFF
replaces dense feed-forward blocks by hard-routed hierarchical
computation, thereby reducing the active computation per token.
Building on prior evidence that FFF preserves performance in
large transformer models under high sparsity, we evaluate a
dense world-model baseline against FFF-based variants and anal-
yse the trade-off between prediction quality and computational
efficiency. Our results suggest that structured sparsity is not only
a model compression technique, but also an enabling mechanism
for executing richer semantic prediction and control directly on
resource-constrained robots. This positions sparse world models
as a promising ingredient for reliable robot autonomy.

Index Terms—world models, sparsity, efficient computation

I. INTRODUCTION

To interact with the world, autonomous robots require versa-
tile and accurate decision-making and prediction capabilities.
They must interpret scenes semantically, reason about object
properties and relations, and anticipate how the world may
evolve under candidate actions [I], [2]. These capabilities
are especially important when downstream decision making
depends on internal prediction, for example when a controller,
planner, or policy improvement routine queries a world model
before acting [3].

A practical limitation is that such predictive models must
often run under tight latency, energy, and memory budgets
[4], [5]. This is particularly acute for edge robotics, where
repeated model rollouts may be needed inside a control loop,
but onboard compute is far more constrained than in datacenter
settings [0]. As a result, there is a growing need for world
models that are not only expressive, but also computationally
efficient enough to support frequent inference directly on
the robot [3]. Transformers are a natural candidate archi-
tecture for semantic and temporal prediction because they
can model long-range dependencies and can be trained on
diverse sequential data. However, their computational footprint
complicates deployment in resource-constrained settings. A
major contributor to this cost is the feed-forward sublayer in
each transformer layer, which accounts for a large share of
both parameter count and computation.

Recent work on Fast Feedforward (FFF) layers addresses
this bottleneck by replacing the dense feed-forward computa-
tion with tree-structured conditional layers that induce expo-
nentially increasing sparsity with tree depth [7]-[°]. FFF has
been demonstrated to remain competitive in larger transformer
settings, maintaining performance close to dense baselines
even when fewer than 1% of feed-forward units are active
per token [8], [9].

We argue that FFF is not only a promising language model
component, but also a capable mechanism for sparsifying
world models in robotics. Efficient semantic world models
can expand what is feasible on resource-constrained robotic
platforms. If each model evaluation becomes cheaper, a robot
can either reduce inference latency or evaluate more candidate
futures within a fixed control budget. This is directly relevant
to reliable autonomy, because safety-critical behaviour often
depends not only on the quality of a predictive model, but
also on whether the model can be queried often enough,
and quickly enough, to support planning and replanning in
changing environments.

We instantiate our idea by comparing a standard 125M-
parameter GPT-style transformer against a variant in which the
dense feed-forward sublayers are replaced by FFF sublayers.
Our setup follows a recent line of work that investigates the
world modelling capabilities of large language and vision-
language models [10]-[12]. We train and evaluate both models
on a symbolic dataset generated from various gridworld sce-
narios spanning navigation, memory and simple puzzle tasks.
This proof-of-concept setup isolates the effect of FFF while
avoiding possible confounding factors introduced with more
complex architectures. Our evaluations show that FFF can
reach an order-of-magnitude speedup and 97% computational
sparsity, while maintaining predictive quality.

II. RELATED WORK

World models have become a central ingredient in model-
based decision making because they enable agents to predict
the consequences of candidate actions before execution. In
reinforcement learning, latent world models have been shown
to support efficient planning and policy improvement across
diverse domains, as exemplified by Dreamer-style methods
[13] and more control-centric approaches such as TD-MPC
and TD-MPC2 [14], [15]. For robotics, this perspective is
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(a) MLP block (b) Fast FeedForward (FFF) layer

Fig. 1: MLP layers and sparse replacements. a) The standard
MLP feed-forward block. b) An FFF block that contains
P = 4 parallel trees of depth D = 2, shown in yellow.
Tree output is integrated via a concatenation of the individual
sparse tree outputs and a final linear projection. Note that the
concatenation and linear projection together implement the
summation presented in Equations 3 and 4. A single path
through the tree (green) is activated through hard routing
decisions to produce the layer output.

particularly attractive because repeated internal rollouts can
improve action selection under uncertainty, but it also makes
inference efficiency a high priority concern when planning
must run under tight compute budgets.

A separate line of work has therefore studied how to reduce
the computational cost of transformer architectures. Sparse
and conditional-computation methods are especially relevant
here because, in large transformers, the feed-forward sublayers
account for a substantial fraction of parameters and floating-
point operations. Mixture-of-Experts (MoE) models activate
only a subset of experts per token and have demonstrated that
sparse activation can scale model capacity without propor-
tional compute growth [16]. However, MoE layers typically
rely on explicit routing networks and often require specialized
systems support to translate algorithmic sparsity into practical
speedups. This systems aspect has been studied systematically
in work such as MegaBlocks [17].

III. METHODS

The proposed approach builds on recent work showing that
FFF-style layers can be scaled in transformer architectures
while remaining competitive with dense baselines at high
sparsity [8], [9]. FFF replaces the dense feed-forward sublayer
with tree-structured conditional computation and evaluates
only a small input-dependent subset of nodes during each
forward pass. A schematic comparison of FFF with regular
dense sublayers is shown in Fig. 1.

An FFF layer consists of P trainable, perfect binary trees
of depth D, which are evaluated in parallel (see Fig. 1b).
The computation proceeds sequentially through each tree
root-to-leaf. Nodes are indexed by a triple (p,/,s), where
p € {1,..., P} denotes the tree, £ € {0, ..., D} the level, and
s € {0,...,2" — 1} the position within the level. Each node
(p, ¢, s) is associated with two sets of trainable parameters:

« Routing (linear_in): a weight vector w]if‘é s € Ré%n and
bias ;)“,s, € R, producing a single scalar logit;

o Output (linear_out): a weight vector nglet,s € Rout,

For each input sample € R%" and each tree, traversal
starts at the root sy = 0. For £ =0, ..., D, exactly one node
is evaluated:

() = (2, wyyy,) + byl s, ER. (1)
For ¢ = 0,...,D — 1, the next node index is updated via a

hard routing decision:
Se+1 = 280 + 1[sg(zp,e(x)) = 0], 2

where 1(-) is the indicator function and sg(-) denotes the
stop-gradient operator. Consequently, each tree requires a fixed
number of D routing steps and the layer has P x D active
nodes in total. All active nodes contribute directly to the
output, i.e. nodes on levels 0,...,D — 1 have a double role
of routing and output generation.

The output y = FFF(z) € R%ut of the layer is obtained
by summing the contributions of the visited nodes:

P D
y ="+ "N GELU(2p()) wiy,, - 3)

p=1 =0

Due to the interplay between its routing mechanism and the
GELU activation function, FFF produces a static, asymmetric
utilization pattern in its trees over the course of training
as shown in Fig. 2, left. Interestingly, we found that this
pattern emerges independently of the input data distribution.
Following the assumption that balanced network utilization is
preferable, perfectly uniform utilization can be achieved (see
Fig. 2, right) through a simple architectural modification where
the GELU activation function is applied after integrating
individual tree outputs:

P D
FFFpost ((E) _ GELU (bout + Z Z ij(x) w;}lgE5e> . (4)

p=1 =0

As the emerging sparsity in FFF is static, an additional
advantage is that it permits pruning inactive and rarely active
paths after model convergence with minimal performance
impact.
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Fig. 2: Utilization in a d=5 tree. Path utilization as the
normalized fraction of samples visiting each path for FFF (left)
and FFFP* (right). The x-axis denotes the leaf node index.



0.5

0.4 1 r '+
w 0.3 Bl Training Loss
2 B Validation Loss
= 0.2 [ Validation Perplexity
0.1
0.0 -
Dense FFF (d=3) FFF (d=5) FFF (d=7)

Model configuration

Fig. 3: Final loss and perplexity of three FFF variants and the
dense baseline for the symbolic Minigrid dataset.

Thus, FFF effectively combines two separate principles of
sparsity: dynamic sparsity through selective tree routing and
static sparsity through pruning after training. This makes it a
natural candidate for the implementation of transformer world
models in constrained resource settings.

IV. EXPERIMENTS AND RESULTS

We present three experiments in total. The first two ex-
periments study the world-modelling performance of FFF
and its sparsity characteristics. In these two experiments,
we use an FFF implementation based on standard building
blocks provided by the PyTorch [18] deep learning library. A
third experiment evaluates practical speedups using a custom
CUDA implementation, allowing us to assess whether the
structured sparsity of FFF can be translated into actual wall-
clock benefits. In all transformer-based experiments and for
all FFF variants, the dense feed-forward sublayer in the trans-
former layers is replaced by our sparse version, whereas dense
baselines remain unmodified vanilla transformers. Throughout
all experiments, we train the models from scratch and do not
make use of pretrained weights.

In the first experiment, we trained a dense 125M-parameter
OPT [19] model and several sparse counterparts on a symbolic
gridworld dataset. Although gridworlds are simplified do-
mains, they provide a controlled testbed for action-conditioned
sequential prediction, making them a useful case study for
the world-modelling capabilities of FFF. The dataset was
generated by sweeping over all standard configurations of the
Minigrid environment [20] and collecting 1000 random trajec-
tories in each of them. The trajectories were divided into a train
and a validation set, whereas all basic elements (doors, keys,
etc.) are ensured to be in the train set, which means the world
models do not need to generalize to entirely new concepts. The
depth and therefore relative parameter sparsity levels of the
used FFF models are 75% for d = 3, 90% for d = 5 and 97%
for d = 7. Note that we adjusted the number of parallel trees P
accordingly for all FFF variants to match the overall amount
of parameters between them and the dense baseline model.
We trained each model configuration in this experiment using
three distinct random seeds for parameter initialization and
present averaged results with standard deviations. The training

objective is next token prediction and we report raw loss
values as well as validation set perplexities. Since the symbolic
trajectories encode sequential observations and actions, next-
token prediction closely aligns with learning the transition
structure of the environment, i.e. world modelling in symbolic
form.

We find the three FFF variants to perform at least on par
with the dense baseline (see Fig. 3), positioning FFF as a
viable alternative to dense layers in this world modelling setup.
One possible explanation for FFF even slightly surpassing the
dense baseline in some settings is that its input-dependent
sparsity can act as an implicit regulariser by restricting the
subset of parameters active for each token. Similar regularisa-
tion effects have been discussed more broadly for conditional
computation and sparse subnetworks, although confirming this
explanation would require more targeted ablations [21]-[23].

The second experiment explores the static pruning capabili-
ties of FFF. It uses a simple 2-dimensional toy dataset in which
samples from two different classes are arranged in a 16 by 16
chess grid pattern. Adjacent grid cells always contain samples
from different classes. We applied a small model consisting
of a 512-dimensional linear input projector, followed by an
FFF layer with d = 4 and P = 256, followed by a 2-
dimensional classification head. To illustrate the stability of
FFF under various static sparsity regimes, we evaluated a
pruned model on unseen data points at fixed intervals during
training. Note that pruning was only applied temporarily for
evaluation; no modification was made to the original model
during training. As in the previous experiment, we did three
independent runs with randomly initialized model parameters
on the same data and report averaged results with standard
deviations. Our analysis reveals that FFF maintains the same
final performance even under high static sparsity levels of up
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Fig. 4: Validation accuracy of FFF on the toy dataset using
various levels of static pruning. Note that the graphs were
smoothed via a moving window approach with window size
10 to improve visual clarity. Lines indicate average values
over three independent runs, shaded areas denote standard
deviations.



to 60%, as shown in Fig. 4. This demonstrates the ability of
FFF to drastically reduce the overall amount of parameters
and therefore memory footprint of a model, which is of
central importance in resource-constrained settings. Another
interesting observation is that initial performance differences
between models with a higher degree of pruning and the
baseline vanish over the course of training, e.g. in case of
the 60% pruning variant. This illustrates the relevance of all
tree paths during early training stages, where computation
is unstructured and distributed. However, its tree structure
allows FFF to perform conditional and targeted parameter
updates, which leads to strongly localised, pruning-compatible
computation during later training phases.

The third experiment measures the execution speed of a
custom CUDA-based FFF implementation relative to dense
PyTorch [18] feed-forward layers of comparable size. Inspired
by recent developments in the area of tree ensemble execu-
tion on parallel hardware [24], our CUDA implementation
encapsulates the sequential tree traversal of FFF efficiently
inside a single kernel invocation. It furthermore optimizes
memory access patterns by rearranging computation based
on tree layout and activated paths. In robotic settings, faster
model execution can be used either to reduce decision latency
or to evaluate more candidate futures within a fixed control
budget, which makes runtime an important practical metric.
We use randomly generated inputs and feed them to sparse
and dense single-layer test networks. We report one dense
and three FFF configurations with varying tree depth d and
match the amount of parallel trees P to demonstrate different
dynamic sparsity regimes within defined parameter envelopes.
The results in Table I show that FFF reduces execution time
for all tested layer sizes, but provides increasing advantages
for larger layers. Within a single size class, the depth and
therefore relative sparsity level of the used FFF model (75%
for d = 3, 90% for d = 5 and 97% for d = 7) does not strongly
influence execution speeds. Within a given layer size, runtime
varies only weakly across the tested tree depths, despite the
differences in induced dynamic sparsity. This suggests that our
current CUDA implementation is relatively insensitive to tree
depth and may not yet fully realize the potential runtime dif-
ferences between sparsity regimes. At the same time, all tested
FFF variants already provide clear speedups over dense feed-
forward layers. In practice, the choice of tree depth is likely
to depend more on task requirements and accuracy—efficiency
trade-offs than on raw runtime considerations alone.

V. CONCLUSION

We investigated Fast Feedforward (FFF) layers as a sparse
replacement for dense transformer feed-forward blocks in a
world modelling setting. Across our experiments, FFF pre-
served predictive performance despite substantial dynamic
sparsity and additionally tolerated high levels of static pruning.
These results position FFF as a practical alternative to dense
feed-forward sublayers in transformer-based world models that
must operate under limited compute and memory budgets.

TABLE I: Inference speedup of custom CUDA implementation
in comparison to regular dense feed-forward layers for single-
layer test networks executed with random inputs. Layer size
refers to the total number of parameters of the tested layers,
with small, medium, and large corresponding to approximately
500k, 8M, and 33M parameters, respectively.

Layer size dense FFF (d=3) FFF(d=5) FFF(d=7)
small 1.0 1.237 1.192 1.195
medium 1.0 1.351 1.353 1.371
large 1.0 12.231 12.083 12.018

Our results support the view that structured sparsity can
help bring predictive models closer to onboard deployment
on resource-constrained robots. If world model evaluations
become cheaper, more frequent inference or a larger number
of candidate rollouts can be accommodated within a fixed
compute budget, which is valuable for model-based decision
making on resource-constrained platforms. Moreover, reducing
the overall parameter count through static pruning may allow
larger models to be deployed on a given hardware platform.
While our study is limited to controlled symbolic environ-
ments, it suggests that sparse feed-forward computation is
a promising design direction for efficient local execution of
transformer world models.

A practical advantage of FFF is that it can be integrated into
existing transformer architectures as a drop-in replacement for
dense feed-forward blocks, without requiring changes to the
overall training objective or additional routing or balancing
losses. This makes FFF a simple and attractive mechanism for
exploring efficient world models in future robotic systems.
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