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B I O M I M E T I C S

Development of compositionality through interactive 
learning of language and action of robots
Prasanna Vijayaraghavan, Jeffrey Frederic Queißer, Sergio Verduzco Flores, Jun Tani*

Humans excel at applying learned behavior to unlearned situations. A crucial component of this generalization 
behavior is our ability to compose/decompose a whole into reusable parts, an attribute known as compositional-
ity. One of the fundamental questions in robotics concerns this characteristic: How can linguistic compositionality 
be developed concomitantly with sensorimotor skills through associative learning, particularly when individuals 
only learn partial linguistic compositions and their corresponding sensorimotor patterns? To address this ques-
tion, we propose a brain-inspired neural network model that integrates vision, proprioception, and language into 
a framework of predictive coding and active inference on the basis of the free-energy principle. The effectiveness 
and capabilities of this model were assessed through various simulation experiments conducted with a robot arm. 
Our results show that generalization in learning to unlearned verb-noun compositions is significantly enhanced 
when training variations of task composition are increased. We attribute this to self-organized compositional 
structures in linguistic latent state space being influenced substantially by sensorimotor learning. Ablation stud-
ies show that visual attention and working memory are essential to accurately generate visuomotor sequences to 
achieve linguistically represented goals. These insights advance our understanding of mechanisms underlying 
development of compositionality through interactions of linguistic and sensorimotor experience.

INTRODUCTION
The problem of generalizing learned behavior to unlearned situa-
tions is easy for humans but incredibly challenging for cognitive ro-
bots. Compositionality (1–4) is a major linguistic competency that 
is essential for generalization of cognitive behavior. Lake and col-
leagues (5) considered compositionality as one of the three funda-
mental competencies necessary to build machines that can learn to 
think like humans. Although interpretations of compositionality 
vary, Hupkes et al. (6) defined it by identifying its essential compo-
nents. Among these, systematicity, the ability to recombine known 
parts and rules for use in a novel context, is a central component of 
compositionality, on which we focus in the current study. Recent 
deep learning models seem to trivialize this problem, but in reality, 
they offer little insight into how language develops in humans. Al-
though it can be argued that using large language models (LLMs) for 
end-to-end learning shows that they can understand the meanings 
of words by learning from a large corpus collected in the real world 
(7–11), these models cannot access any sensorimotor patterns as-
sociated with words and sentences. Our objective is to understand 
how the aforementioned systematicity aspect of compositionality in 
language and behavior can codevelop through their interactions, by 
building an integrative neural network model for conducting ro-
botic simulation experiments.

We used a developmental robotic approach in conjunction with 
the free-energy principle (FEP) (12) to address this problem. Mod-
eling embodied language with developmental robotics is consistent 
with the constructivist view or usage-based theory of language ac-
quisition (13, 14). Embodiment is considered a necessary precondi-
tion for developing higher thoughts (15). According to Piaget (16), 
infants develop body-rationality representation through sensorimo-
tor interactions with the environment, accompanied by goal-directed 
actions. Neuroscience researchers (17–19) have found that modulation 

of motor system activity occurs while listening to sentences express-
ing actions, suggesting that humans infer actions from language and 
vice versa. Developmental robotics (20) also addresses the symbol 
grounding (21) problem, which seeks to understand how symbols 
commonly used in linguistic expressions are associated with mean-
ing in the real world. Cognitive competencies such as visual atten-
tion and visual working memory (VWM) are crucial in development 
of embodied language (14, 22–25). Using developmental robotics, 
several studies have investigated the association of language and 
visuo-proprioceptive behavior with hierarchical multimodal recur-
rent neural networks (26–31).

In parallel with the developmental robotic approach, recent ad-
vances in cognitive neuroscience have underscored the importance 
of theoretical frameworks, such as the FEP, in modeling cognitive 
brain mechanisms. According to the FEP, perception and action are 
modeled in the framework of predictive coding (32, 33) and active 
inference (AIF) (34–36), respectively. Predictive coding is a theory 
of perception that provides a unifying framework for neuronal 
mechanisms of top-down prediction and perceptual learning of sen-
sory information. AIF is a process for inferring actions that mini-
mize the error between preferred sensation and predicted actional 
outcomes. Some neural network models (35–39) have been success-
fully incorporated into goal-directed planning schemes on the basis 
of AIF to show that artificial agents can generate adequate goal-
directed behaviors on the basis of learning in the habituated range of 
the world. Some of these models (35, 36) generated action plans by 
optimizing the policy, and others (37–39) optimized low-dimensional 
latent variables by minimizing the future expected free energy. Tele-
ology, a philosophical concept that explains phenomena on the basis 
of their ultimate goals or purposes rather than merely their causes or 
origins, aligns closely with the principles of goal-directed behavior 
observed in these models. In the context of human behavior, teleol-
ogy offers a framework for interpreting actions as inherently goal 
directed and purpose driven (40, 41), providing a philosophical un-
derpinning that complements mechanistic insights offered by FEP-
based approaches.
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Inspired by these ideas, we propose a neural network model 
(Fig. 1A) to study codevelopment of linguistic compositionality par-
alleling sensorimotor experience (Movie 1). It consists of RNN-based 

generative networks that handle prediction of vision, propriocep-
tion, and language. These modalities are integrated by the associa-
tive network. Our model uses an executive layer mechanized by 

Fig. 1. Neural network model and plan generated by the model to achieve a given linguistic goal. (A) Model architecture: Visual (convLSTM) and proprioceptive 
(LSTM) modalities are integrated by the associative PV-RNN, and the linguistic LSTM is bound to the associative PV-RNN via PB. Visual predictions are enhanced by VWM-1, 
VWM-2, and attention mechanisms. For the given linguistic goal “put green on blue,” (B) the predicted visual sequence was compared with the observed visual sequence 
and (C) the predicted joint angle trajectory was compared with the observed joint angle trajectory, showing the motor prediction error.
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predictive coding–inspired variational RNN (PV-RNN) (42) to in-
tegrate language with visuo-proprioceptive sequences. PV-RNN, a 
neural network consistent with the FEP, contains probabilistic latent 
variables that allow it to learn probabilistic structure hidden in the 
data. Some studies (43, 44) have found that abstract representations, 
such as vector representations, reconcile compositional generaliza-
tion with distributed neural codes.

We introduce a parametric bias (PB) (45, 46) vector as the lan-
guage latent variable. PB is a low-dimensional latent state vector used 
in recurrent neural network models. In training of multiple temporal 
patterns, the PB vector space is self-organized such that each temporal 
pattern is encoded by a specific point in the PB vector space. Sugita 
and Tani (26) showed that word sequences and corresponding behav-
ioral temporal patterns can be bound using the PB, facilitating the 
development of linguistic compositionality. In the current model, the 
associative PV-RNN is constrained by the PB vector, which influences 
learning of associations among vision, proprioception, and linguistics.

This model learns to generate visuo-proprioceptive sequences with 
appropriate linguistic predictions by minimizing evidence free energy. 
The trained model generates appropriate visuo-proprioceptive sequenc-
es to achieve linguistically represented goals via goal-directed planning 
by means of AIF. Figure 1 (B and C) shows the visuomotor sequences 
predicted by the model compared with observed ground truth. We used 
a teleology-inspired approach to goal-directed planning proposed by 
Matsumoto et al. (38). The underlying concept is that goal expectation is 
generated at every time step instead of expecting the goal at a distal step.

Through simulation experiments, we aimed to study how varia-
tions in training compositions affect generalization and to understand 
the mechanisms underlying the development of compositionality. Our 
simulation experiments revealed the following: First, generalization in 
learning improves significantly as the number of variations in task com-
positions increases. Second, the compositional structure that emerges 

in the linguistic latent state representation is strongly influenced by 
sensorimotor learning. Specifically, we observed that the linguistic la-
tent representation of actional concepts develops by preserving simi-
larity among corresponding sensorimotor patterns. Last, by performing 
ablation studies, we found that the model’s ability to accurately gener-
ate visuo-proprioceptive sequences is significantly affected by the pres-
ence of visual attention and working memory modules.

RESULTS
Task description
In the current study, we introduced vision-based object manipulation 
tasks with a robotic arm (fig. S1). The tasks included grasping, mov-
ing (in four different directions—left, right, front, and back), and 
stacking. These tasks were performed on 5-cm cubic blocks of five 
colors (red, green, blue, purple, and yellow). Tasks were linguistically 
represented by sentences like “grasp X,” “move X left,” “move X right,” 
“move X front,” “move X back,” and “put X on Y”; “X” indicates the 
color of the object being manipulated (any of the five colors), and “Y” 
is the color of the object at the base (we used green, blue, or yellow) in 
the stacking task. Examples of visuomotor sequences of different types 
of tasks are shown in fig. S2. In total, there are 40 possible combina-
tions (five nouns and eight verbs). The model was trained with data 
collected from the physical robot. However, all evaluations were per-
formed on the basis of the ability of the model to generate mentally 
simulated trajectories of visuo-proprioceptive sequences.

We performed two experimental evaluations with the above setup. 
First, we evaluated model performance for generalization to unlearned 
object positions and unlearned linguistic compositions. We further 
emphasized this by comparing model performance among different 
degrees of sparsity in training data. We also evaluated the model’s abil-
ity to understand visuo-proprioceptive behavioral sequences by infer-
ring the appropriate linguistic description. Second, we performed an 
ablation experiment to study the impact of visual attention and work-
ing memory on the model’s generalization capability.

Evaluation of ability to generalize: Experiment I
In this experiment, we evaluated the ability of the model to general-
ize to unlearned object positions and unlearned language composi-
tions. The dataset was divided into four groups, each with a different 
number of combinations. Group A contained 40 combinations (five 
nouns and eight verbs). Group B comprised 30 combinations 
(five nouns and six verbs). Group C included 15 combinations (five 
nouns and three verbs), and Group D contained 9 combinations 
(three nouns and three verbs). To evaluate model performance in 
generalization in learning, we further divided each group with dif-
ferent ratios of training. Details of different training ratios in each 
group are described in Table 1. Note that in group D, because the 

Movie 1. Summary of the model and experimental results.

Table 1. Training ratios. Ratios of various compositions of behaviors used for training.

Groups 1 2 3

 Group A (5 × 8) 32/40 (80%) 24/40 (60%) 16/40(40%)

 Group B (5 × 6) 24/30 (80%) 18/30 (60%) 12/30 (40%)

 Group C (5 × 3) 12/15 (80%) 9/15 (60%) 6/15 (40%)

 Group D (3 × 3) 7/9 (77%) 6/9 (66%) 3/9 (33%)
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total number of combinations is nine, we used the ratios 77, 66, and 
33% instead of 80, 60, and 40%. Details of individual compositions 
in the four groups are illustrated in figs. S3 to S5.

Inference of visuo-proprioceptive sequences to achieve 
linguistically specified goals
The model was trained with visuo-proprioceptive sequences that 
started at random initial configurations of objects in the work space. 
As previously mentioned, the trained model performed goal-directed 
planning using AIF for novel object positions and unlearned com-
positions (U-Cs) of linguistically represented goals, as well as for 
novel object positions (U-Ps) and learned linguistically represented 
goals. The error between the visuo-proprioceptive plan generated by 

the network and the ground truth of visuo-proprioceptive trajectory 
was measured to evaluate the model’s generalization performance.

An example of successful generation of a goal-directed action 
plan to achieve a linguistically represented goal, when trained with 
group A1, is shown in Fig. 2. A visuo-proprioceptive mean squared 
error of 0.0113 was observed in this successful example. This figure 
shows mental simulation of the generated motor plan and the ex-
pected visual trajectory associated with the linguistically specified 
goal (“put green on blue”). Figure 2G compares ground truth joint-
angle trajectories of the test sequence with inferred trajectories from 
the planning process. Trajectories 0 to 4 (red, blue, green, yellow, 
and purple) represent joint angles of all five active rotary joints of the 
robot arm and joint. Joint number 5 (brown) refers to linear actuators 

Fig. 2. Goal-directed planning using AIF. The model generated the above visuo-proprioceptive sequence for the linguistically specified goal “put green on blue.” 
(A) Masked representation of VWM-2. (B) VWM-1. (C) Model prediction of attended visual stream. (D) Final simulated prediction of the visual stream; the red box indicates 
coordinates for attention predicted by the proprioceptive LSTM. (E) The ground truth target for comparison. (F) Difference between the predicted visual stream and the 
ground truth target. (G) Normalized joint angle trajectory predicted by the model compared with the corresponding observed joint angle trajectory. (H) Mean difference 
between the predicted joint angles and the observed joint angles.
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of the robot gripper. The visual stream shows every fifth time step of 
the generated sequence of the model. The current focal area, in 
terms of size and position of the attention transformation, is indi-
cated by a red square. Parameterization of the attention transformer 
is generated as an additional output of the multilayer proprioceptive 
LSTM (long short-term memory), as previously mentioned. Atten-
tion (red box in Fig. 2D) is directed toward the object to be manipu-
lated and the gripper when the gripper starts to approach the object. 
The contents of VWM-2 and VWM-1 are illustrated in Fig. 2 (A and 
B), respectively. The shape and color of the manipulated object are 
represented in VWM-2. Note that when the object is being moved, 
it disappears from VWM-1 and appears in VWM-2. This informa-
tion flow between VWM-1 and VWM-2 emerged in the visual net-
work through training, which is essential for generalization to novel 
situations, based on our previous work (39). We leveraged this 
emergent mechanism in the current model to facilitate grounding of 
language to visuo-proprioceptive behavior. These observations show 
that a mental image of a continuous visuo-proprioceptive pattern 
can be generated using goal-directed planning to achieve a linguisti-
cally specified goal.

The model is adept at associating linguistically represented goals 
with corresponding visuo-proprioceptive sequences. Details of the 
model’s performance for generalizing to U-Ps with learned linguisti-
cally represented goals and to U-Cs of linguistically represented 
goals are provided in table S1. Despite fewer variations of linguistic 
composition in training, the model still maintained a low error, 
≤0.0405 (group D3), for U-Ps. Figure 3 shows the comparison of 
generalization performance between U-Ps and U-Cs for different 
groups with the highest training ratio. Although U-P performance 
does not change significantly, depending on the composition scale, 
U-C performance improves as the variation of task composition in 
the training increases from group D1 to group A1.

Figure 4 illustrates the difference in U-C performance between 
groups when trained with different training ratios, as mentioned 
above. In the majority of failed cases, the model confused colors of 
the object or misinterpreted the action to be performed on the object. 

This indicated that failure in generalization occurred at the abstract 
level, given that low-level predictions still generated sequences cor-
responding to a different action or performed the specified action on 
a different object. Examples of visuo-proprioceptive sequence gener-
ated by the model in cases of successful and failed generalizations 
are shown in figs. S6 and S7, respectively. Even when the model fails 
to generalize, it still generates visuo-proprioceptive sequences that 
do not result in large errors. This likely explains why, despite poor 
performance in some instances, the average error remains rela-
tively low.

We qualitatively analyzed a latent space, the PB space, of linguistic-
LSTM with kernel principal components analysis (KPCA) (47) using 
linear kernels. Figure 5 shows a scatterplot of mean KPCA values of 
each cluster in the PB space of the model for all groups with the high-
est training ratio. Figure S9 shows the data distribution correspond-
ing to mean values shown here. The topology of hidden states 
corresponding to verb phrases (“grasp,” “move left,” etc.) seems to 
have a common structure when visualized separately for each object 
noun. For example, in Fig. 5A, representations of actions related to 
the stacking task are aligned on the left side and follow the order of 
“put X on green,” “put X on yellow,” and “put X on blue” (X refers to 
the object noun that corresponds to the object color in our experi-
ments), from top to bottom. Similarly, in Fig. 5A, representations of 
actions related to “move” are clustered on the right side and follow 
the order “move X right,” “move X back,” “move X front,” and “move 
X left,” from top to bottom. Also, the representation of actions related 
to “grasp” is always between moving and stacking actions. Two things 
can be said from these observations. First, PB vectors corresponding 
to similar action categories become similar, and second, this struc-
ture is largely similar for different colors, which implies composition-
ality between verbs and nouns.

This structure is more consistent among different object colors 
when the variety of task compositions in learning is high, as seen in Fig. 
5 (A and B). In contrast, in Fig. 5 (C and D), topologies of hidden states 
are inconsistent among different object colors. We found that struc-
tural relationships between learned compositions are extrapolated by 

Fig. 3. Comparison between position generalization and compositional gen-
eralization. Average error for the inference of visuo-proprioceptive plans com-
pared between U-Ps and U-Cs among groups with different number of compositions 
with the highest training ratio of 80%. Error bars show SD with sample size n = 5.

Fig. 4. Effect of variation and sparsity in training on generalization. Compari-
son of average visuo-proprioceptive error between groups with different training 
ratios for inference of visuo-proprioceptive plans to achieve U-Cs of linguistically 
represented goals. Error bars show SD with sample size n = 5.
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the model to generalize to U-Cs of nouns and verbs, illustrated by posi-
tions of U-Cs (Fig. 5). The model’s ability to extrapolate this structure to 
U-Cs improves as the number of variations in task compositions in-
creases. We also performed Welch’s unequal variances t test (48) to 
compare the generalization performance (for U-Cs) between groups, 
the results of which are shown in tables S3 and S4. The model showed 
robust generalization performance when trained with only 60% of 
training data for groups with a greater variety of task compositions 
(groups A and B). Groups trained with 40% sparsity performed poorly, 
irrespective of the variety of task compositions in training. We ob-
served a significant difference in model performance between subse-
quent groups, where groups with more variations in task compositions 
always outperformed groups with fewer elements for compositions.

Language inference from observed 
visuo-proprioceptive sequences
The model’s ability to infer linguistically represented goals from 
visuo-proprioceptive behaviors was evaluated, with success defined 

by accurate inference of unlearned word sequences. Generalization 
performance for U-Ps and linguistic U-Cs is shown in table S2, with 
Welch’s t test results in tables S5 and S6. Comparisons across differ-
ent training ratios are illustrated in fig. S8, demonstrating that increased 
training composition size and ratios improve generalization. This is 
analogous to results obtained for inference of visuo-proprioceptive 
plan sequences (Fig. 4). Although the model minimizes the error 
between generated visuo-proprioceptive sequences and the ground 
truth, success is measured by accuracy of inferred linguistic goals (fig. 
S8 and table S2). Generalization performance in inferring appropriate 
linguistic goals was poorer than expected. This was possibly caused by 
the relatively noisy visual image sequence that was used for inference. 
(Note that this goal inference, as well as training of the network, was 
performed by sampling real visual data operated by a physical robot.)

Ablation study: Experiment II
To assess the impact of visual attention and working memory on 
the current model’s performance, we conducted ablation studies to 

Fig. 5. Latent state PB representation. Scatterplot of mean kernel PCA values of latent state PB vectors for all groups with the highest training ratio. (A) Group A1 (5 × 
8, 80%). (B) Group B1 (5 × 6, 80%). (C) Group C1 (5 × 3, 80%). (D) Group D1 (3 × 3, 77%). Colors of markers indicate the color of the object being manipulated. The variance 
explained by the two components of KPCA for all groups was greater than 90%.
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evaluate the model’s ability to generate mental simulation of visuo-
proprioceptive sequences when provided with linguistically repre-
sented goals for group A1 (5 × 8, 80%). We ablated the visual 
attention and VWM-1 and VWM-2 (Table 2) and trained the model 
from scratch before evaluation. Ablation of either working memory 
or the attention module notably affected the ability of the model to 
generate successful visual predictions, which resulted in poor gener-
alization performance (Table 2). The model showed significantly 
degraded generalization performance for both U-Ps and U-Cs. The 
proprioceptive prediction capability of the model was also reduced 
significantly but less than visual prediction capability, because of ab-
lation of the visual network. This is reflected in the proprioceptive 
accuracy (Table 2).

The model performed better when there was at least one VWM 
with attention compared with having no attention module. These re-
sults highlight the importance of the interaction between visual atten-
tion and working memory for generating accurate visuo-proprioceptive 
predictions. Further implications of these results are discussed below.

DISCUSSION
This study investigated how generalization in compositionality can 
be achieved through the process of associative learning between ac-
tion and language, with limited amount of the experience, even with 
limited training data. We hypothesized that increasing task compo-
sition variation used in learning would improve generalization. This 
hypothesis was evaluated by conducting a set of simulated robotic 
experiments using the framework of AIF (35). More specifically, we 
studied how robots can learn to generate goal-directed action plans 
by adequately inferring visuo-proprioceptive sequences to achieve 
linguistically specified goals. We also examined how such a robot 
can infer linguistically represented goals from observation of pro-
vided visuo-proprioceptive sequences. For this purpose, we built on 
our previous work (39) by adding a language-processing LSTM and 
a PV-RNN in the associative layer and by using a teleological ap-
proach for goal-directed planning (38). The proposed model used a 
complex visual network with submodules, including visual atten-
tion and VWMs, to facilitate grounding of language to visuo-
proprioceptive behavioral sequences.

Our analysis of simulation experiment results to infer action 
plans for linguistically specified goals led to the following findings. 
First, generalization performance in learning U-Cs improves with 
increased vocabulary, as well as the training ratio. This is supported 
by an analysis of the PB space that showed more consistent rela-
tional structures among different concepts combining actions and 

object nouns. These emerge for cases with more variations of task 
composition in learning. We found that representations in the PB 
space self-organized on the basis of the similarity of actions. This 
validates our basic hypothesis. Second, performance for position 
generalization does not depend on the size of composition used in 
learning. This result can be understood by considering that position 
generalization competency should be developed in the lower level of 
the network model, which does not interact directly with linguistic 
compositional processing.

Although several studies have investigated grounding of lan-
guage with visuo-proprioceptive behavior using recurrent neural 
network models (26–30,  49), few have addressed the mechanism 
underlying compositionality. To the best of our knowledge, there 
have been no models that examined the compositional nature of 
language grounded in visuo-proprioceptive behavior using the AIF 
framework. The current study explored a possible underlying mech-
anism for linguistic compositionality, codeveloped with sensorimo-
tor skills to manipulate objects, using AIF. Extended studies should 
investigate how this mechanism can be developed gradually through 
incremental learning, as human children do.

By conducting ablation studies, we found that generalization 
performance in learning is significantly reduced when either VWM 
or visual attention is deleted from the model. This can be explained 
by considering that in the current model, visual image is perceived 
on the basis of structures rather than as simple pixel patterns by 
means of visual attention and working memory mechanisms. Actu-
ally, previous work (39) using a similar visual network showed that 
coupled mechanisms of visual attention and working memory en-
able a manipulated object to be segmented from the background. 
Therefore, it is highly likely that the marriage of structural visual 
information processing and compositional linguistic information 
processing enhances generalization in learning in the current task. 
An analysis of the model’s performance in inferring linguistically 
represented goals from the observation of visuo-proprioceptive se-
quences showed results analogous to those obtained for inferring 
visuo-proprioceptive plan sequences from provided linguistic goals.

According to Hupkes et al. (6), compositionality of a neural net-
work model should satisfy several characteristics. Systematicity 
means that the model should systematically combine known parts 
and rules. Productivity refers to the model’s ability to extend its pre-
dictions beyond the lengths observed during training. Substitutivity 
ensures that the model’s predictions are robust to synonymous sub-
stitutions. Localism concerns the degree to which the meaning of a 
compositional expression depends on its immediate, local struc-
tures rather than global structures. Overgeneralization means that 

Table 2. Ablation study prediction error. 

Visual error (μ ± SD) % Proprioceptive error (μ ± SD) %

Condition U-P U-C U-P U-C

 VWM- 1 and 2 with attention 0.0196 ± 0.0016 0.0249 ± 0.0038 0.0110 ± 0.0014 0.0117 ± 0.0020

Only VWM- 1 with attention 0.0407 ± 0.0041 0.0543 ± 0.0011 0.0136 ± 0.0008 0.0158 ± 0.0014

Only VWM- 2 with attention 0.0391 ± 0.0031 0.0506 ± 0.0074 0.0149 ± 0.0002 0.0155 ± 0.0015

 VWM- 1 & 2 with no attention 0.0480 ± 0.0050 0.0657 ± 0.0046 0.0154 ± 0.0007 0.0169 ± 0.0075

No VWM- 1 & 2 and no attention 0.0734 ± 0.0052 0.0960 ± 0.0068 0.0198 ± 0.0004 0.0238 ± 0.0037
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the model should avoid favoring particular rules or exceptions dur-
ing training and should not overgeneralize. We see evidence that 
our model demonstrates at least a rudimentary level of systematicity 
through its ability to generate appropriate visuo-proprioceptive se-
quence plans for U-Cs of actions and nouns, effectively generalizing 
to novel scenarios. This capability confirms that the model can syn-
thesize new, meaningful sequences from previously learned parts 
and rules, meeting a key criterion for compositionality. Although 
testing for every aspect of compositionality is beyond the scope of 
the current study, it is a promising avenue for future research.

We showed that generalization performance in learning unseen 
compositions increases as the size of the vocabulary and variations 
in task composition increase, evidenced by the best performance 
seen in the largest group (5 × 8 composition). This result offers a 
minimal potential solution to the poverty of stimulus problem (50). 
If the dimensions of composition increase to include not only verbs 
and object nouns but also various modifiers, such as adverbs and 
adjectives, and each dimension consists of hundreds of elements, as 
we experience in daily life, covering all possible combinations across 
all dimensions would result in a combinatorial explosion. Faced 
with this problem, our expectation is that the required amount of 
experience for generalization in learning is not proportional to the 
product of the number of elements across all dimensions but rather 
is proportional to their summation, provided that the elemental size 
of each dimension is relatively large. Future studies should evaluate 
this possibility, which aims beyond generalization shown by typical 
neural network models, by conducting the same experiments under 
drastically scaled settings. The current study was necessary to exam-
ine basic mechanisms accounting for how generalization can be 
achieved in language-behavior compositionality with rigorous anal-
ysis, before scaling up the system. In addition, it aimed to investigate 
how the model’s capability improves with increments in sizes of in-
dividual elements in each dimension.

Previous work with PV-RNN–based models (51, 38) used the 
online error regression scheme, where prediction error serves as an 
input feature to retroactively correct the history of predictions 
(postdiction) while simultaneously predicting future behavior. This 
approach, although effective, is computationally intensive and relies 
on low-dimensional input features for feasibility. This limitation is 
especially notable given that our model evaluations were not con-
ducted on physical robots. Although the proposed model shows com-
petitive performance in generating appropriate visuo-proprioceptive 
trajectories compared with ground truth trajectories, executing the 
generated trajectories with a real robot may not yield the de-
sired level of performance. Inferring object positions accurately 
from 64 pixel–by–64 pixel RGB (red-green-blue) images in the video 
can result in large errors in the real world. A single-pixel error from 
noise in the 64 pixel–by–64 pixel RGB image can result in a position 
error of several centimeters, which will substantially affect the be-
havioral performance of the robot, especially when the robot at-
tempts to grasp objects. If a 256 pixel–by–256 pixel RGB image can 
be used, the position error could be reduced to <1 cm. This 
scheme, however, prohibits real-time computation (it takes several 
minutes to generate a single visuomotor plan trajectory), because 
expensive back-propagation through time computation should be 
conducted through the convLSTM. Future studies should investigate 
more efficient solutions to speed up this part of the computation, e.g., 
developing a C++ compiler for the whole system instead of using the cur-
rent Python-based program to achieve real-time operation of physical 

robots using the proposed model. Upon solving these issues, the 
model will have the potential to be scaled up to more complex tasks 
with rich linguistic descriptions for cognitive robots to interact with 
the real world. We are actively working on this problem to make 
future iterations of the model more computationally efficient.

Models like CLIP (contrastive language–image pretraining) (52) 
and CLIP-guided generative latent space search (CLIP-GLaSS) (53) 
learn to associate images and textual descriptions in a joint embedding 
space. They use a contrastive learning objective to align embeddings of 
images and their corresponding textual descriptions. Although our 
model may share some features with these approaches, the PB vector 
is not a shared embedding for behavior and language. Instead, it acts as 
a bottleneck to constrain both visuo-proprioceptive sequences and 
word sequences such that they share similar structures. Our rationale 
for not using a shared embedding space for visuo-proprioceptive be-
havior and language is to maintain flexibility in learning behavioral 
patterns that can achieve the same linguistic goals. For example, the 
robot may learn multiple trajectories to achieve the linguistically rep-
resented goal of “put red on green” depending on object positions.

A major limitation of the current study is the absence of com-
munication in a societal context. Tasks were executed by a single 
robotic arm, lacking active engagement with other agents, which is 
essential for language development in humans (22). The model op-
erates in a small workspace with a limited vocabulary. One possible 
way to scale the model is to increase the number of compositional 
elements (adverbs, adjectives, conjunctions, etc.) to form longer 
sentences, as discussed previously. Moreover, extending the model 
to incorporate multiple agents, such as in RT-2 (7), each with their 
own models, could facilitate examination of communication dy-
namics within a societal context.

Recent advances in LLMs have shown incredible performance 
with robots working in real-world environments (54–57). These 
models, equipped with sophisticated language-processing capabili-
ties, have enabled robots to comprehend and generate human-like 
language, facilitating seamless interaction with users and enhancing 
their overall functionality. However, it is important to note a sub-
stantial difference in the way language is acquired by these models 
compared with humans. Although humans develop language skills 
through interaction with their environment, as we have tried to 
emulate in our model by intermingling linguistic cues with physical 
experiences and sensory inputs, the language capabilities of LLMs 
are predominantly acquired through passive exposure to vast lin-
guistic datasets. The extent to which LLMs can truly understand 
language in a human-like manner (58–61) is an intriguing question. 
As robotics continues to advance, bridging the gap between lan-
guage understanding in machines and humans remains a key re-
search challenge. Efforts to incorporate embodied interaction and 
sensorimotor experiences into language learning processes for ro-
bots hold promise to enhance the naturalness and robustness of 
their linguistic abilities in real-world scenarios.

MATERIALS AND METHODS
We propose a hierarchically organized generative model to handle mul-
tiple modalities, including vision, proprioception, and language. The 
model was trained end to end through supervised learning, using train-
ing examples containing visuo-proprioceptive sequences paired with 
corresponding linguistic expressions. The model learned to generate 
visuo-proprioceptive sequences corresponding to associated linguistic 
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expressions by minimizing evidence free energy. The trained model 
was used to generate goal-directed plans in which the goal was repre-
sented by linguistic expression. Goal-directed visuo-proprioceptive se-
quences were generated by minimizing expected free energy by means 
of AIF. This model inherited the vision module, with multiple VWM 
modules and visual attention (37). To integrate language into this model, 
we used the PB scheme proposed by Sugita and Tani (24). For all ex-
periments, the model was trained and evaluated with five random 
seeds, as described in the “Implementation details” section of the Sup-
plementary Materials.

Model architecture
The overall architecture of the current model is illustrated in Fig. 
1A. The model consists of RNN-based generative networks that han-
dle prediction of vision, proprioception, and language. These mo-
dalities are integrated by the associative network. There are three 
layers of stacked LSTM and convLSTM for the proprioception and 
vision networks, respectively. The language network is implemented 
as a single-layer LSTM with a PB vector (Fig. 6). The associative net-
work is a single-layer PV-RNN that connects to the top layer of the 

visual and proprioceptive networks. Language is bound to the asso-
ciative network through a binding loss between the linguistic PB 
vectors and P̃Bt

 that is generated by the associative network (Fig. 6).
Each layer in the visuo-proprioceptive pathway receives contex-

tual information from neighboring layers. Top-down connectivity 
provides a signal from the subsequent higher-level layer or from the 
associative layer of the model. Those layers propagate the prediction 
or belief of the network down to the sensorimotor level. A deconvo-
lution operation is applied in the visual pathway, with dimensional-
ity increasing from top to bottom. Visual and proprioceptive LSTM 
cells on the same layer of the model are connected via lateral con-
nections. As in top-down processing, a deconvolution operation 
is applied to expand the low-dimensional space of propriocep-
tive representations to match the dimensions of the feature space of 
convLSTMs. Bottom-up connectivity sends neural activation from 
the lower layer of the model or the current sensory input, i.e., vision or 
proprioception, into the subsequent higher-level layer. Visual input 
is processed by an attention module, and a convolution operation is 
applied to reduce the dimension of projections to the next higher 
layer. Visual processing incorporates visual attention and saving/

Fig. 6. Graphical representation of the associative PV-RNN and linguistic LSTM. 
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reading of visual images, using VWM. These are performed autono-
mously as part of the inference process.

The proprioceptive network predicts sequences of joint angles 
(m̃

t
) and multiple low-dimensional control signals (αatt

t
 and αM2

t
). 

These control signals act as parameters of visual attention and visual 
image transformation (39, 62) to modulate information flow in the 
visual system. Visual attention performs dynamic adjustment of the 
pixel density in different regions of the image generated by the visual 
network. This allows the model to focus on and predict the visual 
appearance of manipulated objects in greater detail, whereas static 
parts of the generated images can be retrieved from the VWM-1. Fur-
thermore, an additional parametric control of pixel-wise transfor-
mation (62) of images stored in VWM-2 allows the model to imitate 
dynamic changes of object images during its manipulation. This 
parametric control is performed by the output of proprioceptive 
LSTM (αM2

t
). This transformation is limited to affine image transfor-

mations considering the nature of the task used in our experiments.
The visual network predicts pixel images of the currently attended 

region (vatt
t

) and a set of masks that are used to mix the predicted 
image with the contents of each VWM (see Fig. 1A). The final visual 
image is predicted through the interaction of this convLSTM pre-
diction with parameterized visual image operations, including at-
tention, inverse attention, fusion, and transformation. Attention is 
performed by application of the current attention filter, parameters 
of which are predicted by the proprioceptive LSTM on the plain vi-
sual image. Inverse attention is simply an inverse transformation of 
the attended image. The fusion operations (denoted by “F” in a gray 
circle) fuse two sources of visual streams with a pixel-wise mixing 
ratio using outputs and corresponding masks generated from the 
multilayer convLSTM. Fusion operations were used to compose the 
final prediction, as well as to update the VWMs.

Generation of top-down signals from the associative PV-RNN is 
based on the adaptive parameter A (representing the approximate 
posterior probability distribution in terms of the mean and SD at 
each time step), which is optimized together with network parame-
ters during training, to minimize the evidence free energy. The lan-
guage network predicts a short sequence of words (S̃) at each time 
step of the visuo-proprioceptive sequence. Each word (s̃i) is repre-
sented by a one hot vector, and the corpus is limited to 20 possible 
words. Language prediction depends on parameters of the linguistic-
LSTM and the PB vector, which is constrained by the predicted P̃B

t
 

from the associative PV-RNN through a binding loss (equation 30 
in the Supplementary Materials) (Fig. 6).

During learning, updating adaptive variables and connectivity 
weights of the network is performed to minimize the reconstruction er-
ror between prediction and observation. To this end, back-propagation 
of the error is performed inversely through the aforementioned top-
down and bottom-up pathways to update values of the adaptive la-
tent variables A and PB. In summary, the model represents a 
variational Bayes generative model in which learned multimodal 
spatiotemporal sequence patterns, including proprioception, vision, 
and language, can be reconstructed by adequately inferring the corre-
sponding probabilistic latent variables A and PBs. This is possible be-
cause all fabricated functions, such as visual attention, mask operation, 
and affine transformation, are designed as differentiable functions.

Visuo-proprioceptive and linguistic streams
The lowest layers of vision, proprioception, and language modules 
receive corresponding sensory inputs, pixel-based images vt, the 

softmax representation of the current joint angle configuration mt, 
and a series of one-hot vectors as linguistic input si. The computa-
tion in the input layers of the network can be defined as

with visual attention transformation ATT
(
vt , α

att
t

)
 parameterized by 

αatt
t

 applied to the visual input. We use the suffix i to denote indi-
vidual word steps of the language. It is important to note that al-
though vision and proprioception are synchronized and share the 
same number of time steps, language is expressed as a sentence in 
which each word is represented by a one-hot vector. Therefore, lin-
guistic prediction, limited to five word steps, is predicted by the 
model at each step of the visuo-proprioceptive sequence (Fig. 6).

The proprioceptive prediction mnet
t

 as well as the low-dimensional 
parameterizations αatt

t
 and αM2

t
, which modulate attention and the 

affine transformation of VWM-2, are generated from the hidden 
states of the proprioceptive pathway as

with FFN denoting a fully connected feed-forward network. Note 
that the FFNs do not share the same connectivity weights.

Neural activation in the visual pathway (stacked convLSTM) for 
layer l = 1 to l = L at time step t is defined as

Neural activation in the proprioceptive pathway (stacked LSTM) 
is defined as

The model uses only one LSTM layer with PB for the language 
network. Its neural activation is defined as

vnet
l=0,t

= ATT
(
vt , α

att
t

)
(1)

mnet
l=0,t

= SoftMax
(
mt

)
(2)

snet
l=0,i

= si (3)

mnet
t

= FFN
(
mnet

l=1,t

)
(4)

αatt
t

= FFN
(
mnet

l=1,t

)
(5)

αM2
t

= FFN
(
mnet

l=1,t

)
(6)

vnet
l,t

=

⎧
⎪⎨⎪⎩

ConvLSTM
�
vnet
l−1,t

,mnet
l,t−1

, anet
t−1

�
, if l=L

ConvLSTM
�
vnet
l−1,t

,mnet
l,t−1

, vnet
l+1,t−1

�
, otherwise

(7)

mnet
l,t

=

⎧
⎪⎨⎪⎩

LSTM
�
mnet

l−1,t
, vnet

l,t−1
, anet

t−1

�
, if l=L

LSTM
�
mnet

l−1,t
, vnet

l,t−1
,mnet

l+1,t−1

�
, otherwise

(8)

snet
i

= LSTM
(
snet
i−1

, PB
)

(9)
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Associative network
As previously mentioned, the visual and proprioceptive pathways 
are connected by lateral connections in each layer of the convLSTM 
and LSTM blocks, respectively. In addition, the model includes an 
associative PV-RNN for a combined representation of both path-
ways in the highest layer. PV-RNN is composed of deterministic d 
and stochastic z latent variables. The PV-RNN generates predictions 
from a prior distribution p and infers an approximate posterior dis-
tribution q by means of prediction error minimization on the gener-
ated sensory output x. The prior generative model pθ is factorized as 
shown in following equation.

The prior distribution pθz
(
zt ∣dt−1

)
 is a Gaussian, and it depends 

on dt−1, except at the initial time step t = 1, which is fixed as a unit 
Gaussian with zero mean. Each sample of the prior distribution zpt  is 
computed as shown in the following equation.

where ϵ is a random noise sample such that ϵ ∼ (0, I). W is the 
connectivity weight matrix. We omit the bias term in all equations 
for the sake of brevity.

Given that computing the true posterior distribution is intractable, 
the model infers an approximate posterior (qφ) at time step t, zqt  com-
puted as shown in Eq. 12. Aμ

1:T
,Aσ

1:T
 are adaptive variables, inferred 

through back-propagation by minimizing the prediction error and 
the complexity term, as detailed below. These are used to compute the 
mean and SD for the approximate posterior at each step in a sequence.

We use a multiple timescale recurrent neural network (63), 
adapted for a single layer, as the RNN for the associative PV-RNN 
layer. The deterministic latent variable of the associative layer anet

t
 is 

computed as follows

where τ is the time constant that determines the rate at which the 
network integrates information over time. The associative layer also 
predicts a parametric bias (P̃B

t
) vector at each time step, which is 

bound to the PB vector of the language module through a binding 
loss (equation 30). The P̃B

t
 vector is computed as

Wd,pb is the connectivity weight matrix between d and PB.

Visual attention and working memory
Our previous study (39) showed that visual image transformations 
by attention and inverse attention are among the most important 
elements for successful development of VWM function during end-
to-end learning. As mentioned previously, visual attention is per-
formed by an attention transformation parameterized by scaling 
and coordinates of a focal position. These parameters are generated 
by the proprioceptive multilayer LSTM, which receives top-down 
signals from the associative PV-RNN in the higher level. This means 
that optimal parameters for visual attention during training and 
goal-directed planning are determined by the inference of optimal 
latent-state values A1:T.

The visual attention and VWM systems are applied to the output 
of the convLSTM block, which includes prediction of the attended 
visual image vnet

t
 and a set of masks, computed as

with a sigmoidal activation function Sig. Note that the Deconv op-
erations do not share the same connectivity weights. The masks gM1

t
 

and gM2
t

 modulate the pixel-wise update of the VWM-1 and VWM-
2, respectively. Furthermore, the masks gpredt  and gnet

t
 decide how 

much the final visual prediction depends on the VWMs or vnet
t

 
(see Fig. 1A).

Details of network-wise operations for VWM-1 and VWM-2 are 
described by the following equations

Equation 19 describes how contents of VWM-1 (vwmM1
t+1

) can be 
updated, where gM1

t
 denotes a pixel-wise mask and ATT−1 performs 

inverse attention transformation, parameterized by αatt
t

 (Eq. 5), on 
the predicted attended visual image vatt

t
. The element-wise multipli-

cation operator denoted by the symbol ⊙ fuses the visual stream 
and mask.

Equation 20 describes how VWM-2, vwmM2, can be updated. 
The variable gM2

t
 denotes a pixel-wise mask that defines the fusion of 

pθ
(
x
1:T

, d
1:T

, z
1:T

∣d
0

)

=

T∏
t=1

(
pθx

(
x
t
∣d

t

)
pθd

(
d
t
∣d

t−1, zt
)
pθz

(
z
t
∣d

t−1

) (10)

μ
p

t =

{
0, if t=1

tanh
(
Wd,zμ

pdt−1
)
, otherwise

σ
p

t =

{
1, if t=1

exp
(
Wd,zσ

pdt−1
)
, otherwise

z
p

t =μ
p

t +σ
p

t ∗ϵ

(11)

μ
q

t = tanh
(
A

μ

t

)
,

σ
q

t = exp
(
Aσ

t

)
,

z
q

t =μ
q

t +σ
q

t ∗ϵ

(12)

dt =
(
1−

1

τ

)
dt−1

+
1

τ

(
Wa,aa

net

t−1
+Wz,az

q

t +Wv,av
net

l=L,t−1
+Wm,am

net

l=L,t−1

) (13)

anet
t

= tanh
(
dt
)

(14)

P̃Bt = tanh
(
Wd,pbdt

)
(15)

vnet
t

= tanh
(
Deconv

(
vnet
l=1,t

))
(16)

[
gM1
t

g
pred

t

]
= ATT−1

(
Sig

(
Deconv

(
vnet
l=1,t

))
, αatt

t

)
(17)

[
gM2
t

gnet
t

]
= Sig

(
Deconv

(
vnet
l=1,t

))
(18)

vwm
M1

t+1
=
(
1−g

M1

t

)
⊙vwm

M1

t

+g
M1

t
⊙ATT

−1
(
v
att

t
, αatt

t

) (19)

vwm
M2

t+1
= g

M2

t
⊙TRAN

(
vwm

M2

t
, αM2

t

)

+
(
1−g

M2

t

)
⊙v

att

t

(20)
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transformed contents TRAN
(
vwmM2

t
, αM2

t

)
 of VWM-2 with vatt

t
, the 

predicted image in the attended feature space from the previous 
step. This ensures that the contents of vwmM2 are influenced only by 
the visual prediction in the attended region and by the transformed 
vwmM2. Prediction vatt

t
 of attended visual images is performed by a 

fusion of the predictions made by the convLSTM, gnet
t

, and the con-
tents of VWM-2, defined by

Model output
The visual output ṽt is computed by fusion of the contents of VWM-
1, vwmM1

t
, with the predicted attended image vatt

t
. Inverse attention 

transformation ATT−1 is applied to vatt
t

 to make it possible to fuse 
with the contents VWM-1 defined as

The final proprioceptive prediction is generated by a decoding of 
the softmax encoded predictions of the LSTM to get the trajectory, 
m̃

t
, of joint angle configurations

The final linguistic prediction, s̃i, is computed through a fully 
connected output layer followed by a softmax activation function to 
get a one-hot vector representation for each word

The sentence predicted at every time step of the behavior is the 
same and is defined as S̃ =

(
s̃1, s̃2, s̃3, s̃4, s̃5

)
. Examples of sentences de-

scribing actions performed by the robot are “put red on green,” “grasp 
red,” “move red left,” etc., where each word is represented by one hot 
vector. Note that the sentences are of different lengths; therefore, for 
all sentences to be the same length, the remaining steps are masked 
with zero vectors to get a maximum of five word steps. The final char-
acter, s̃5, of every sentence is always the vector corresponding to “.”, 
indicating the end of the sentence. Details on how training and 
inference are done by free energy minimization are provided in the 
Supplementary Materials.

Supplementary Materials
This PDF file includes:
Supplementary Methods
Supplementary Results
Figs. S1 to S11
Tables S1 to S6
Algorithms 1 to 3
References (64–66)
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