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 A B S T R A C T

The CRAM 2.0 robot cognitive architecture provides a framework for knowledge-based instantiation of robot 
manipulation design patterns for everyday activities. These design patterns take the form of generalized action 
plans, which are transformed by CRAM 2.0 into parameterized low-level motion plans, using knowledge and 
reasoning with a contextual model to identify the motion parameter values that will successfully perform the 
actions required to accomplish the task. In this way, CRAM 2.0 performs implicit-to-explicit manipulation, 
mapping an under-specified high-level goal to the specific low-level motions required to accomplish the 
goal. We demonstrate the ability of a CRAM-controlled robot to carry out everyday activities in a kitchen 
environment.
1. Cognitive robotics and manipulation tasks in everyday activi-
ties

One of the main goals of cognitive robotics is for robot agents to 
be able to accomplish everyday manipulation tasks without having to 
be provided with detailed instructions, i.e., without users having to 
specify how the goal is to be achieved (Sandini, Sciutti, & Vernon, 
2021). Consider the activity of setting a table for a meal and tidying 
up afterwards, shown in Fig.  1 and also in a video recording of this 
activity.1 The robot fetches the required items and arranges them 
on the table. To complete the activity successfully, the robot has to 
select an appropriate way to carry out every object transportation task, 
depending on the type of the object to be transported (e.g., spoon, 
bowl, cereal box, milk box, or mug), its current and target location 
(e.g., drawer, refrigerator, cupboard, or table), and the task context 
(e.g., setting or cleaning the table, loading the dishwasher, or throwing 
away items). As the robot motions required for each action are not 
specified in the activity description, which is typically framed in goal-
oriented terms, the robot must infer what it has to do. The CRAM2 robot 
cognitive architecture3 accomplishes this by adaptively instantiating 
design patterns for everyday activities. These design patterns take the 

I This work was supported by the German Research Foundation DFG, Germany, as part of the Collaborative Research Center (Sonderforschungsbereich) 1320 
‘‘EASE — Everyday Activity Science and Engineering’’, University of Bremen (http://www.ease-crc.org).
∗ Correspondence to: Carnegie Mellon University Africa, Kigali Special Economic Zone, Kigali, Rwanda.
E-mail addresses: mbeetz@uni-bremen.de (M. Beetz), kazhoyan@uni-bremen.de (G. Kazhoyan), vernon@cmu.edu (D. Vernon).

1 https://www.ease-crc.org/link/video-ease-robot-day.
2 CRAM is an acronym for Cognitive Robot Abstract Machine. The first version dates from 2010 (Beetz, Jain, Mösenlechner, & Tenorth, 2010). As we will see, 

CRAM 2.0 represents a significant advance on the concepts and functionality encapsulated in this first version, building on and extending the original principals.
3 We qualify CRAM 2.0 as a robot cognitive architecture to distinguish it from cognitive architectures that also model human cognition; see Section 2.

form of generalized action plans, which are transformed by CRAM 
2.0 into parameterized low-level motion plans, using knowledge and 
reasoning to identify the motion parameter values that will successfully 
perform the actions required to accomplish the task, complete the 
activity, and achieve the goal.

In general, carrying out everyday activities presents four fundamen-
tal challenges.

First, as we have noted above, everyday activities are typically 
stated in an underdetermined manner. For example, orders to ‘‘set the 
table’’, ‘‘load the dishwasher’’, and ‘‘prepare breakfast’’ do not fully 
specify the intended goal state, even if there are specific expectations 
about the outcome of the activity. Consequently, the robot must acquire 
the missing knowledge to accomplish the task and meet those expec-
tations. Some of this knowledge is provided a priori, some from the 
context of the activity, and some can be learned by experience.

Second, competence in accomplishing everyday manipulation tasks 
requires the ability to make decisions based on knowledge, past expe-
rience, and prediction of the outcome of each constituent action. The 
knowledge required includes common sense, such as knowing that the 
tableware to be placed on the table should be clean and that clean 
tableware is typically stored in cupboards. It also requires intuitive 
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Fig. 1. Different object grasps selected by the context model based on the object, task, 
and context.

physics knowledge, e.g., that objects should be placed with their center 
of gravity close to the support surface to avoid them toppling over. 
Domain knowledge might include the fact that plates are breakable, 
so they must be handled with care. Experience allows the robot agent 
to improve the robustness and efficiency of its actions by tailoring 
behavior to specific contexts. Prediction enables the robot to infer the 
outcome of any action it performs.

Third, the cognitive robot must reason about its actions at the 
motion level, predicting the effect of motion parameter values on the 
physical effects of the motion. This allows a robot to identify the best 
way to achieve the intended outcomes and avoid unwanted side effects.

Fourth, a cognitive robot should be able to answer questions about 
what it is doing, why it is doing it, how it is doing it, what it expects to 
happen when it does it, and how it could do it differently. This ability 
is important because it allows the cognitive robot agent to assess the 
impact of not doing something effectively or failing to do it at all. This 
understanding also allows a cognitive robot to discover possibilities for 
improving the way it currently does things.

CRAM 2.0 addresses these four challenges of cognitive robot manip-
ulation through a combination of novel representations and processes 
that distinguish it from both earlier versions of CRAM and other 
cognitive robot architectures. These mechanisms include (a) reasoning 
over structured representations of tasks, environments, robots, and 
actions, (b) perception- and effect-guided control of body motion, (c) 
experience-, prospection-, and competence-based decision making; and 
(d) introspective execution control. Together, these capabilities enable 
flexible, goal-directed behavior that adapts to underdetermined goals 
and complex task contexts in everyday human-scale environments. Core 
concepts such as generalized action plans, designators, belief states, and
digital twins are introduced formally in Sections 3 and 4.

To interpret underdetermined task specifications, CRAM 2.0 em-
ploys generalized action plans: symbolic plan templatesor design patterns 
for task categories such as fetching, placing, or pouring. At execution 
time, these plans are instantiated by querying a semantic knowledge 
base (KnowRob 2.0) to infer missing parameters based on current per-
ception and task-specific knowledge. This enables the system to convert 
vague, high-level instructions (e.g., ‘‘set the table’’) into fully grounded 
motion behavior without requiring environment-specific programming.

To generate context-specific motion, CRAM combines symbolic des-
ignators, the Giskard constraint-based motion executive, a belief state 
maintained by the perception executive, and models of expected and 
desired world dynamics, including task goals, intended effects, and 
effects to be avoided. These components allow CRAM to infer and 
adapt motion parameters during execution, balancing hard constraints 
2 
(e.g., collision avoidance, stability) and soft constraints (e.g., stereotyp-
icality of motion patterns). Context is interpreted broadly, encompass-
ing affordances, task semantics, learned priors, and predicted conse-
quences, supporting motion generalization across robots and environ-
ments with minimal reconfiguration.

To make robust and context-aware decisions, CRAM 2.0 integrates 
simulation and experience-based reasoning. Its digital twin reasoning 
system (DTKR&R) simulates the outcomes of potential actions in a 
virtual model of the world, while narrative-enabled episodic memories 
(NEEMs) log and abstract prior experiences. This allows the robot 
to evaluate feasibility, anticipate physical consequences, and select 
strategies that are likely to succeed in the current situation.

In parallel, CRAM 2.0 supports introspective execution by main-
taining explicit, perceptually grounded representations of tasks, ob-
jects, and actions, continuously updated throughout the task. These 
representations enable the robot to monitor its behavior, explain its 
choices, recover from errors, and adapt plans dynamically. In contrast 
to architectures that treat execution as a black-box process, CRAM 
2.0 offers transparent, causally-grounded, introspective and explain-
able manipulation. These capabilities are demonstrated concretely in 
the table-setting scenario of Section 5, where a single plan library is 
used to generate task-appropriate actions across multiple robots and 
environments.

We now proceed to discuss in detail the capabilities outlined above, 
first by providing a brief overview of the field of cognitive architec-
tures, second by describing the structure and operation of the CRAM 
2.0 robot cognitive architecture, and third by explaining the CRAM 
2.0 contextual model of robot agency and discussing the core elements 
of this model. We then provide examples of a CRAM-controlled robot 
carrying out manipulation tasks in everyday activities in a kitchen.

2. Cognitive architectures

The concept of a cognitive architecture, introduced by Newell 
(1990), is a framework that integrates all the elements required for 
a system to exhibit the abilities that are considered to be character-
istic of a cognitive agent. Core cognitive abilities include perception, 
action, learning, adaptation, anticipation & prospection, motivation, 
autonomy, internal simulation, attention, action selection, memory, 
reasoning, and meta-reasoning (Kotseruba & Tsotsos, 2020; Vernon, 
von Hofsten, & Fadiga, 2016). A cognitive architecture determines the 
overall structure and organization of a cognitive system, including the 
component parts or modules (Sun, 2004), the relations between these 
modules, and the essential algorithmic and representational details 
within them (Langley, 2006).

There are three different types of cognitive architecture, each de-
rived from the three paradigms of cognitive science: the cognitivist, the 
emergent, and the hybrid (Vernon, 2022).

Cognitivist cognitive architectures, often referred to as symbolic 
cognitive architectures (Kotseruba & Tsotsos, 2020), focus on the as-
pects of cognition that are relatively constant over time and that are 
independent of the task (Langley, Laird, & Rogers, 2009; Ritter & 
Young, 2001), with knowledge providing the task-specific element. 
In many symbolic systems, much of the knowledge incorporated in 
the model is provided by the designer, possibly drawing on years 
of experience working in the problem domain. Machine learning is 
increasingly used to augment this knowledge.

Emergent cognitive architectures focus on the development of the 
agent from a primitive state to a fully cognitive state over its life-time. 
As such, an emergent cognitive architecture is both the initial state 
from which an agent subsequently develops and the encapsulation of 
the dynamics that drive that development, typically exploiting non-
symbolic processes and representations. Since the emergent paradigm 
holds that the body of the cognitive agent plays a causal role in the 
cognitive process, emergent cognitive architectures often reflect the 
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Fig. 2. A schematic representation of the CRAM 2.0 cognitive architecture with its five main components: the plan executive, the KnowRob 2.0 KR&R system, the metacognition 
system, the perception executive, and the action executive. In KnowRob 2.0, the NEEMs (episodic memory) knowledge base and generalized knowledge base together comprise 
the episodic memory knowledge base (see text for details).
structure and capabilities of the physical body and its morphological 
development (Naya-Varela, Faina, & Duro, 2021).

Hybrid systems endeavour to combine the strengths of the sym-
bolic and emergent paradigms, typically integrating symbolic and non-
symbolic processing. Hybrid cognitive architectures are the most preva-
lent type: forty-eight of the eighty-four cognitive architectures surveyed 
by Kotseruba and Tsotsos (2020) are hybrid.

Most cognitive architectures have their origins in cognitive science 
and focus on modeling human cognition, e.g., Soar (Laird, 2012; Laird, 
Newell, & Rosenbloom, 1987), ACT-R (Anderson, 1996; Anderson et al., 
2004), CLARION (Sun, 2007, 2016, 2017), and LIDA (Franklin, Madl, 
D’Mello, & Snaider, 2014; Ramamurthy, Baars, D’Mello, & Franklin, 
2006), all of which are classified as hybrid by Kotseruba and Tsotsos 
(2020). A few of these cognitive architectures have been applied in 
robotics, e.g., Soar and LIDA, and ACT-R/E (Trafton et al., 2013). 
However, other cognitive architectures have been designed specifi-
cally in the context of robotics research, e.g., ArmarX (Vahrenkamp, 
Wächter, Kröhnert, Welke, & Asfour, 2015) and ISAC (Kawamura, 
Gordon, Ratanaswasd, Erdemir, & Hall, 2008), and do not claim to be 
models of human cognition. The CRAM cognitive architecture, to be 
described in the next section, is one of these.

3. The CRAM 2.0 cognitive architecture

The CRAM 2.0 cognitive architecture4 comprises five components: 
(i) the plan executive; (ii) a KR&R system referred to as KnowRob 2.0; 
(iii) a perception executive referred to as RoboSherlock; (iv) an action 
executive referred to as Giskard; and (v) a metacognition system re-
ferred to as COGITO; see Fig.  2. In the following, we will describe each 
component in turn.

3.1. The plan executive

The plan executive executes generalized action plans written in the 
CRAM plan language (CPL). It does so by determining what knowledge 
is required by the motion plan and formulating a query for the corre-
sponding motion parameter values. The query is then answered using 

4 The CRAM 2.0 open-source software is available at http://www.cram-
system.org
3 
the contextual model encapsulated in KnowRob 2.0, using knowledge 
embedded in the plan, and using perceptual information provided by 
the perception executive RoboSherlock. The resultant motion plans are 
then executed by the action executive Giskard.

CPL5 is an extension of Lisp, exploiting macros and functions to 
create a domain-specific language (DSL) for programming cognitive 
robots. It makes heavy use of multi-threading, especially for fluents, one 
of the key extensions. A fluent is a proxy object for some Common Lisp 
object, typically interfacing to some sensor, and it is used as a variable 
that allows a separate thread to monitor and act on a change in the 
value of that object, blocking until a value is available or until the value 
changes.

CPL supports concurrency, with various sequential execution con-
structs and parallel execution constructs, each offering different ways 
to advance the thread of execution. Failure in executing actions is a 
normal occurrence in robotics, so CPL allows failures to be thrown and 
caught using the handle-failure function. This function specifies 
the failure-handling code and provides control over the number of at-
tempts to re-try the code that threw the failure, after first having taken 
some remedial action. It also has a fully-featured Prolog interpreter, 
written in Lisp, to provide for the definition of facts and predicates, 
and for reasoning, to be used when handling failures.

One of the main constructs in CPL has already been introduced: 
the designator. To the robot plan programmer, designators are objects 
containing sequences of key–value pairs of symbols, the second value 
element of each pair acting as a placeholder for information that is 
required by the CRAM plan, or a placeholder for the execution of a 
motor command. The information is acquired and the motor command 
executed by resolving the designator at run time in the current context 
of the task action. Information is acquired by querying a priori knowl-
edge embedded in the plan, by querying knowledge in KnowRob 2.0, 
and by accessing sensor data through the perception executive, either 
directly or via a feature in KnowRob 2.0 referred to as a computable 
predicate, about which we will say more in Section 3.2.

As we will see in Section 4, there are four types of designator: 
motion designators (e.g., for motor commands), location designators 
(e.g., for 3D poses), object designators (e.g., for grasp configurations), 

5 A detailed description of CPL in beyond the scope of this article; for a 
comprehensive treatment, see Mösenlechner (2016).

http://www.cram-system.org
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and action designators (e.g., for high-level goal-directed functionality); 
see Fig.  10. Each type of designator has a different resolution strategy. 
For example, motion designators are resolved by the action executive. 
Object designators provide a direct interface between CRAM plans 
and the RoboSherlock perception executive. The key–value pairs in 
the designator’s properties describe the object that is to be perceived 
and RoboSherlock resolves the designator by extracting the required 
information from the sensor data. Location designators are typically 
resolved as robot poses that are appropriate for manipulating an object. 
Resolution is accomplished in two steps: (i) generation of a lazy list of 
candidate poses, and (ii) testing that candidate poses are feasible. This 
facilitates a general generation process and a specific filter process to 
remove the invalid solutions. Action designators are usually resolved 
using the Prolog inference engine to convert the high-level symbolic 
action into constitutent lower-level action designators, motion desig-
nators, location designators, and object designators, all of which are 
then resolved accordingly.

Because the plan executive uses explicit symbolic knowledge struc-
tures to represent the generalized action plans, the computational 
processes they initiate, the motions they generate, and the physical 
effects that the motions cause (Mösenlechner, Demmel, & Beetz, 2010), 
as well as the causal relationships between these knowledge structures, 
CRAM (specifically KnowRob 2.0, to be described next) can answer 
queries about what the robot does, why it does it, how it does it, 
and what happens when it does it. This allows CRAM to diagnose its 
behavior by inferring answers to questions such as: ‘‘Is the goal of the 
action achievable?’’ and ‘‘Did the action fail because the robot did not 
see the object?’’. These knowledge structures allow the robot to identify 
the subplans that are responsible for certain effects, and provides the 
basis for plan transformation (Kazhoyan, Niedzwiecki, & Beetz, 2020).

3.2. KnowRob 2.0: The knowledge representation & reasoning subsystem

KnowRob 2.0 (Beetz et al., 2018) is CRAM’s KR&R framework. 
KnowRob 2.0 enables robots to acquire open-ended manipulation skills, 
reason about how to perform manipulation actions, and acquire com-
monsense knowledge. It has enabled robot agents to accomplish com-
plex manipulation tasks such as making pizza, conducting chemical 
experiments, and setting tables.

KnowRob 2.0 is implemented in Prolog and it is exposed as a 
conventional first-order time interval logic knowledge base. However, 
many logic expressions are constructed on-demand from sensorimotor 
data computed in real-time, through algorithms for motion planning 
and inverse kinematics, for instance, and from log data stored in 
noSQL databases. It provides the background common sense intuitive-
physics knowledge required by the plan executive to implement its 
goal-directed under-determined generalized action plans, e.g., how to 
grasp an object, depending on the object’s shape, weight, softness, and 
other properties; how it has to be held while moving it, e.g., upright 
to avoid spilling its contents; and where the object is normally located. 
Some knowledge is specified a priori, some is derived from experience, 
and some is the result of simulated execution of candidate actions using 
a high-fidelity virtual reality physics engine simulator.

KnowRob 2.0 comprises five core elements embedded in a multi-
formalism reasoning shell, exposed through a logic-based language 
layer to an interface shell that provides functionality for perception, 
question answering, experience acquisition, and knowledge learning; 
see Fig.  2. The five elements are: (i) a central set of knowledge on-
tologies and axiomatizations; (ii) an episodic memory knowledge base 
encapsulating the robot’s experiences; (iii) an inner world knowledge 
base and virtual reality physics engine simulator; (iv) a symbolic knowl-
edge base with abstracted symbolic seensorimotor data, logical axioms, 
and inference rules; and (v) a virtual knowledge base comprising a set 
of data-structures for parameterized motion control and path planning. 
We now describe each of these in more detail.
4 
Fig. 3. Schematic visualization of a NEEM: sub-symbolic experiential episodic data and 
motor control procedural data, augmented by a symbolic description of the episode as 
it unfolds.

Fig. 4. Collecting NEEMs from human demonstration in a virtual kitchen environment.

3.2.1. Knowledge ontologies and axiomatizations
CRAM employs a collection of ontologies (Bateman, Beetz, Beßler, 

Bozcuoğlu, & Pomarlan, 2018) within a top-level ontology called SOMA 
(socio-physical model of activities). SOMA is a parsimonious extension 
of DUL (Dolce Upper Lite) ontology, where additional concepts and 
relations provide deeper semantics of autonomous activities, objects, 
agents, and environments. SOMA has been complemented with various 
sub-ontologies that provide background knowledge on everyday activi-
ties, including models of actions, robots, and affordances (Beßler et al., 
2020), and failures modes (Diab et al., 2019).

3.2.2. Episodic memory knowledge base
One of the distinguishing aspects of KnowRob 2.0 is its focus on 

episodic memory, specifically narrative enabled episodic memories: 
NEEMs. These are CRAM’s generalization of episodic memory (Tulving, 
1972), which refers to a type of declarative memory that contains auto-
biographical events, encapsulating non-symbolic experiential episodic 
data, motor control procedural data, as well as a descriptive semantic 
annotation that explains what is happening in the NEEM experience; 
see Fig.  3. CRAM collects and stores NEEMs, and processes them to 
abstract away from specific episode contexts and learn the gener-
ally applicable commonsense and naive physics knowledge needed for 
mastering everyday activities.
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Fig. 5. Symbolic knowledge in KnowRob is grounded in a virtual reality scene graph 
representation (top left of the diagram) which, in turn, provides the basis for digital 
twin knowledge representation and reasoning (exploded view of part of the scene graph 
in the center, bottom, and right of the diagram).

KnowRob 2.0 provides a query language in order to retrieve infor-
mation from NEEMs. The set of questions that can be asked about a 
given NEEM is provided by the KnowRob 2.0 ontology. One can retrieve 
all entities of a given entity category in the KnowRob 2.0 ontology 
and describe each entity using the attributes defined for the respective 
entity category. In addition, the relations defined in the ontology can 
be used to constrain combinations of entities. The assertions about en-
tities and relations are automatically generated from the ontology. The 
integration of the NEEM database, referred to as the NEEM Hub, with 
the SOMA ontology yields a powerful hybrid symbolic/non-symbolic 
framework for reasoning about activities, and it forms the basis of the 
CRAM contextual model.

The creation of the CRAM contextual model was informed by in-
terpretation and abstraction of human everyday activity data. These 
data include 100 multi-modal recordings of varied fetch and place 
table setting episodes. These episode recordings are transformed into a 
machine-understandable representation, semantically rooted in a com-
mon ontology of robot and human agency, and a common representa-
tion of activities.

The data encapsulated in NEEMS is generated by humans, both as 
a result of physical actions carried out by sensorized humans in the 
real world, and as a result of actions carried out by humans operat-
ing in a high-fidelity photorealistic virtual reality environment. The 
NEEMs were captured using AMEvA (Automated Models of Everyday 
Activities) (Haidu & Beetz, 2019), a computer system that can observe, 
interpret, and record fetch-and-place tasks and automatically abstract 
the observed activities into action models (Flanagan, Bowman, & Jo-
hansson, 2006). Fig.  4 shows the operation of AMEvA in which a human 
is performing fetch&place tasks in a virtual kitchen environment. 
NEEMs can also be used at execution time to diagnose and recover from 
execution failures (Bartels, Beßler, & Beetz, 2019).

3.2.3. Inner world knowledge base
The inner world knowledge base, also called a digital twin knowl-

edge representation and reasoning system (DTKR&R), facilitates ge-
ometric reasoning using a photo-realistic virtual reality system and 
physics engine. The DTKR&R uses scene graph data structures that are 
the implementation basis of virtual environments and integrates them 
with the symbolic knowledge representation system, providing every 
entity that is relevant for the robot with a symbolic name; see Fig. 
5. This symbolic name is then axiomatized in the symbolic knowledge 
base by asserting it as an instance of an object category defined in the 
5 
Fig. 6. Expectation for belief state estimation generated through imagistic reasoning. 
The belief image on the left is a rendering of the symbolic belief state of the robot 
agent.

ontological knowledge base, and providing formally-stated background 
knowledge about the entity. The relationship between the symbolic 
knowledge base and the inner world means that every relevant physical 
entity of the artificial world is formalized in the knowledge base and 
every symbolic physical entity is also an entity in the inner world. This 
means that the symbolic representations are grounded, not in physical 
objects, but in their counterparts in the inner digital twin world. 
However, this inner world is continually synchronized with the real 
world though perceptual data provided by the perception executive. In 
this way, the DTK&R inner world represents the belief state of a robot 
agent. Thus, to assess the information content of the belief state at a 
time instant 𝑡𝑖 during an everyday activity episode, we can capture an 
image from the artificial world at time instant 𝑡𝑖 and compare it with 
an image captured by a real camera in the real environment. Fig.  6 
shows an example of an image showing the belief state generated by 
this process and the comparison with the real state of the environment 
at the same time instant.

Knowledge in the belief state can be retrieved by asking queries, 
such as: ‘‘which containers open counterclockwise?’’, ‘‘which objects 
are electrical devices?’’, or ‘‘what is a storage space for perishable 
items?’’. The refrigerator is an answer to all of these queries. If the robot 
then asks for knowledge about the refrigerator, the accessible knowl-
edge would include the part hierarchy of the refrigerator, including the 
3D models of the parts, and the articulation model of the refrigerator 
that tells the robot how to open and close it.

Note that, in order to achieve this question answering capability, 
we make the weak closed world assumption; that is, in its reasoning pro-
cesses, CRAM maintains a belief about where each object is and which 
state it has, but concurrently it monitors its percepts for new objects 
and updates its belief state whenever a new object is detected. We call 
the closed-world assumption weak because the robot is still required to 
detect novel objects, for example if somebody puts a new object in the 
environment. Domain knowledge can be provided as prior knowledge 
through a hand-coded ontology, which contains valuable manipulation 
knowledge, such as a container can be opened by generating a motion 
implied by the articulation model of the container (e.g., the knowledge 
that a screw top cap can be removed by twisting the cap). Assuming a 
weak closed world, CRAM-based robot agents can also answer queries 
that require prospective capabilities. An example of such a query is: 
‘‘what do I expect the inside of the refrigerator to look like when I open 
it?’’ Answering this query requires the robot agent to visually render the 
scene inside the refrigerator given its current belief state.

Since the DTKR&R allows KnowRob 2.0 to simulate the outcome of 
candidate action and to establish the feasibility of that action, the inner 
world knowledge base serves two roles: (i) a representation of the belief 
state of the robot about itself and the world (as described above), and 
(ii) a reasoning mechanism for determining the outcome of candidate 
actions. As such, the inner world knowledge base encapsulates two 
types of knowledge: current beliefs about robot and the world, and 
projected internal simulation of future states. It also acts as a learning 
mechanism, generating NEEMs off-line when running simulations of 
activities with varying control parameters. These are recorded and 
transferred to the episodic memory knowledge base.
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Fig. 7. Deep network-based object detection and object pose estimation in six chal-
lenging configurations.

3.2.4. Symbolic knowledge base
The symbolic knowledge base provides information about the en-

tities in the robot’s environment, including objects, object parts, ob-
ject articulation models, environments composed of objects, actions, 
and events. It uses an entity description language that allows partial 
description of entities in terms of both symbolic and sub-symbolic 
properties.

3.2.5. Virtual knowledge base of data structures
The virtual knowledge base provides computable predicates that 

facilitate the integration of non-symbolic data, e.g., perceptual in-
formation, into the reasoning process, allowing symbolic queries of 
non-symbolic data. This allows run-time sensorimotor states to be 
integrated into the knowledge base at run-time and to be used in 
reasoning in the same way as symbolic knowledge.

3.3. RoboSherlock: The perception executive

The resolution of object designators, providing information about 
the objects in the robot’s visual field of view, is accomplished by the 
RoboSherlock perception executive (Beetz et al., 2015). RoboSherlock 
provides a symbolic language in which perception tasks are stated in 
terms of object descriptions, object hypotheses, and task descriptions. 
Using these descriptions, CRAM can describe a red bottle using the 
object designator: (an object (type bottle) (color red)) 
(see Fig.  10). The action designator detecting applied to an object 
designator causes the perception system to detect objects in the sensor 
data that satisfy the description and return the detected hypotheses 
(again, see Fig.  10).

RoboSherlock uses an extensible ensemble of experts to accomplish 
perception tasks. RoboSherlock perception experts are special-purpose 
routines that are employed in the respective perception contexts. Thus, 
rather than applying a general-purpose plate detector, RoboSherlock 
uses context-specific plate detectors. During table setting, it might 
use one that detects the topmost white horizontal lines in cupboards, 
while it uses detectors for ovals when cleaning the table. It might 
also use texture detection when it assumes the plates to not be clean, 
and so on. Thus, given a perception task and the current context 
information, RoboSherlock recruits the appropriate perception experts 
to generate candidate solutions for the given perception task and 
generates context-specific perception pipelines. The candidate solutions 
proposed by experts are then tested by simulation and ranked to find 
the best solution. The advantage of RoboSherlock over other perception 
approaches is that it can combine knowledge with perception and 
use knowledge-enabled reasoning about objects and scenes to tailor 
6 
perception capabilities to the respective contexts and thereby make it 
more effective, robust, and efficient.

RoboSherlock exploits the power of RobotVQA (Kenfack, Siddiky, 
Balint-Benczedi, & Beetz, 2020), a scene-graph and deep-learning-based 
visual question answering system for robot manipulation. At the heart 
of RobotVQA lies a multi-task deep-learning model that infers formal 
semantic scene graphs from RGB(D) images of the scene at a rate of 
approximately 5 frames per second. The graph is made up of the set 
of scene objects, their description (category, color, shape, 6D pose, 
material, mask) and their spatial relations. Moreover, each of the 
facts in the graph is assigned a probability as a measure of uncer-
tainty. The estimated scene graphs are represented using a probabilistic 
lightweight description logic.

Fig.  7 shows some of the current capabilities of RoboSherlock in 
more complex scenes, including a cluttered fridge, dishwasher, and 
oven.

RoboSherlock maintains the internal belief state implemented
through virtual reality technologies; see Fig.  6. The knowledge base of 
the robot is populated with object models that consist of CAD models, 
including the part structure and possible articulation models, a texture 
model, as well as encyclopedic, commonsense, and intuitive physics 
knowledge about the object. This imagination-based scene perception 
approach has the advantage that the robot has perfect knowledge about 
everything that is contained in the belief state. A second advantage 
is that the robot can compute detailed and realistic image-level sim-
ulations about what it expects to see. These simulations are used to 
estimate object poses accurately and to save computational resources 
by rendering the belief state from the camera pose as an image and by 
comparing it with the image captured by the robot camera in the real 
environment.

As RoboSherlock is developed, it increasingly uses self-supervised 
learning methods leveraging these inner-world models of the robot en-
vironments (Kenfack et al., 2020; Mania & Beetz, 2019), which together 
with the images contained in the episodic memories (i.e., NEEMs) 
(Bálint-Benczédi & Beetz, 2018; Balint-Benczedi, Marton, Durner, & 
Beetz, 2017), are sufficient to learn robust real-world perception meth-
ods. This framework enables robot agents to use their environment and 
object representations in order to generate training data for supervised 
learning for perception tasks. For training, the framework not only 
allows the creation of typical scenes in the environment but also 
the generation of distributions for typical robot behaviors. This way, 
the distribution of training data can be tuned to specific kinds of 
environments and tasks.

3.4. Giskard: The action executive

Given a motion plan created by the plan executive, the Giskard 
Action Executive provides semantic constraint- and optimization-based 
motion control for manipulation actions. Giskard can be tasked with 
motion goals and objectives, such as ‘‘keep holding a door handle and 
move the handle according to the articulation model that the handle is 
part of’’. These two motion objectives are sufficient to open and close 
all containers of the kitchen furniture: the oven, the dishwasher, the 
refrigerator, the drawers, and the cupboards. Giskard can also execute 
these motion objectives for different robots; see Fig.  8.

As constraint- and optimization-based control is a mathematical 
optimization problem, Giskard transforms object-based action and mo-
tion specifications into mathematically formalized motion tasks. While 
the optimization-based motion generation can compute good body 
motions, it does so based on idealized and abstract models of the 
robot capabilities. In many situations the model assumptions are not 
satisfied. This happens, for example, if the robot moves different body 
parts at the same time and the composed motion causes inaccuracies 
in hand motions that are too large for grasping objects successfully, 
or the motion generation does not take into account the inaccuracies 
of the estimation of the robot pose. Such motion generation problems 
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Fig. 8. Three different robots executing the action request ‘‘open the container holding the object to be placed on the table’’ for different objects located in different containers.
can often be better approached through experience-based learning, 
for example, by learning manipulation strategies using reinforcement 
learning. This has been investigated for learning hand manipulation 
strategies to open and close containers using tactile-based manipulation 
procedures which are linked to the declarative aspects of the developed 
tactile state detections (Meier, Haschke, & Ritter, 2020). Such processes 
include movement guidance, tactile servoing, tactile exploration with 
respect to shape or moveability, and different forms of task-related 
force and touch-based control, e.g., when unscrewing a lid or cutting a 
piece of bread.

3.5. COGITO: The metacognition system

Metacognition is an ability to reason about the performance of the 
system and adapt the cognitive architecture to improve its performance. 
In the CRAM 2.0 cognitive architecture, this maifests as an ability 
to reason about the generalized action plans, the plan interpreter, 
and the context model encapsulated in KnowRob 2.0, and then self-
program to adapt its capabilities. This self-programming precondition 
of metacognition in the CRAM 2.0 cognitive architecture is satisfied 
because CPL is an extension of the Lisp programming language. There 
are two properties of the Lisp language that facilitate metacognitive 
capabilities: (i) programs as data, and (ii) the existence of metacircular 
interpreters. In Lisp, programs are represented as nested lists, that is 
as Lisp data structures. This means that Lisp programs can inspect and 
modify themselves. In other words, CPL plans can in principle inspect 
and modify CPL plans. The concept of metacircular interpretation is 
that an interpreter for a programming language can be implemented 
in the language itself. This metacircular interpretation process can be 
used to make the interpretation of a robot control program explicit and 
represent it for introspection and meta-reasoning. In other words, the 
CPL interpreter can inspect and modify itself.

We return to the discussion of metacognition in Section 7 where we 
outline planned extensions to the CRAM 2.0 cognitive architecture.

4. The CRAM contextual model of robot agency

4.1. Introduction

The CRAM stance on robot agency is that robot agents, in general, 
and cognitive robots, in particular, are controlled by programs: for-
mally represented symbol structures that prescribe the computations 
for inferring the body motions to be executed by the robots. CRAM 
2.0 represents these programs as plans that can be interpreted, rea-
soned about, and manipulated at execution time.6 In this section, we 

6 Parts of the control program can also be effected using non-symbolic 
representations, including action policies implemented by training artificial 
neural networks.
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describe the plan language in which key components of the program 
are expressed. These are generalized action plans and motion plans. 
We explain how motions are computed from underdetermined action 
descriptions in the form of generalized action plans, and we introduce 
the concept of a contextual model that captures how motions are imple-
mented, i.e., how specific and appropriate motions are selected when 
interpreting the generalized action plan. We discuss the digital twin 
knowledge representation & reasoning (DTKR&R) system and introduce 
narrative-enabled episodic memories (NEEMs) which capture knowl-
edge of specific robot experiences. In the next section, we describe the 
CRAM 2.0 cognitive architecture that realizes this model and the role 
that DTKR&R and NEEMs play in that realization.

4.2. Implicit-to-explicit manipulation

Our guiding principle is that actions performed by cognitive agents 
are goal-directed, and they are guided by prospection (Vernon, von 
Hofsten, & Fadiga, 2011). Because goals are typically stated in gen-
eral, abstract terms, this means that cognitive robots carrying out 
everyday activities must be able to achieve what we term implicit-to-
explicit manipulation, i.e., mapping an under-specified high-level goal 
to the specific low-level motions required to accomplish the goal. 
The likelihood of success in accomplishing the action is evaluated by 
internal simulation in the same domain as that in which the goal 
was formulated, i.e., the perceptual domain comprising observations of 
the world before starting the task and observations of the world after 
completing it, rather than at the symbolic level at which the action is 
stated.

This guiding principle is realized through an action description 
programming language — the CRAM Plan Language (CPL) — which 
allows manipulation actions to be carried out by saying what action is 
to be carried out, but without having to say exactly how it has to be 
carried out. We refer to this as an underdetermined action description: a 
high-level abstract specification of the action required to carry out an 
everyday task.

The key construct in CPL is the generalized action plan: a compu-
tational expression of the underdetermined action description. It is a 
high-level plan which is automatically expanded into a low-level pa-
rameterized motion plan, supplied with appropriate parameter values, 
and then executed. A generalized action plan is effectively a design 
pattern for a given type of action. The specification of the generalized 
action plan corresponds to the instantiation of the design pattern. A 
generalized action plan is also underdetermined: not all the knowledge 
required to execute the plan is specified. The required knowledge takes 
the form of the values of the parameters of the motion primitives 
into which the generalized action plan is expanded. These motion 
parameter values maximize the likelihood that the associated robot 
motions successfully accomplish the desired action. These values are 
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Fig. 9. The hierarchy of action designators for the PR2 robot. Note that the resolution 
of an action hierarchy at one level may cause the instantiation of more than one 
instance of a given action designator at the next level. Here, for the sake of compact 
presentation, we show just a single instance. Action designators that are leaf nodes in 
this tree are referred to as atomic action designators. These are subsequently resolved 
into motion designators.

provided by a contextual model, i.e., an ontology-dependent knowledge-
base and reasoning system, to map from desired outcomes of an action 
to the motion parameter values that are most likely to succeed in 
accomplishing the desired action. Expansion of the generalized action 
plan and identification of motion parameter values is a process referred 
to as contextualization. CPL operates on an element of the generalized 
action plan called an action designator, a placeholder for yet-to-be-
determined information. The designator is resolved and the related 
information is determined at run time based on the current context of 
the task action.

There are four types of designator in CPL: action, object, location, 
and motion designators. Action designators and motion designators 
are both concerned with robot control. Action designators focus on 
achieving some goal state, e.g., having set the table for a meal or having 
placed dirty dishes in the dishwasher, whereas motion designators 
are concerned with the physical movements and the control of some 
actuator, e.g., setting the gaze direction of the robot head, moving 
the end-effector to a given pose, or actuating the gripper. Location 
designators are concerned with poses in general, e.g., a list of positions 
and orientations at which the robot should stand in order to perform 
some manipulation task, or a list of positions where a robot should 
direct its gaze when looking for some specific object. Object designators 
are concerned with the properties of objects in the robot’s environment, 
e.g., the pose of the object and its physical characteristics. Object 
designators provide an interface to the perception system since the pose 
of an object will typically be determined at run time.

There is a hierarchy of action designators; see Fig.  9. Consequently, 
the resolution of an action designator can involve the instantiation 
and resolution of other action designators. The action designators at 
the lowest level in the hierarchy are referred to as atomic action 
designators. Ultimately, all action designators are resolved into more 
concrete motion, location, and object designators. Specifically, atomic 
action designators are resolved directly into the motion designators that 
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Fig. 10. A generalized action plan to fetch and place a bottle. High-level action 
designators are in red, low-level action designators in purple, location designators in 
blue, object designators in green, and motion designators in violet.

form the motion plan. Designator resolution is accomplished either by 
querying knowledge embedded in the plan, by querying knowledge in 
CRAM’s knowledge base, or by accessing sensorimotor data through 
perception. Resolving a motion designator results in motion of the robot 
body.

Let us now look more closely at the four key elements of implicit-to-
explicit manipulation: the high-level generalized action plan, the low-
level motion plan, the process of contextualization, and the contextual 
model.

4.3. Generalized action plans

A CRAM-based robot agent is equipped with a generalized action 
plan for each action category, which typically corresponds to action 
verbs such as fetch, place, pour, and cut. A generalized action plan 
specifies an action schema, i.e., a design pattern that specifies how 
actions of this category can be executed. A generalized action plan 
is the CPL counterpart of a underdetermined action description and 
it is executed by resolving one or more high-level action designators 
in the generalized plan. In CPL, this resolution is accomplished with 
the perform function; see Fig.  10. An action designator has a specific
type, specified by a key–value pair, e.g., type picking_up.

The generalized action plan in Fig.  10 is a design pattern for picking 
and placing any object (in this case a bottle) from its current location 
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Fig. 11. Motion plan for the fetch&place generalized action plan, showing the motion designators that comprise each motion phase depicted in orange boxes, together with 
their associated motion parameters.
and placing it at some destination. CPL, in general, and a generalized 
action plan, in particular, lets the programmer state underdetermined 
action descriptions which have to be contextualized by the robot agent 
at execution time. For example, in the picking-up action designator, 
it is not specified where the object is located in the environment. These 
and other parameter values are specified as key–value pairs, e.g.,  arm 
<value>, grasp <value>, object <value>, target <value>,
object <value>, which have to be inferred from the robot’s knowl-
edge, and augmented at run time with perceptual information. Some of 
the values of the key–value pairs are provided as input by the general-
ized action plan parameter values, e.g., ?grasping_arm, others take 
the form of a constituent designator, e.g., a lower-level type action
designator such as type going, a motion designator such as type 
moving-torso, a location designator, or an object designator.

Resolving the location designator yields a pose, e.g.,
?navigation-goal, ?looking-direction, ?nav_goal, and
?drop-pose. Resolving the object designator by performing an
action of type detecting yields information about the object, 
e.g., its pose and physical properties.

The underdetermined nature of the plan means that if the location 
of the object is not known then the robot has to search for it. The search 
process will be more efficient if the robot knows places where the object 
is likely to be. The robot can infer this knowledge from its knowledge 
base. Similarly, the manner in which the object has to be picked up can 
only be decided after the object is found and its geometry and state as 
well as the scene context are known.

4.4. Motion plans

The resolution of high-level action designators generates motion 
schemata that tell the plan executive how to execute the constituent 
motions. The motion schemata are represented as motion plans that 
structure the motion into motion phases. An approach similar to that 
described by Flanagan et al. (2006) has been adopted, but with a finer-
grained representation of motion primitives. For example, the motion 
plan for picking up a detected object within the robot’s reach and 
placing it at another location is shown in Fig.  11.

A motion plan for fetch & place actions comprises four different 
phases: reaching, lifting, transporting, and releasing (Flanagan et al., 
2006). Each motion phase has a goal. When the goal is achieved, the 
start of the subsequent motion phase is triggered. Goals can be force-
dynamic events, e.g., the robot finger coming into contact with the 
object to be grasped, or a perceptually distinctive event, e.g., a milk 
carton becoming visible when a fridge door is opened. Each motion 
phase has several parameters that are set in order to match the motion 
to the current situation. The question that then arises is: how are the 
parameter values selected to achieve the desired outcome and avoid 
unwanted side effects? We answer this question in the next section.

4.5. Contextualization

Mapping from a generalized action plan to a motion plan with 
parameter values is accomplished by the contextualization process. It 
has three steps, as follows.
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1. Select the generalized action plan7 that corresponds to the un-
derdetermined description of the action that is to be performed, 
and insert the arguments required for that specific action to be 
performed. As we have seen, one of these arguments is the action 
type, e.g., type picking_up. Others include the type of the 
object to be manipulated and the destination location. These 
arguments are typically designators of some kind, i.e., an action, 
object, or location designator.

2. Expand the instantiated generalized action plan by adding the 
parameters needed to execute the motion plan, e.g., the arm or 
grasp pose to use. These motion parameters are identified auto-
matically in CRAM by resolving the high-level action designator 
into the motion plan’s constituent motion designators, by way of 
the action designator hierarchy; see Fig.  9.

3. Submit a query to the CRAM knowledge base for the values of 
the motion parameters that will produce the robot movements 
required to achieve the goal.

4.6. Contextual model

The query in the third step is answered by a knowledge represen-
tation & reasoning (KR&R) system. The KR&R system plays the role of 
the contextual model, exploiting the constraints of a priori contextual 
knowledge and current perceptual information. It uses prospection, 
effected with the CRAM’s digital twin knowledge representation and 
reasoning (DTKR&R) system, to simulate plan execution, and thereby 
verify that the selected motion parameter values produce robot body 
motions that are likely to succeed in accomplishing the desired action.

Once the parameter values have been determined, and the query 
has been answered by the KR&R system, the motion plan is executed 
adaptively by the CRAM action executive.

The contextualization of an underdetermined action description, 
expressed as a generalized action plan, into well-defined body motions 
requires KR&R methods that can combine both abstract and concrete 
reasoning. Abstract reasoning enables open question answering by 
composing and chaining generalized and modular knowledge pieces. 
For example, through reasoning, robots can combine the knowledge 
that open filled containers should be held upright to avoid spilling with 
the knowledge that a milk carton is a container filled with milk and 
the knowledge that the milk carton is open, to conclude that the milk 
carton should be held upright when carried to the table. The power 
of generalized abstract knowledge is that it applies to all containers, 
even the ones that the robot does not know yet. At the same time, 
the robot needs to make concrete inferences to decide on the body 
motion. It has to pick the hand shape for picking up the milk carton, 
the grasp points, and the grasp force. This requires it to reason about 
the shape of the milk carton, its parts, its stability, the surface friction, 
the articulation model for opening and closing the milk carton, etc. 
In addition, contextualizing underdetermined action descriptions often 
requires predictive inferences, e.g., to assess the risk of the object falling 
out of the hand when grasping it in a particular way, taking into 

7 The selection of the generalized action plan is done by the CPL 
programmer.
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consideration whether the object has to be re-grasped before placing 
it at the intended location, or for assessing alternative body motions 
for accomplishing the action. To cover this range of inference tasks, 
CRAM employs a digital twin knowledge representation and reasoning 
(DTKR&R) system which we described in Section 3.2.

5. Demonstration of the CRAM-controlled robot carrying out ev-
eryday activities

The current abilities of CRAM 2.0 to accomplish everyday activities 
has been demonstrated in an extensive validation exercise requiring 
a robot agent to set a table for a meal and clear up afterwards. The 
operation of the robot when carrying out these activities is captured 
on video (see Footnote 1). The approach we have adopted exploits 
the fetch&place generalized action plan. As we have noted, this 
plan can be executed with different types of robots and it can be 
used with various objects and in different environments. The plan is 
automatically contextualized for each individual object transportation 
task. Thus, the robot infers the body motions required to achieve the 
respective object transportation task depending on the type and state 
of the object to be transported (e.g., a spoon, bowl, cereal box, milk 
box, or mug), the original location (e.g., the drawer, the high drawer, 
or the table), and the task context (e.g., setting or cleaning the table, 
loading the dishwasher, or throwing away items) (Kazhoyan, Stelter, 
Kenfack, Koralewski, & Beetz, 2021). In doing this, it avoids unwanted 
side effects (e.g., knocking over a glass when placing a spoon on the 
table). The body motions generated to perform the actions are varied 
and complex and, when required, include subactions such as opening 
and closing containers, as well as coordinated, bimanual manipulation 
tasks. Fig.  1 shows some examples of the robot grasping objects in 
different ways during this exercise. All of these grasp strategies are 
inferred from the robot’s knowledge base: the spoon in the drawer is 
grasped from the top because it is a very flat object; the tray is grasped 
with two hands because the center of mass would be too far outside 
the hand for a single-hand grasp; the mug is grasped from the side and 
not at the rim because the purpose of grasping it is pouring liquid into 
the mug.

6. Evaluation: Addressing the four challenges

We have evaluated CRAM 2.0 with respect to the four fundamental 
challenges of everyday cognitive manipulation that we have posed in 
the introduction: underdetermined task specification, context-specific 
behavior generation, knowledge-, experience-, and prediction-based 
decision making, and action-level explanation and introspection. Eval-
uations were conducted across a diverse set of real and simulated 
environments using both physical and virtual robot platforms. The 
results demonstrate that CRAM 2.0 generalizes across tasks, robots, 
and environments without requiring plan reengineering. Importantly, 
the simulated experiments are reproducible within the Virtual Re-
search Building (VRB, 2025), which provides open-source code, openly 
accessible semantic knowledge bases, and interactive simulation envi-
ronments running as Docker software containers. This infrastructure 
enables transparent, scalable, and repeatable experimentation across 
robot platforms and manipulation tasks.
Challenge 1: Underdetermined task specification. CRAM 2.0 demonstrates 
a robust ability to execute high-level, underdetermined task commands 
by transforming symbolic goal descriptions into fully grounded be-
havior at runtime. Through generalized action plans, abstract instruc-
tions such as ‘‘set the table’’ or ‘‘clean up’’ are resolved into context-
appropriate low-level actions by querying semantic knowledge and 
resolving symbolic designators based on real-time perception. This 
dynamic plan instantiation enables the robot to autonomously infer the 
necessary objects, tools, locations, and motions required to complete a 
task, without requiring per-task procedural programming.
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This capability was evaluated on four real robot platforms — PR2, 
Toyota HSR, Donbot, and Stretch — in three physical environments: 
the Apartment Lab, the Kitchen Lab, and the RoboCup@Home arena at 
the University of Bremen. Across these settings, the same generalized 
action plan was reused without modification to execute variations of 
object transportation tasks including fetching, placing, and clearing. In 
parallel, CRAM 2.0 was deployed on ten simulated robot agents in three 
virtual environments within the Object Transportation Virtual Research 
Lab (VRL1, 2025), confirming that execution-time plan instantiation 
generalizes across morphology, embodiment, and physical context. The 
manipulation task of getting an object out of a container is reproducible 
in The Body Motion Problem Virtual Research Lab (VRL2, 2025). All 
evaluations were run on publicly accessible infrastructure to ensure full 
reproducibility and benchmarking.
Challenge 2: Context-specific behavior generation. CRAM 2.0 produces 
context-sensitive motion behavior by resolving symbolic designators 
into concrete motion parameters based on a structured, dynamically 
updated belief state. This belief state encodes semantic, physical, and 
geometric properties of the environment, enabling the robot to inter-
pret objects not only as spatial entities, but in terms of their task 
roles, physical properties, and affordances. Motion plans are com-
puted and executed using Giskard, a constraint- and optimization-based 
whole-body controller that ensures generated trajectories satisfy all rel-
evant constraints. These include constraints such as collision avoidance, 
kinematic feasibility, and correspondence with the Flanagan model 
of human reaching and placing. Importantly, context in CRAM 2.0 
encompasses not just spatial configuration but also abstract factors such 
as task semantics, affordance relations, goal trade-offs, and experience-
informed predictions, all of which contribute to the selection and 
generation of appropriate motions.

Again, this capability was validated across object transportation 
tasks in real and simulated experiments in the Object Transportation 
Virtual Research Lab (VRL1, 2025). The capabilities of the perception 
executive RoboKudo are reproducible in the RoboKudo Perception 
Executive Laboratory (EL1, 2025) and of the motion executive in 
GISKARD Motion Executive Laboratory (EL2, 2025). In real environ-
ments, the system adjusted motion plans for objects with different 
properties, small and big, rigid, fragile, and soft, single- and multi-part 
objects, and objects with articulation. All these adaptations were made 
without altering the high-level plan code: only the symbolic context and 
perceptual state differed. In simulation, the VRL infrastructure provided 
a reproducible testbed for evaluating motion constraint satisfaction and 
behavior generalization. Detailed access to the motion specification for-
mat allow external researchers to inspect how motion constraints were 
respected and how decisions were guided by symbolic and experiential 
context.

Challenge 3: Knowledge-, experience-, and prediction-based decision mak-
ing. CRAM 2.0 tightly integrates symbolic reasoning, episodic expe-
rience, and internal simulation to support informed decision making. 
The robot anticipates and evaluates possible outcomes using its digital 
twin reasoning system (DTKR&R), while consulting narrative-enabled 
episodic memories (NEEMs) to reuse prior experience for parameter 
instantiation. This enables context-sensitive selection of action param-
eters based on likely success, history of similar situations, and inferred 
physical constraints, resulting in more robust and informed behavior.

Experience-based (Koralewski, Kazhoyan, & Beetz, 2019) and
prediction-based (Kazhoyan & Beetz, 2019) decision making were 
shown to outperform the baseline performance of robot agents doing 
only knowledge-based decision making. Simulated outcomes were used 
to select successful configurations before execution, and NEEMs in-
formed default choices based on prior trials. In the Virtual Research 
Building, mechanisms can be explored to equip the robot with task 
knowledge in the Knowledge Service Laboratory (KSL, 2025) and ad-
vanced methods for prediction-based decision making in the TraceBot 
Laboratory (TBL, 2025).
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Challenge 4: Action-level explanation and introspection. CRAM 2.0 sup-
ports introspective reasoning by maintaining explicit symbolic repre-
sentations of tasks, actions, parameters, and effects, and linking them to 
execution-level outcomes during task execution. These representations 
enable the robot to assess its ongoing behavior, detect inconsistencies 
between expected and observed states, and explain what it is doing and 
why. When failure occurs, CRAM 2.0 can diagnose causes (e.g., misper-
ceived object pose, unreachable target) and trigger recovery procedures 
based on structured introspection and plan monitoring.

The action-level explanation and introspection capabilities of
CRAM 2.0 are best validated through loading NEEMs of object trans-
portation episodes into the interactive knowledge service. Using NEEM 
replay and visualization tools, researchers can explore the internal 
decision-making rationale and verify that failures are correctly at-
tributed and recovered from, reinforcing the architecture’s
transparency and robustness. This can be done in the Knowledge 
Service Laboratory (KSL, 2025).

7. Discussion and future extensions

As demonstrated so well in the survey by Kotseruba and Tsot-
sos (Kotseruba & Tsotsos, 2020), the design and implementation of a 
cognitive architecture is an exercise that extends over many years, often 
several decades, and rarely comes to an end. The CRAM robot cognitive 
architecture is no different: the first version dates from 2010 (Beetz 
et al., 2010), with new and improved functionality being added over 
the intervening years, e.g., real-time perception, adaptive motion exe-
cution, elaborate failure handling, advanced reasoning, and extensions 
for different robot platforms, environments, and applications.

CRAM 2.0 differs from other cognitive robot architectures, some 
of which we mentioned in Section 2, by comprehensively reasoning 
and manipulating representations of models of robots, tasks, environ-
ments, and actions during execution. This is accomplished through 
tightly coupling symbolic reasoning, perception, motion control, and 
introspection within a physically grounded robotic system. To position 
CRAM 2.0 within the cognitive architecture landscape, we compare it 
to representative systems across our four core challenges of everyday 
manipulation: underdetermined task specification, context-specific be-
havior generation, experience- and prediction-based decision making, 
and action-level introspection, as follows (also, see Table  1).

CRAM 2.0 uniquely addresses underdetermined task specification 
through generalized action plans instantiated via contextual queries 
to a semantic knowledge base. This runtime grounding contrasts with 
rule-based systems like SOAR and ACT-R, which require fully speci-
fied procedures, and with robotic platforms like ArmarX (Vahrenkamp 
et al., 2015) that partially exhibit such cognitive flexibility at the 
behavior module level, and more recently through statistical motion 
sequence predictions using generative AI methods. For context-specific 
behavior generation, CRAM integrates a symbolic belief state with 
Giskard’s constraint-based motion control, enabling the satisfaction of 
both hard and soft constraints. Other architectures either lack em-
bodiment, e.g., SOAR & ACT-R, or do not propagate symbolic task 
constraints into motion control, e.g., DIARC (Schermerhorn et al., 2006; 
Scheutz et al., 2013).

In decision making, CRAM combines digital twin simulation
(DTKR&R) and narrative-enabled episodic memories (NEEMs) to select 
context-appropriate actions based on prior experience and simulated 
outcomes. Most symbolic systems support neither prediction nor phys-
ical memory reuse. Finally, CRAM provides structured introspection 
by linking goals, plans, parameters, and execution effects, enabling 
real-time explanation and recovery. In contrast, systems like SOAR 
and DIARC offer limited introspective capacity, often disconnected 
from physical execution. CRAM 2.0 thus uniquely supports transparent, 
embodied reasoning in real-world manipulation.

The long term vision is for CRAM to exploit transformational learn-
ing (Kazhoyan et al., 2020) in two complementary ways: by spe-
cialization and by generalization. Both approaches are discussed in 
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the remainder of this section. While they represent future extensions 
to the CRAM cognitive architecture, they are solidly based on the 
computational foundations described above.

Beneath the familiarity of everyday activities often lies a complexity 
that can be computationally intractable, especially when you factor in 
the flexibility that humans exhibit when carrying out these activities, 
the variety of circumstances in which they carry them out, and the 
underdetermined manner in which they are described (Vernon et al., 
2021). This complexity is characterized by the fact that the mapping 
encapsulated in the CRAM contextual model is embedded in a very 
high-dimensional space, i.e., mapping from an under-specified high-
level goal to the specific low-level motion parameter values required 
to accomplish the action successfully. One of the central ideas of 
the CRAM cognitive architecture is that, for everyday activities, the 
contextual model does not need to capture all the dimensions of this 
space: subsets of these dimensions are often sufficient to accomplish the 
actions successfully. These subsets are manifolds, which we refer to as 
PEAMs — pragmatic everyday activity manifolds — and they serve to 
render tractable the solution of problems that in their full generality are 
intractable. A PEAM, therefore, represents a form of specialization. It 
is achieved using the constraints that knowledge of everyday activities 
and the environment bring to bear on the problem. One of the future 
goals of CRAM is to identify and exploit the PEAMs that will result in 
a robot agent mastering everyday activities.

Generalization through metacognitive induction complements the 
PEAM solution strategy by exploring patterns among generalized ac-
tions plans, seeking ways to transform generalized action plans, either 
by carrying out the action in a more efficient and effective manner, 
or by accomplishing the outcome of the action in a different way. For 
example, instead of depending on a generalized action plan to carry 
dishes one by one to the dishwasher, a more general plan might first 
stack them if, as in the case of plates, they are stackable, then carry 
them together, and transfer them from the stack into the dishwasher. 
Alternatively, if they are not stackable, they might be placed on a 
tray, carried, and transferred to the dishwasher from the tray. The 
embedding of this form of induction and transformational learning in 
the CRAM metacognition system is also one of the main goals for the 
future.

Robot transformers, e.g., RT-1 (Brohan et al., 2022), RT-2 (Brohan 
et al., 2023), and RT-X (O’Neill, Rehman, Gupta, et al., 2024), founda-
tion models for robotics (Firoozi et al., 2024; Hu et al., 2024; Xiao et al., 
2023; Yang et al., 2023), e.g., RFM-1 (Sohn et al., 2024), including 
Vision-Language Models (VLMs) for robot manipulation (Stone et al., 
2023) and Vision-Language-Action models (VLAs), e.g., OpenVLA (Kim 
et al., 2024), CogACT (Li et al., 2024), and GROOT N1 (Nvidia, 2025), 
all share with CRAM the capability to predict the motions a robot 
must perform to accomplish specific tasks within dynamically chang-
ing environments. These transformers and foundation models learn to 
anticipate the appropriate robot motions by learning probability dis-
tributions over robot motions, tasks, and contexts informed by various 
modalities such as images of robot manipulation scenes, instructional 
texts, videos of robot tasks, and firsthand manipulation task data. This 
distribution aims to foresee the next motion that will lead to successful 
task completion, based on the current task and context.

In contrast, CRAM approaches motion prediction by generating and 
refining an explicitly represented model of the intended action—the 
action designator—and inferring how it can be successfully carried out. 
CRAM’s explicit action representation allows for an in-depth analysis 
of the planned action, albeit at the expense of requiring extensive 
knowledge bases and carefully designed representations. Meanwhile, 
robot transformers and foundation models learn to make decisions 
autonomously from a wealth of multimodal data. These data-driven sys-
tems are capable of handling a wide range of action variations, drawing 
from an extensive pool of experiences and training data. Consequently, 
a robot’s performance is significantly influenced by the quality and 
quantity of action data used for training. Moreover, since motion 
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Table 1
Comparative positioning of CRAM 2.0 against other cognitive architectures across four manipulation challenges: ✓= fully addressed, ∼ = partially addressed, ×= not addressed. 
GAPS: Generalized Action Plans.
 Challenge CRAM 2.0 SOAR ACT-R DIARC ArmarX  
 Underdetermined task specification ✓ (GAPs, Runtime grounding) × × ∼ ∼  
 Context-Specific behavior generation ✓ (Belief, Constraints) × × ∼ ✓ (Object-Action Complexes)  
 Prediction and Experience use ✓ (DTKR&R, NEEMs) ∼ ∼ ∼ ✓ (ArmarX episodic memories) 
 Action explanation and Introspection ✓ (Symbolic, Causal, Embodied) ∼ ∼ ∼ ∼  
prediction in these systems is managed through a series of probabilis-
tic inferences, there is a risk of generating impractical or ineffective 
motions, with potential inconsistencies in the motion sequence.

Robot transformers satisfy the first three core challenges of cogni-
tive robot manipulation: they resolve underdetermined task specifica-
tions through multimodal learning, generate context-specific behavior 
based on joint probability distributions over tasks and environments, 
and incorporate prior experience through large-scale training. How-
ever, they do not yet support structured introspection and explanation 
of actions due to the absence of explicit task and world models. This 
lack of model-based reasoning limits their ability to explain what 
they are doing, why, and how alternatives could be considered. This 
observation suggests a promising research direction: integrating the 
probabilistic capabilities of robotic transformers with the model-based 
reasoning of CRAM 2.0. Drawing on dual-process theory (Kahneman, 
2003; Stanovich & West, 2000), this hybrid approach would deploy 
robot transformers for fast, intuitive action generation (System 1), 
and CRAM’s symbolic mechanisms for deliberate, introspective rea-
soning (System 2), enabling both efficient execution and transparent 
decision-making in complex environments.8

8. Summary and conclusions

The CRAM cognitive architecture is founded on the concept of 
a contextual model and a conceptual framework for accomplishing 
everyday manipulation tasks through implicit-to-explicit manipulation. 
Both are based on the following three premises:

1. For each manipulation action category, such as fetch, place, 
pour, cut, wipe, we can provide a general motion plan schema 
with motion phases and phase-specific motion parameters that 
can generate a range of body motions to achieve the respective 
goal of the action in a large variety of contexts.

2. A request for performing actions can be represented by gener-
alized action plans that are contextualized through knowledge, 
reasoning, and perception in order to infer the motion parameter 
values that generate a body motion to achieve the goal of the 
action description.

3. The knowledge needed to refine action descriptions can be rep-
resented as generalized and modular knowledge chunks that 
can be composed through a reasoning engine to derive appro-
priate motion parameterizations for novel tasks, situations, and 
contexts.

The CPL programmer selects the generalized action plan that corre-
sponds to the underdetermined description of the action that is to 
be performed, and inserts the parameters required for that specific 
action to be performed. Leveraging explicitly-represented knowledge & 
reasoning, inner-world simulation-based prospection, and perception, 
CRAM then contextualizes this generalized action plan to identify the 
parameter values that will accomplish the desired action. The action 
executive then adaptively executes the body motions, as demonstrated 
in Section 5.

8 Ron Sun recently suggested a similar approach when discussing the 
integration of large language models (LLMs) with his Clarion cognitive 
architecture (Sun, 2024).
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In conclusion, CRAM is a practical realization of cognition-enabled 
robotics and its application in carrying out everyday activities. It pro-
vides both the principled foundations and the practical computational 
means to endow robots with a capacity for flexible, context-sensitive 
manipulation in everyday activities. It accomplishes this through a 
robot cognitive architecture that also provides the foundation for ad-
vances to generalize implicit-to-explicit manipulation to produce new 
outcomes and new actions in novel scenarios (Vernon et al., 2021).
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