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Abstract
Predictive Knowledge (PK) is a group of approaches to machine perception and knowledgability using large collections
of predictions made online in real-time through interaction
with the environment. Determining how well a collection of
predictions captures the relevant dynamics of the environment remains an open challenge. In this paper, we introduce
specifications for sensorimotor baselines and robustness-totransfer metrics for evaluation of PK. We illustrate the use of
these metrics by comparing variant architectures of General
Value Function (GVF) networks.

Predictive Knowledge
A key challenge for machine intelligence is that of representation: a system’s performance is tied to its ability to perceive and represent its environment. Predictive knowledge
representations use large collections of predictions to model
the environment. An agent continually anticipates its sensation from its environment by making many predictions about
the dynamics of its environment with respect to its behaviour
(Modayil, White, and Sutton 2014). These predictions about
expected sensation can then be used to inform an agent’s
internal representation of its environment (Littman and Sutton 2002). Other proposals describe inter-relations of predictions, similar to TD Networks (Tanner and Sutton 2005;
Makino and Takagi 2008) to enable abstract, conceptual representations by making predictions of predictions (Schapire
and Rivest 1988).
In this paper we discuss the subtleties of evaluation predictive representation and propose two complimentary techniques. We specifically consider PK methods that 1) are able
to expand their representations by proposing new predictions, 2) are able to self-verify their predictions through interaction with their environment, and 3) are able continually
learn their predictions on-line.
To examine these evaluation metrics we use the General
Value Function framework for predictive representations
(White 2015). GVFs estimate the expected discounted return
P∞ Qk
of a signal C defined as Gt = k=0 ( j=1 (γt+j ))Ct+k+1 .
Value is estimated with respect to a specific policy π,
discount function γ, and cumulant c: v(s; π, γ, c) =
Eπ [Gt |St = s].
The parameters c, π, and γ are the question parameters
which specify what a GVF is about; the answer param-
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Figure 1: Many of the decisions which specify a PK architecture.
eters—such as the step size α and eligibility decay λ—
describe how a learning method learns to answer the GVF
question. GVFs can be learnt online, incrementally through
methods such as Temporal-difference (TD) learning (Sutton
1988). The representational power of a given GVF network
depends not just on the quality of the answers, but also in
the architecture of the network, as illustrated in Figure 1.
PK systems have been shown to be a scalable way to
update and verify an agent’s representation of the world,
with examples of real-world robotic prediction tasks making thousands or tens of thousands of predictions in real-time
on consumer-grade devices (Sutton et al. 2011; White 2015;
Pilarski and Sherstan 2016).

Evaluating PK Architectures
Existing evaluation metrics for PK fall into two categories:
1) reporting the average error over all predictions within the
PK system and 2) reporting errors on a known, challenging subset of the predictions within the system. Reporting
the average error penalizes the accuracy of every prediction
equally, when some predictions may have high error (such
as for inherently random signals) but still provide representational power. Conversely, a representation that makes irrelevant but constant predictions will perform well according to
average error, while providing no useful signals. Reporting
errors on a subset of predictions requires identification of
said subset across all architectures and lends itself to overfitting for those particular questions. It is difficult to iden-

