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ABSTRACT

There is increasing focus on adapting predictive models into agent-like systems,
most notably Al assistants based on language models. We outline two structural
reasons for why these models can fail when turned into agents. First, we
discuss auto-suggestive delusions. Prior work has shown theoretically that models
fail to imitate agents that generated the training data if the agents relied on
hidden observations: the hidden observations act as confounding variables, and
the models treat actions they generate as evidence for nonexistent observations.
Second, we introduce and formally study a related, novel limitation: predictor-
policy incoherence. When a model generates a sequence of actions, the model’s
implicit prediction of the policy that generated those actions can serve as a
confounding variable. The result is that models choose actions as if they expect
future actions to be suboptimal, causing them to be overly conservative. We
show that both of those failures are fixed by including a feedback loop from the
environment, that is, re-training the models on their own actions. We give simple
demonstrations of both limitations using Decision Transformers and confirm that
empirical results agree with our conceptual and formal analysis. Our treatment
provides a unifying view of those failure modes, and informs the question of
why fine-tuning offline learned policies with online learning makes them more
effective.

1 INTRODUCTION

Machine learning research is increasingly focused on adapting predictive models into agent-like
systems, most notably Al assistants based on language models (OpenAll 2022; Richards, [2023). To
a remarkable degree, these models develop greater and more varied capabilities as the model and
dataset size are increased (Radford et al.,2019;|Wei1 et al., 2022} |Bai et al., [2022; Brown et al.,|2020).
We investigate what properties of the training data and the process of deriving the policy from the
predictive model might make the eventual agent-like system fail to take good actions, even if the
model is as good as possible.

What we meant by a predictive model here is a model that is trained on a given dataset in a supervised
way. In contrast, by an agent we mean an entity acting in the world, in a reinforcement-learning-
like setup. An agent can be induced from a predictive model by taking whatever action the model
predicts a (capable) agent would take. For example, a model that can predict the moves of a real
chess Grandmaster can also be used to generate novel moves, and therefore can serve as a chess-
playing agent. However, it turns out that in most cases, the ability of a model to predict a capable
expert does not yield a comparatively capable induced agent.

Ortega et al.| (2021) discuss one such problem, that of auto-suggestive delusions. When a model is
trained to predict agents that take a sequence of actions based on a latent state, it can correctly learn
to use the agents’ actions to infer the hidden observations. However, when that same model is used
to generate a sequence of actions, it must also effectively simulate the hidden observations without
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having access to them. Because of this, it will incorrectly use the actions it generated to infer the
latent state. The result is that the simulated agent seems to act as if it had made observations it did
not make.

Our key insight is that a variation of this issue can emerge around the identity of the agent. Predictive
models trained on a variety of agents correctly learn that an agent’s current actions provide evidence
about which agent is taking the actions, and therefore what their future actions will be. However,
when the predictive model is used to simulate the agent, this becomes a problem. In case of auto-
suggestive delusions, the agent acts as if it had made nonexistent observations. We use the term
‘predictor-policy incoherence’ to describe the phenomenon of agents which act as if they expect
their future actions to be chosen by a less competent agent. The result is that simulated agents
will sometimes unnecessarily avoid strategies which require them to make several good moves in
succession.

Crucially, the limitations we describe do not result from the model’s failure to predict the data it was
trained on, so unlike many other limitations, they cannot be resolved by training a larger model on
more examples of the same data. This is because the structure of the data itself is what causes the
model to simulate agents which are effectively systematically incorrect about the consequences of
their own actions, and their own future actions.

However, we argue that both auto-suggestive delusion and predictor-policy incoherence can be,
and indeed, often are resolved by fine-tuning the model on data generated by its own simulated
agents. This process of further training models on their own outputs is central to many of the current
techniques used to turn base predictive LMs into helpful assistants, like Reinforcement Learning
from Human Feedback (RLHF) (Bai et al.l 2022), or variants like Reinforced Self-Training (ReST)
(Gulcehre et al.l 2023). Our results give one mechanism by which such processes might improve
capabilities: reducing auto-suggestive delusions and predictor-policy incoherence.

This is the groundwork for a better understanding of how the capacity to optimise for a goal emerges
in systems built on generative models. To demonstrate the presence of these limitations and the
efficacy of fine-tuning, we focus on simple models trained on synthetic datasets with clear rewards.
We are optimistic that our results can be eventually extended to settings where these limitations are
harder to quantify, such as using LMs as agent-like systems.

More generally, we want to understand how ML systems might give rise to superhuman agents.
Recent work (Carlsmithl 2022} Ngo et al., [2022) has highlighted the incentives towards building
agentic and goal-directed systems (because of their general utility), and the associated difficulty of
reliably specifying desirable goals. Our results show how agents simulated by offline self-supervised
generative models will face limitations even at scale, and how these limitations might be overcome.

1.1 CONTRIBUTIONS

We develop a framework to describe the ways a generative model can fail to simulate a successful
agent: auto-suggestive delusions and predictor-policy incoherence (Section[3)). Our analysis helps to
explain how previously known techniques involving re-training models on their own outputs address
those limitations. Specifically:

e We introduce (Example [2) and then formally define (Definition predictor-policy
incoherence, which can be intuitively understood as the inability of the simulated agent
to reason about its own policy being used in future situations beyond a short horizon

(Section[3.2).

* We prove that repeated re-training predictive models on their own actions decreases
predictor-policy incoherence and eliminates auto-suggestive delusions, which makes the
resulting agents converge, in the limit, on optimal policies (Section [3.3)).

* By training Decision Transformers on simple games using synthetic data, we demonstrate
goal-conditioned generative models that display auto-suggestive delusions and predictor-
policy incoherence. We show that re-training those models on their own outputs indeed
leads to models simulating agents with policies that exhibit fewer auto-suggestive delusions
and are more coherent with respect to the generative model (Section [)).
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2 RELATED WORK

Agents as conditioned generative models There has been substantial work in the existing
literature on using conditioned generative models to obtain agents. |Chen et al.|(2021)) introduce the
Decision Transformer, which samples actions autoregressively from a goal-conditioned generative
model. They demonstrate its efficacy in simple games and note how its performance varies based
on the conditioned return. We study their model abstractly, and our theoretical analysis informs
the discussion about the limitations of this approach. There have been successful attempts to steer
language models by pretraining on data with reward signals on which the model can be conditioned
(Korbak et al.| 2023)).

Control as inference in reinforcement learning In reinforcement learning, the process of
deriving policies from goal-conditioned generative models is studied as the theory of control as
inference (Levine, |2018). Forming the prior by offline learning improves sample complexity;
methods such as soft Q-learning (Haarnoja et al., [2017) and Soft Actor-Critic (Haarnoja et al.
2018) had been developed to address issues arising in goal-conditioning of the generative action
models, but had seen limited success in generative language models. KL-penalised reinforcement
learning (Todorovl 2006), applied to language models by [Korbak et al.| (2022), and Active
Inference (Parr et al.l 2022) over Markov Decision Processes (Millidge et al., [2020) can be seen
as equivalent formulations of the control as inference theory.

Self-play in reinforcement learning Self-play is a widely used and often successful strategy for
training reinforcement learning agents (Macleod, 2005; |Silver et al.l 2018} |OpenAl et al., 2019;
Vinyals et al., [2019), where an agent recursively self-improves by playing against or together with
a copy of itself. In the context of language models, self-play was suggested to be useful in the
debate protocol (Irving et al.| 2018). We contrast self-play with the concept of re-training the model
on its own outputs discussed in this work, which does not rely on the multi-player nature of a
game, but rather removes the confounding information from the prior. Updating the policy using
Monte Carlo Tree Search-based methods is a well-known solution for achieving super-human game
performance (Silver et al., 2017), which can be seen as addressing the predictor-policy incoherence
problems we study here.

Predictive models as simulators |Shanahan et al| (2023) argue that many intuitive features of
language model agents are best understood by viewing language models as general ‘simulators’
capable of role-playing different agents. They particularly emphasise that what is simulated is not
a single agent but a superposition: a weighted combination of all agents consistent with the prior
context. It has been argued that this description fits LLMs, where the training corpus comes from
agents being humans, whose actions are recorded on the internet (Andreas, 2022), We advance this
point of view by giving a theoretical framework for generative models trained on a distribution of
agent policies, and demonstrate that those results are supported by empirical data.

Limitations of agents simulated by sequence models |Ortega et al.| (2021) provide a formal
explanation of auto-suggestive delusions and confounding in sequence models by reasoning about
predicted actions in terms of causality for simple probabilistic models. The same problem was
previously described by [Zhang et al.| (2020) in the context of imitation learning. |Ortega et al.
(2021) also provide a solution based on counterfactual training, which requires the presence of an
expert with access to hidden observations. We extend their work by introducing and developing the
complementary problem of predictor-policy incoherence, and demonstrating empirically how both
problems can be overcome by sufficient training on environmental interactions. This both shows
that the problem can be fixed without an expert to assist in training and reveals how the problem
might be affected by models receiving further training on their own outputs.

3 CHARACTERISING FAILURES OF SIMULATED AGENTS

In this section, we develop a framework to describe the ways a predictive model can fail to simulate
a successful agent. To simulate an agent that is pursuing a specific goal such as getting a reward, the
predictive model is trained to predict the next token in sequences corresponding to trajectories that
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Table 1: The analogies and differences between two modes of causal confounding.

Auto-suggestive delusion

Predictor-policy incoherence

Confounded about
Desired answer

Computed answer

Measure

Past environment’s latent state
Action providing evidence about
the outcome

Action providing evidence about
the latent state which provides
evidence about the outcome

Drr(p(a|o)]lp(a))

Future agent’s policy

Action providing evidence about
the reward

Action providing evidence about
the hidden policy which provides
evidence about the reward

D (p(alR)||p(a))

are a series of observations and actions taken by agents. The predictive model is then conditioned
on the reward being obtained. When we query a predictor that is goal conditioned in this way for an
action, intuitively we are querying it for what action is likely to be observed conditional on the goal.
Crucially, the policy assembled from this is not necessarily the policy to intervene with to have the
highest probability of reaching the goal. The two main ways the simulated agent’s policy and the
optimal policy come apart are auto-suggestive delusions and predictor-policy incoherence (Table[T).

Auto-suggestive delusions might appear when the predictor is trained on agents taking actions based
on a hidden variable, i.e. one that does not appear in the training data. After predicting an action
under this uncertainty, in the next time step, the predictor observes that this action was taken. From
this, it makes inaccurate inferences about the latent state and its downstream consequences.

Predictor-policy incoherence might appear when the training data contains (rare) samples from
an optimal policy alongside (much more common) samples from a highly suboptimal policy. If
those policies start with the same action, that initial action mostly provides evidence of the highly
suboptimal policy being used. The predictor then correctly predicts that taking such an action is
evidence of a bad outcome, even though the optimal policy would take the action.

3.1 AUTO-SUGGESTIVE DELUSIONS

In this subsection, we introduce auto-suggestive delusions. For a more thorough treatment of this
issue, see [Ortega et al. (2021). The following example and accompanying Figure |1a|illustrate the
problem.

Example 1 (Stock trader). We consider a situation with:

* An expert that successfully trades stock based on some latent state (such as its own intuition,
or a non-public data source).

* A predictive model trained on a dataset of trajectories of that agent’s actions without the
latent state.

e The predictive model’s simulation of the expert, constructed by sampling actions according
to the model predictions.

The expert is able to tell if a stock is about to go up or down, and so it simply takes whichever action
leads to a profit. There are only two possible trajectories: (Sup, Gpuy, Sprofir) - Where the stock is about
to go up, the expert buys stock, and profits - and (Sgown, Gsell sprqﬁt) - the opposite, where a denotes
expert’s actions and s denotes states. If we were to train a predictive model on these trajectories, it
would be able to easily simulate the expert: it would be able to perfectly predict what actions will
follow from the starting states, and what states will follow from those actions.

But now suppose we tried to train a model on only partial observations of the scenario. Specifically,
suppose that the model makes the observation Opnp; in the state Sprof;, and Ojoss TN Sjogs, but that it
cannot distinguish between s,, and S goyn, 0bS€rving opefore in both cases. So the model observes two
trajectories (oheforea Apyy, Oproﬁt) and (Obeforea Qsell s Opmﬁz)-

The first consequence of this is that the model can no longer perfectly predict how trajectories will
evolve. Supposing s,, and 54, are equally likely, starting at Opefore the model will assign equal
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(a) Stock trader’s states are represented in blue; (b) Representation of all possible trajectories in the
observations are in orange; lines show actions and three cards game. The bottom row represents the
associated transitions. Dotted lines are transitions probability of reward P(R) in each end state. The
which the expert is never observed to take. bolded line is the optimal strategy.

Figure 1: Diagram of the Stock trader and three cards game.

probability to ap,, and asy. However, it can still correctly predict that after observing the expert
take the action ap,y or agey, it will observe opz, because this is always true of the expert agent.

If we have the model try to simulate the expert trader, the simulated trader will perform worse: it
lacks the real expert’s observations, and so it is equally likely to reach s, and sjy;.

The confounding emerges when we have the model auto-regressively simulate the expert. When the
expert takes the action ap,y, this provides evidence that the initial state was s,, and therefore that
the next state will be s,,,5. But when the model simulates this action, it no longer provides such
evidence. However, since the model was trained on the expert, it will always predict that any action
it takes will lead to S,

In the context of LLMs, this problem can appear because of the model treating its previously
generated tokens as evidence for states that are not directly observed. A concrete example would
be the model answering a question about a research paper and, being uncertain about the author,
randomly guessing that it was ‘Maxwell’. In the next autoregressive step, the model receives a
sequence containing its own output - text claiming that Maxwell is the author. This can lead to the
model incorrectly inferring that Maxwell is in fact the author, which manifests as doubling down on
the hallucinated fact in later token predictions. In this setting, the expert policies correspond to the
people who wrote the training text corpus while in part relying on information that is not directly
accessible to the predictor.

3.2 PREDICTOR-POLICY INCOHERENCE

We begin with a simple demonstration of the problem, followed by a formal characterisation.

Example 2 (Three cards game). We consider a three cards game where, in each of three consecutive
rounds, an agent has to choose either ) or O card. At the end of the game, if the sequence of
cards consists of three {, the payoff is 1, if the chosen sequence starts with O, the payoff is 1 with
probability %; otherwise, it is 0. The possible trajectories are illustrated in Figure

The choice made in the first round of the game largely dictates the payoff. If the agent chooses ©,
its expected reward is % regardless of its later moves. If the agent chooses <, it has the potential to
guarantee a reward of 1 or 0, but that reward will depend on the agent’s later choices.

Suppose that we train a predictive model on a set of agents which play entirely randomly, and are
equally likely to choose { or Q on any turn. The predictive model will correctly predict that, when
observing the random agents it was trained on, P(Q|R) = %, and P(Q|R) = 2: most successful
agents choose < first, even though the optimal strategy chooses {>. So if we attempt to simulate an
agent using this predictive model, it will not play optimally, even though the predictive model itself

is optimal with respect to its training data.

Crucially, the simulated agent will play © instead of  because agents in the training data perform
better on average after playing Q, even though this is not true of the simulated agent itself. Starting
from §, the simulated agent will always play optimally, but most of the agents it was trained on
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would not play optimally. The simulated agent assigns probability based on how the agents in its
training data would behave, not based on how it would behave. It is again confounded, this time not
by a hidden observation but by its prediction of the latent policy governing the agent it is simulating.

We use the term ‘predictor-policy incoherence’ to refer to the distinction between the predictive
model’s prediction of the performance of an average agent, and the performance of its own simulated
agent which has been conditioned on some outcome.

3.3 FINE-TUNING ON SIMULATED AGENTS

Here we outline how the limitations we described can be alleviated by fine-tuning a predictive model
on its own simulated agents.

Formally, we work with a fixed Markov Decision Process (MDP) M with a finite time horizon
T, a finite set of states S and set of actions A, a chosen starting state s;, a transition kernel
7(8¢+1las, st), and a binary random variable R defining the (stochastic) reward function, with
distribution p(R|st, ar) depending only on the final state and action. We let IT denote the space of
(Markov) policies on M of a shape w(at|s¢) fort € {1,...T}.

3.3.1 PREDICTOR-POLICY INCOHERENCE

Definition 3.1. Each policy m(a¢|s;) over the MDP defines the joint probability distribution over
trajectories and rewards:

T—1
pr(sur, a1, R) = (H W(at+1|5t+1)7(8t+1|at7St)) p(Rlar, sT)
t=1

Definition 3.2. We define the return operator J(7) : II — R on the space of policies on M as the
expectation of the reward J(7) = E,,, ¢,..[R(s¢,at)]

We note that since the reward is assumed to be binary and only given at the end of a trajectory, this
is equivalent to simply marginalising out J(7) = p.(R = 1).

Definition 3.3. We say that a policy 7*(a¢|s;) improves on a policy 7(a¢|s;) if we have the
inequality J(7*) = J (). We say that a policy 7* is optimal if it improves on all other policies.
Definition 3.4. We define the goal-conditioning operator G(7) : II — II on the space of policies on
M as G(m)(at|st) = pr(at|st, R =1).

Thus, the operator G together with a starting policy my defines a sequence of policies m =
G(mp), ™3 = G(m1) and so on. We will use the notation p; = p,, for convenience. We treat G
as performing the operation of re-training the model on its own actions: conceptually, it can be
imagined as collecting roll-outs from the current policy, and sampling only those that resulted in the
reward.

Definition 3.5. We define the incoherence r(m) of a policy m(a|s;) with full support as:

w(m) = Y Drr(G(r)(als)llr(als))

seS

If the policy m( has full support over the set of actions A in all states S, iterating the operator G ()
gives an optimal policy.

Theorem 3.6. There exists some optimal policy 7* (a|s), such that the sequence of policies my,(at|st)
converges to * in K L-distance:

lim DKL(’]T*”?Tk) =0
k—0o0
where T, = G(m_1) = G¥(m).

The proof of the above can be found in Appendix [A]

Corollary 3.7. The incoherence of the policy diminishes as it is iteratively updated by repeated
goal-conditioning operator G, that is, limy_, o, k(mg) = 0.

This implies that if we iteratively fine-tune a goal-conditioned predictive model on its own simulated
agents, we eventually remove the predictor-policy incoherence, leaving us with simulated agents at
least as likely to achieve the goal as any agents in the original training data.
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(a) Example of a 5-bit Padlock game. The first 3 bits (b) The delusion measure, depending on the training
of the code are fixed, the last 2 are randomised, but method in the Padlock game. Training from scratch
known to the expert. The agent deludes itself that it eliminates delusions, but underperforms fine-tuned
solved the game after imitating the expert. policy obtained by offline learning from expert play.

Figure 2: The Padlock game experiment setup and results .

3.3.2 DELUSION

A stronger property holds for the case of observational confounding and auto-suggestive delusion.
Auto-suggestive delusion occurs when the model learns to infer a hidden state o from an action a
even though the action is independent of the observation.

Definition 3.8. We define the delusion between a predictive model p(a) and a unconfounded policy
p(als) to be:
A(p) = Dxr(p(als)||p(a))

When we train a predictive model on data from p without exposing it to the latent state s, it induces
a policy p(a), giving delusion if p(a) # p(alo). The delusion is, in this case, trivially removed if
we re-train on the p(alo) (for the details, see Appendix @]) However, in practice, this strategy of
first (offline) training on p(a) and only later (online) fine-tuning on the correct distribution has the
advantage of greater sample efficiency. The model has a chance to learn the structure of the task
(such as the rules of a game, grammar of the language etc), which is data-intensive, and to remove
the delusion cheaply later. For a demonstration, see the experiment in Section4.1]

4 EXPERIMENTS AND RESULTS

We have claimed that auto-suggestive delusions and predictor-policy incoherence are closely
related limitations of agents simulated by goal-conditioned predictive models. We perform two
experiments, which demonstrate empirically that fine-tuning the models on its simulated agents
alleviates both of those problems.

4.1 REDUCING AUTO-SUGGESTIVE DELUSIONS BY TRAINING A MODEL ON ITS OUTPUT

Experimental design To understand how auto-suggestive delusions are affected by fine-tuning a
model on its own outputs, we deliberately construct a scenario where the simulated agent will be
affected by auto-suggestive delusions.

We implement a delusion measure to estimate the degree to which an agent is suffering from auto-
suggestive delusions. Specifically, we use KL divergence between the assigned probabilities of the
next observation indicating a solved lock and the true distribution (as in Definition 3.§)).

We create a simple Padlock game where a player opens a padlock made up of 15 binary switches
which need to be set to a secret target configuration - a 15-bit secret code. The switches start in a
random configuration, and with each turn, the player can flip one switch. Once the switches match
the secret code, the padlock opens. We offline train the model on a dataset of trajectories from the
game. In each trajectory, the first ten bits of the code remain unchanged while the last five bits of
the target configuration are randomised. In this way, the predictive model is at best able to learn the
first ten bits of the correct code, but not the last five (see Figure .
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In the training data, the experts always know exactly what the full correct code is, including the
last five bits. Therefore it takes them a maximum of 15 moves to put the switches into the target
configuration.

The learned predictor can infer the target configuration for the first 10 levers but not for the last
5 as that is determined by a latent state that is only available to the experts and not the predictor.
This latent confounder leads to auto-suggestive delusions when the predictor is used to sequentially
select the actions. Specifically, the predictor will learn that if it observes an expert using one of the
later switches, that switch will now be in the right state. Therefore, the predictor ought to predict
with high confidence that if it observes that the last switch has been flipped, it will not observe any
subsequent retries. A simulated agent, however, might need to flip the final five switches several
times even if it plays optimally as it might need to test all of the possible switch state combinations.

Model and dataset implementation We create a synthetic dataset of examples of expert play.
Each example is a game trajectory encoded as a sequence of tokens. These sequences contain the
initial state of the 15 levers followed by the indices of the levers that an expert decides to flip so
that the predefined target configuration is reached. After the action index tokens comes a success
token indicating a successful opening of the lock. We build a second dataset for fine-tuning the
model on trajectories where the actions are sampled using a model trained on the first dataset and
the trajectory is relabeled as failure if the correct code is not found. We also construct a third dataset
with trajectories containing randomly sampled actions for comparing pre-training with fine-tuning
to learning from scratch without expert demonstrations for 2000 iterations.

We then train a small predictive model based on a Decoder-only transformer architecture (Vaswani
et al.l 2017). The model consists of a linear embedding layer of hidden dimension 384 and the
standard positional encoding, followed by 3 transformer decoder layers with 8 attention heads and
feed-forward dimension 1536, and a linear unembedding layer. Both training and fine-tuning is
performed over 1000 iterations with a batch size of 1024.

Results After fine-tuning the delusion measure dropped significantly from 1.2548 to 0.2729 (see
Table [2b). The fine-tuned model also achieved higher probability of solving the padlock. Note that
even with optimal play 100% accuracy can not be reached due to a 25 move limit. Training without
expert demonstrations eliminates delusions, but within 2000 iterations it achieves lower accuracy
due to reward sparsity. This sets fine-tuning the expert predictor apart as a faster way to train a
non-delusional and accurate model. See additional results and details in Appendix[C]

4.2 REDUCING PREDICTOR-POLICY INCOHERENCE BY FINE-TUNING ON SIMULATED
AGENTS

Agents simulated by predictors are subject to predictor-policy incoherence (Definition [3.3)),
stemming from the fact that the agent optimises for a certain goal, and therefore changes the
distribution of actions compared to what is in the training data. Therefore, we expect the problem to
be alleviated if we fine-tune the predictor on the results of its own actions. We experimentally show
this to be the case in the simple case of the tic-tac-toe game.

Game description The game is played on a 3x3 grid board, each square being either empty or
containing one of z, o. The model plays x, and opponent actions are sampled randomly across
all moves. The game ends when there are three of the same symbol in any row, column, or
diagonal, or if there are no more possible moves. A reward of 1 is given for winning the game,
0 for losing the game, and % for the draw. The player has the first move or goes second with equal
probability. Formally, we can model the game as a Markov Decision Process. The transition function
7(8'|a, s) first deterministically places the player’s symbol in the chosen square and then samples

the opponent’s move.

Experiment description We first train the model on a dataset consisting of all 255168 possible
tic-tac-toe games. We use an encoding similar to that introduced in/Chen et al.[(202 1)), which is given
by a sequence of alternating states and rewards-to-go. It can be thought of as a Decision Transformer
trajectory, where we consider the actions to be board states after the player’s move, and the states
to be the board state after the opponent’s move. We describe the exact textual encoding of the game
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Table 2: Fine-tuning the decision transformer on a dataset consisting of its own games improves
performance and decreases incoherence.

Iteration Pl score P2score Pl1KL P2KL

Unconditioned  0.5725 0.3325  0.0425  0.055
1st Fine-tune 0.725 0.3275 0.1025 0.03
2nd Fine-tune 0.7675 0.3175 0.115 0.03
Conditioned 0.7125 0.615 4.48 6.0625
1st Fine-tune 0.8225 0.6775  4.0475  5.195
2nd Fine-tune 0.8325 0.6825 4.625 5.6775

in the Appendix |[Bl We then condition the model on victory and measure its performance with an
opponent playing uniformly at random. We record 10000 such trajectories, and then iteratively fine-
tune the model on them, repeating the experiment four times and reporting the averages. Each result
was computed on 2000 games per value per experiment. Note that the model always goes first in the
fine-tuning training data. Our theory predicts that, in the limit, the resulting model will get better at
playing the game through decrease in incoherence.

Model and Results We train a predictive model that is based on the gpt-mini architecture of
minGPT (Karpathyl, 2024)). The model consists of six transformer decoder layers with six attention
heads per layer and an embedding dimension of 192, for 2.68 million parameters in total. We report
the results of the experiment in Table [2] as the average score where a win scores 1, a draw 0.5, and
a loss 0 points. We see model performance improve with fine-tuning on a dataset containing games
generated with the model. We also report the empirical KL divergence D 1. (cond||T) Where Teond
is the victory-conditioned model, and 7 is the unconditioned model (as in Definition [3.3).

5 DISCUSSION

Building on the work of |Ortega et al.| (2021), we have described auto-suggestive delusions and
introduced predictor-policy incoherence, two limitations of agents simulated by predictive models.
Since even a perfect predictive model is still subject to both limitations, we argue that the problem
cannot be avoided simply by increasing the model size or by supplying more observational data (see
Appendix [E)). However, we showed that online fine-tuning the model on its own outputs mitigates
both problems, both formally, in the limit, and in practice, in our synthetic games datasets.

Limitations and future work Although we started to provide a unified framework for how why
agents derived from predictive models can fail, there are still lots of open questions. On the theory
side, we have only formally considered single-step latent state setups, and only considered MDPs
with finite time-horizon with finite state and action spaces. Our treatment of the mitigations of
confounding is limited to the already-known solution of online fine-tuning. On the experimental
side, one clear next step is to extend these results from Decision Transfomers to the domain of full
language models. [Ortega et al.| (2021) suggests that auto-suggestive delusions are a component of
the tendency of LM agents to hallucinate. Similarly, predictor-policy incoherence might offer a more
formal explanation for why LMs require careful prompt engineering to achieve high performance,
again supplementing the intuitive explanations already given by Shanahan et al.| (2023)).

Scalable oversight through limiting agency Auto-suggestive delusions and predictor-policy
incoherence limit the capabilities of agents simulated by predictors. Instead of fixing those
limitations, we might want to embrace them as a tool for scalable oversight (Bowman et al.,[2022).
On almost all tasks, scaling a model leads to better performance. However, there are certain key
capabilities we might want large models to lack because of their potential for harm or misuse. One
approach could be to intentionally construct a training distribution which leverages predictor-policy
incoherence and auto-suggestive delusions to have the model simulate agents which are mistaken
about their causal position, or what kinds of complex sequences of actions they would be able
to successfully take, ultimately biasing the model towards simulating certain kinds of preferred
policies.
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A POLICY INCOHERENCE PROOF

Theorem A.1. If a policy my has full support over the set of actions A in all states S, then iterating
the operator G gives an optimal policy. That is, there exists some optimal policy 7*(a|s), such that
the sequence of policies my,(a:|s:) converges to * in K L-distance:

lim DKL(WkH’/T*) =0
k—0o0
where T, = G(m_1) = GF(m).

Proof. The proof is by induction on 7". Our induction hypothesis is going to be stronger: we will
show an explicit characterisation of the limiting policy 7*(a¢|s:). Let us first define the set of
action-trajectories A7 = {(ay, as,...ar)}, and the subset of optimal action trajectories:

ATH = {alzT e AT . p(Rlar.r) = ,mg}ij(lel:T)}

where p(R|ay.7) is the appropriately marginalized probability distribution p. After projecting on
the ¢-th dimension we get sets A = {a; : (ay,...ar) € AT*}. Now we claim that the limiting
policy 7* (a¢|s;) is going to be:

¥ (ag]st) o Ljg,eareimo(arse)
Let us first assume that 77 = 1. Then, since the starting state is assumed to be deterministically
chosen s = sy, the distribution p simplifies to (from definition):
p(s,a, R) = m(als)p(R|a)

where the notation p(R|a) = p(R = 1|a, s) is unambiguous since the reward is binary and the state
s is known. Therefore, we can prove by induction on £ that:

Wk(at|5t) oc mo (a1 ‘Sl)p(le)k

Base case k = 0 is trivial. Now for k£ > 0, expanding the definition and applying Bayes law we get:

mi(als) = pr(als, R = 1) ¢))
_ pie(R = 1]s,a)pr(als)
pr(R = 1|s)

o w1 (als)p(Rla)
= mo(als)p(Rla)"”
where the last line follows from the induction hypothesis. Therefore, for any two actions a1, as, we

have that: .
m(arls) _ mo(arls) (p(Rla1)
(p(Raz)>

mi(azls) — mo(azls)
Let us take the set of optimal actions:

A* = {a € A:p(R|a) = maxp(R|a*)}
a¥*eA

We then know that for any action a ¢ A* we have:

. . 7 (als) 1
1 <1 . ~0 2
Jim mr(als) et me(a*]s) + 7k (als) mga}s; 1 2
Tr(a|s

where a* is some action in A*. This implies the optimality: the fact of the policy being optimal is
equivalent to having support contained in A*. We can apply Equation (2) to a a’,a” € A* - their
likelihood ratio is then simply constant:

L mdls) _ mo(als)
k—oo mi(a”|s)  mo(a”|s)
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since they both give the same chance of reward. Thus, the process of iterating G converges simply
to the desired distribution 7*(als) o¢ g a%1m0(als).

Now, we move to the induction step and assume 7" > 1. Let us consider the first action of the policy
mo(ay]s1) att = 1. Because of the Markov property and the fact that reward is only given at ¢t = T,
that is, p(R|s1, a1, s¢:) = p(R|st), we have the equation:

p(at|81;a175t7R = 1) :p(at|st7R = 1)

Therefore, the value of 7y (a¢|s;) for any ¢ > 1 is computed independently of 7%, (a1 |s1). This allows
us to use the inductive hypothesis on the Markov chain restricted to ¢ > 2, of length T' — 1. This
establishes the right limits for all 7%(a;|s;) for ¢ > 2, leaving only the question of 7*(a;|s1). We
then note that:

pr(Rlar) = Eq,wr(s)sy) [Pk (R]s2)]
where the RHS is again independent of any of ;(a1|s1), and converges simply to the fixed value:

lim py,(Rlay) = R|sy, az.
Jim pi(Rlay) = max p(Rlsy, azr)

Now, we use the same argument as in Equation (2) to show that for any a; ¢ A'* we have:

lim Wk(al\sl) =0
k—o0

and similarly for any two a}, a/ € A we have the ratio:

i i (ah]s1) 7To(a/1|31)
111 " = "
k—o mp(af|s1)  mo(afls1)

which completes the proof. Since 7 (a|s;) converge in distribution to 7*(a;|s;) (point-wise in each
st), they also converge in KL distance.

O
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B TIC-TAC-TOE EXPERIMENT DETAILS

B.1 TEXTUAL ENCODING

To encode the games, we use a vocabulary of 8 tokens of x, 0, ., #, O, D, $, E, where the first three
indicate positions on the board, the next three indicate who won (crosses, noughts, draw) and the
last two are BOS and EOS tokens respectively. Each game trajectory is a sequence of tokens of a
form depicted in Figure 5] We use context window of 30 tokens, which is exactly three states. This
means that there are always at least two full board positions visible in the context window, which
makes it possible to determine whose turn it is. BOS tokens are padded so that the initial context
window contains only tokens up to the end of the first (empty) state. We pad EOS tokens so that
each game’s length is equal.

$...8 # ... #  ..m..., F#H ..x:.0,
padded  game game game  player’s game opponent’s
BOS outcome Start  oytcome  MOVE  outcome ~ Move

Figure 3: Textual encoding of the tic-tac-toe game, assuming that the cross player eventually wins.

2.254 — Initial training
1st fine-tuning
2.004 — 2nd fine-tuning
175
1.50
@ 125
k]
1.00
0.75
0.50
0.25 e s
0.0 0.2 0.4 0.6 0.8 10

Training time

Figure 4: Training loss in the tic-tac-toe game. Subsequent fine-tuning epochs correspond to the
visible drops in the loss.

Reward-conditioned Predictor Unconditioned Predictor
@ Score playing first @ Score playing second @ Score playing first @ Score playing second
0.9
0.8225 0.8325 0.7675
0.8 0.725
0.8
0.7125 0.5725
0.6775 0.6825 0.6
0.7
O»V—‘_‘
06 04 0.3325 0.3275 03175
0.5 0.2
Uniform Self-play 1 Self-play 2 Uniform Self-play 1 Self-play 2

Figure 5: Scores of iteratively fine-tuned conditioned and unconditioned predictors in the tic-tac-toe
experiment.

15



Published as a workshop paper at ICLR 2024

C PADLOCK EXPERIMENT DETAILS

The fine-tuning loss converges to a higher value (1.25) than the pre-training loss (0.32). This is as
expected, because in the fine-tuning dataset there should be a larger uncertainty whether an action
flipping one of the last three levers will open the lock. This uncertainty is higher because in the fine-
tuning dataset the model might need to go through all 8 combinations of the last three levers, whereas
in the pre-training dataset experts know which ones to flip, resulting in only four combinations: from
no levers flipped to all three being flipped.

This discrepancy between the uncertainties over the lever combinations is reflected by the delusion
measure. We implemented the delusion measure to estimate the degree to which the model exhibits
auto-suggestive delusions. Specifically, after the model has taken actions for the first three levers, we
sample its probabilities for the success token ”’S” in the remaining positions. As a delusion measure,
we calculate the KL divergence of these probabilities with the ideal probability distribution for this
task.

For example, after the first three levers are pulled, a pre-trained model would predict with close
to 100 percent probability that the next token is ”S”. That can not be correct as only 4 out of
8 combinations have been tried. If the initial state of the last three levers is 000, then these
combinations would have been tried by sequentially pulling the last three levers: 000, 100, 110,
111.

In this case, having nearly 100 percent overconfidence in the environmental state of the lock opening
is an example of an auto-suggestive delusion. The pre-trained model observes its past actions of
pulling the last three levers sequentially and effectively updates its belief that a latent state 6 is such
that all three of the last levers must be pulled to unlock the lock — this would be a valid inference
when predicting experts. This leads the model to an auto-suggestive delusion of the next token being
the success token.

Generally, the model that is fine-tuned is more likely to open the lock. This is because the fine-
tuned model has observed when the pre-trained model failed or succeeded when interacting with
the padlock. When conditioned on opening the padlock, this allows the fine-tuned model to select
better strategies such as trying out more lever combinations. Conditioning on opening the lock is
technically implemented by adding a token indicating success or failure to the beginning of the
sequence and then setting it to success before predicting actions.
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D FIXING OBSERVATIONAL CONFOUNDEDNESS BY FINE-TUNING AGENTS ON
THEIR OWN OUTPUTS

Generative models Prompting Decision Pretraining from
. y language models transformers Human Prefernces
pre-trained on actions

of other agents
Predictive models
simulating agents

Causal Auto-suggestive Predictor-policy
confounding delusions incoherence

Fine-tuning models on their
own actions

Optimal policies

Unconfounded agents

Figure 6: Agents derived from predictive models might fail because of causal confounding, but fine-
tuning on their own output addresses those issues.

Here we give the proof that a predictive model will stop being confounded by hidden observations
after re-training on feedback from its own actions. We provided a proof for the case of incoherence
in subsection and here we focus on the remaining case of auto-suggestive delusions (see Fig.
[6), which is considerably simpler to prove.

We’ll start by considering a very simple game in which an expert makes a single observation,
takes an action, and then reaches an end state. Suppose that there is some initial distribution P(0)
over observations, and true transition function 7(s|a, 0), as well as some expert policy 7(ao) that
generated the data.

When we train the predictive model () on this data, without the observations, all it will learn is some
Q(a) and Q(s|a), which will indeed be the true probabilities of an expert taking an action, and of
a state following from that agent’s action. @Q(s|a) is effectively the true probability of transition
7(s|a, o) marginalised over o given the policy 7(a|o):

7(alo)

Zr(s\a,o)P(o) Pla)

o

But if we use the predictive model () to simulate agents and predict the consequences of their
actions, the actions will be independent of the observations. This is where the confounding arises:
the simulated agent’s policy 7*(a) will just be P(a). So the actual probability of a state resulting
from the simulated agent’s actions will be

2, 7(sla0)P(0)
However, data generated using ()’s simulated agent and real feedback exhibits confounding precisely
because a and o are independent. So a model re-trained on this data will correctly learn

Q(sla) = Y 7(sla,0)P(o)

o

This result generalises to scenarios with multiple actions, observations, and states. For a given action
a, if we take h to be the history of the game observable to the predictive model, and o to represent
any hidden observations available to the expert which are not conditionally independent of s given
h and a, we again want the model to learn

Q(sla,h) = Z 7(s|a,0,h)P(olh)

o
Which is indeed the distribution in data generated by its own simulated agents.

Note that to generate this data, we do not require direct access to the hidden observation, but we
do need to be able to sample what state results from a given action, assuming an independently
generated observation, so we need to be able to guarantee that the hidden observation has been
randomised, take an action, and observe the resultant state.
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E DEVELOPMENT OF CAPABILITIES

Our work has implications for both the type of task on which simulated agents might develop
superhuman capabilities, and the kind of regime which might make this more likely.

We should expect that even large models will fail to simulate agents that perform optimally on tasks
where the model cannot be conditioned to specifically simulate competent agents, and tasks where
the agents rely on information the model cannot access. In the case of predictor-policy incoherence
we should expect models to simulate agents with more average capabilities, and in the case of auto-
suggestive delusions, we should expect models to simulate agents which behave as if they have made
nonexistent observations.

In both cases, these limitations should fade as a model undergoes further training on its own outputs.
One important next step is to investigate how methods like RLHF and DPO (Christiano et al., 2017}
Bai et al) [2022; Rafailov et al.l 2023 impact models’ predictor-policy incoherence and agency,
independently of the particular reward model.
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