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Abstract

Prevailing approaches to interpreting large language models (LLMs) risk addressing the field’s central
questions at the wrong level of analysis. As LLMs develop, researchers have turned to “under-the-
hood” methods to investigate whether LLMs possess states analogous to beliefs, desires, or inten-
tions. These methods typically map internal representations, feature directions, or neural circuits
onto folk-psychological categories. We argue that these methods are too fragile to reap the results we
need. Instead, interpretability ought to be reoriented toward and grounded in what we call “ecolog-
ically sensitive behavioral analyses” which integrates mechanistic tools with severe testing of behav-
ioral signatures across ecological contexts, aligning interpretability efforts with emerging evaluation
sciences for Al. We outline a multi-disciplinary trajectory for developing interpretability methods
that are both philosophically coherent and practically relevant for the deployment of increasingly
capable LLMs.

1 Introduction

Understanding large-language model (LLM) functioning and behavior is necessary to address pressing
Central Questions concerning their deployment and development like: How can we successfully steer
and align LLMs? Under which conditions can/should we deploy/trust LLMs? Can we reliably predict
LLM behavior? What do we owe (if anything) LLMs?

One strategy for answering these questions treats LLMs as akin to human systems. To answer pressing
questions about human systems we first attribute to them plausible mental states, and use those as levers
for intervention [Borg, 2025]. In LLMs, work on propositional interpretability attributes common-sense
propositional attitudes to LLMs as a means to answering our Central Questions [Chalmers, 2025; Gold-
stein & Levinstein, 2025].
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A prominent strategy vindicates propositional interpretability by searching for underlying represen-
tations in LLMs which can constitute these propositional attitudes—typically beliefs, desires, and inten-
tions. On this Representationalist approach, possessing a propositional attitude involves possessing an
information-carrying state which can be causally efficacious, bears semantically evaluable content, and
plays a certain role in the functioning of the system [Egan, 2014; Fodor, 1987]. In practice, the Repre-
sentationalist approach to propositional interpretability draws heavily on techniques from mechanistic
interpretability. Mechanistic Interpretability searches for the underlying mechanisms undergirding the
capabilities of neural networks: often by turning to individual components of the system —neurons and
neural nets, directionality of vectors in activation space, and mapping of feature circuits.

This search proceeds as follows: for any candidate representational state R, explore the extent to
which that candidate representational state produces/realizes a set of canonical features and functions
F . Difterent sets of canonical features and functions J will correspond to different common-sense psy-
chological states (e.g., beliefs, desires, and intentions). If R, realizes ', then conclude the LLM realizes
commonsense psychological state which corresponds to the canonical functions captured in the relevant

F.

Common-Sense Methodology: If a candidate representational state R meets exactly one of
F8, Fo or Fq conclude that R is a belief, desire, or intention, respectively.'

Common-Sense Methodology is familiar and powerful despite extant critiques of the tools of mech-
anistic interpretability [Kantamneni et al., 2025; Sharkey et al., 2025; Smith et al., 2025].

In this paper, however, we show that in paradigm cases, ecological worries impugn the successful de-
ployment of tools from mechanistic interpretability in service of propositional interpretability via Common-
Sense Methodology (§2). We take these worries to motivate development of an alternative way of address-
ing Central Questions (§3). Our anti-reductionist alternative is an ecologically sensitive approach which
takes Al system“behavior” first. This ecologically sensitive bebavioral analysis (ESBA) for LLMs, sets out
an alternative, interdisciplinary research program for addressing Central Questions. We develop this al-
ternative by drawing on an instructive parallel in neuroscience owed to Krakauer et al. [2017]. Just as
understanding the brain requires behavior, understanding the LLM requires ecologically sensitive be-
havioral analysis. We develop a conception of LLM behavior, of the relevant dimensions of variation in
LLM ecological contexts, and offer examples illustrating the fecundity of our ecologically sensitive behav-
ioral approach to addressing Central Questions. We close by connecting the need for ESBA with recent
approaches to LLM development [Jackson et al., 2025; Weidinger et al., 2025] and highlight the benefit
of interdisciplinary engagement in this research program (§s).

2 Common-Sense Methodology in the Wild

In this paper we explore three recent examples of Common-Sense Methodology. Our focus is recent
LLMs employing a transformer-based architecture [Vaswani et al., 2023].

'Goldstein and Levinstein [n.d.] are an exemplar of this this methodology though they distinguish assessing the represen-
tational state’s informational character from its connection to action. We conceive of both as items on the list of canonical
features/functions F captures.



2.1 LLM Belief

The topic of LLM belief possession is pursued under different headings —whether LLMs possess “world-
models,” whether LLMs have “truth-tracking representations.”

What would it take for a candidate representation, in an LLM, to amount to a belief? In our words:
what is the set of features  for a candidate R | to constitute a belief?

Herrmann and Levinstein, 2024 defend the following conditions for any representation that gen-
uinely characterizes a belief:

* Accuracy: Beliefs should be true, and we explain success by reference to their truth. For R  to count
as belief instances of R should be true, where we would expect the system to have true beliefs.

* Coberence: Beliefs should fit together in characterizing a unified picture of the world. For R | to
count as a belief it should fit together with other R | as logically consistent (or just about), preserve
semantic coherence, and correspond to the presence or absence of other related R , “disbelief” for
example.

* Uniformity: Beliefs occur across domains. For R, to count as a belief it should occur in various
domains across which the system possesses R _.

* Use: Beliefs guide behavior. For R | to countas a belief, R should be typically deployed in helping

generate system Olltpllt.

Do LLMs possess R, which meet these 7?2

Prominent answers to this question turn on using probing classifiers to discern the presence of such
features [Alain & Bengio, 2018]. Roughly, a probe consists in a separate classifier model (a shallower
neural network) which takes activations in certain layers of the target model, and makes predictions on the
basis of those activations about the presence of specific features of interest. Take a model which processes
short sentences, say: “China is bigger than the Vatican.” To see whether this target model represents, in
any sense, t7uth, we can deploy a probe. The probe will be trained on just the activations from a layer
of the target model. For example, the activations corresponding to the input “China is bigger than the
Vatican”, and a corresponding label “True,” and activations for “Russia is smaller than Hungary” and a
corresponding label “False” from a specific model layer. Crucially, the probe has no access itself to the
input sentences, just the activations in the selected layer of the target system. We then assess the probe’s
success in tasks corresponding to presence of the property in question. Here, that would mean tasking
the probe to label sentences according to their truth or falsity. If the probe does well, the inference goes,
the target model is also representing that property at that embedding layer. Much of the work on LLM
beliefs has proceeded in roughly this way.

Research on LLM world-models exemplifies this. A line of experimental research galvanized by Li
et al. [2024] and deepened by Nanda et al. [2023a] shows that LLMs ofter successful predictions of next
moves in the complex board game Othello after being prompted with a sequence of prior moves. The
proftered explanation is that this is possible because the LLM develops and maintains its own represen-
tation of the board and its current state, its own world-model. This is despite never having been given
access directly to the board state. The subsequent world-model is captured by various features the model
discerns which are represented in activation space. In particular, the thought goes, LLMs represent cer-

tain statements along a direction of truth or falsity. Statements represented as true help comprise the
“world-model” of an LLM.



If LLM:s represent truth or falsity as a direction in activation space, we can discern whether an LLM
takes a statement to be true by mapping it to its position along this “truth direction.” For our purposes,
roughly, representations mapped onto this truth direction are candidates for evaluation as beliefs. If
the representations in question are taken to be true (and typically are), fit together (Coherence), guide
downstream behavior (Use), and occur for statements across domains (Uniformity), we have a candidate
belief.

Early results by Li et al. [2024] using non-linear probes found some evidence for the presence of such
a “truth direction,” and later work suggested such a direction might be linearly encoded [Nanda et al.,
2023b]. Some crucial results here generalize [Yuan & Segaard, 2025].

Still, the presence of this “truth direction” remains controversial. Prominent results such as those ob-
tained Azaria and Mitchell [2023] employed classifiers which were trained on affirmative statements. The
success of this classifier failed to generalize across negation, Levinstein and Herrmann [2024] showed.
Accordingly, whatever was represented by the model in question was not a sufficiently general concep-
tion of truth to meet Accuracy. Subsequent work suggests many of these worries can be surmounted
[Bao et al., 2025; Marks & Tegmark, 2024]. Marks and Tegmark [2024] argue that, at sufficiently large
scales, LLM’s possess a clear linear structure for representation of truth and falsity, that such activations
guide across training datasets, and that various interventions enable us to transform LLM treatment of a
statement as true or false. These results suggest some internal representation which meets Accuracy, and
Uniformity. Goldstein and Levinstein [n.d.], however, argue that recent evidence is unclear with respect
to Use. State of the art work by Biirger et al. [n.d.] concludes that rather than a truth direction along
which true or false statements separate, LLMs are better understood as possessing a truth “sub-space,”
two directions for truth tracking: a general truth direction te, and a “polarity sensitive truth direction” L.
t is the truth direction, Biirger et al. [n.d.] argue, which generalizes to new statements and unseen top-
ics. In short, there is no consensus concerning whether or not transformer based systems possess beliefs.
What is clear, however, is that such research has primarily proceeded along the lines of Common-Sense
Methodology, attempting to identify candidate representations and map them on to a set of canonical
features in determining whether LLM’s possess beliefs.

While exciting, there are a number of general reasons to worry about these approaches. For one,
it is difficult to avoid, as Nanda et al. [2023b] discuss, projection of researcher preconceptions and eas-
ily identifiable researcher concepts without genuinely discerning which concepts the LLM might rep-
resent. Classifying features of the Othello game differently, (BLACK SQUARE/WHITE SQUARE) vs (MY
TURN/YOUR TURN) yields very different results. As researchers deploy probes to test for truth, or falsity,
we may worry that substitution of different candidate concepts such as “reasonableness”, “common-folk
knowledge”, or “being widely believed by experts” which may share their extension quite widely with the
relevant labeling in the dataset and nevertheless yield different results. This would undermine the sense
in which any stable representation of truth, and thus belief, is preserved.

Second, it isn’t clear that candidate representations, even if tracking truth or falsity, mirror relevant
features of what we recognize as beliefs. That is, the employment of Common-Sense Methodology may
not be capturing all we need. Consider findings which suggest LLMs possess not a truth direction in ac-
tivation space, but a truth subspace, composed of different directions. It would be a significant difference
from our own mental life indeed to possess an entire direction of truth representation that went unused,
or only employed in a small segment of cases. This is so even if one such direction helps the candidate
representation meet Accuracy.

Our major worry, however, concerns the sparsity of probing techniques in helping rule out alterna-
tive explanations of candidate belief representations. Consider, for instance, the hypothesis that LLMs



accept rather than believe. Acceptance, as developed in Bratman [1992], is a state which treats its content
as sufficient for action, even if not believed. Acceptances can but need not be represented as true. Can
current probing techniques help rule out the hypothesis that LLMs have acceptance like states, but not
beliefs? After all, acceptances will influence prediction, may occur across domains, are subject to some
degree of coherence constraint. In short, many candidate R will meet the criteria for both belief and
acceptance. Philosophers tell the states apart by variation along two dimensions: beliefs are context in-
variant, and evidence-responsive. Acceptances are sensitive to practical stakes and thus vary with context.
To tell whether an agent believes or merely accepts a proposition, we explore the variance of that propo-
sition being taken to be true across contexts, and intervene by changing the epistemic or practical stakes
accordingly.

Extant probing techniques seem far too coarse-grained to help us make such distinctions. Classifier
probes will be able to predict, roughly, whether or not “truth of p” correlates with some label in the
dataset, but they won’t along the way also allow for prediction that occurs on as fine a grain as mere
acceptance. It is a research task in itself to work out how the appropriate dataset might be designed for
such a task to so much as render it amenable to classifier probing.

Similar worries extend to hypotheses which take beliefs to be less contextually invariant. Consider,
for instance, fragmentation-style approaches [Elga & Rayo, 2021]. To understand what someone believes
requires careful observation across contexts, as each context might elicit a different belief. Here too it
seems difficult to envision how we would come to discover that LLMs do believe, albeit in fragmented
fashion, by employing techniques like classifier probing.

The moral here is that discerning features of mind may require observation of behavior in a wide va-
riety of settings across contexts which employ different combinations of practical and epistemic factors.
In short, discerning features of mind requires a sensitivity to environment, to the ecological context in
which tasks are developed, resources deployed, and behavior observed. Classifier probing, while impor-
tant, seems difficult to envision as the kind of technique which affords insight into this richer structure we
are suggesting is crucial. Accordingly, we suggest, these targeted probing techniques, while informative,
stand to elide much of importance in vindicating LLM beliefs.

2.2 LLM Desire

Do LLMs possess desires? While extant instances of Common-Sense Methodology as applied to desires
are few, results from [Goldstein & Kirk-Giannini, 2025] on language agents suggest the following Fop:

* Semantically Evaluable: The states are semantically evaluable
* Causal Efficacy: The states have causal powers

¢ Common-Sense Generalizability: Implicit generalizations of commonsense desire psychology are
largely true of them

— If R is a desire, S is disposed to acting in ways that would bring about R’s content in the
world §’s belief represent

Goldstein and Levinstein [n.d.] also discuss the explicit deployment of Common-Sense Methodology
to LLM desires. Goldstein and Levinstein [n.d.] argue first that, on various theories of representation, we
should recognize LLMs as possessing internal representational states. Many of the results drawn upon



employ mechanistic interpretability techniques of the sort discussed in §2.1. Having made their case,
Goldstein and Levinstein [n.d.] claim that the move from internal representations to folk-psychology
is less difficult for the kind of Representationalist approach which has been our focus, than for various
Interpretationist approaches. The reason for this comparative ease is interesting: “While we have some
behavioral evidence in the case of LLMs, behavioral evidence is much more limited for LLMs than it is
for humans. However, we have perfect internal access to LLMs” [Goldstein & Levinstein, n.d., p. 25].

This perfect internal access, we take it, refers to the kind of under-the-hood investigation tools of
mechanistic interpretability promise. To the extent this is so, Goldstein and Levinstein [n.d.] articulate
a path towards understanding LLM desires which employs Common-Sense Methodology and draws on
techniques like those discussed. We might worry, however, at the sufficiency of such techniques in this
context. To see this compare an alternative defense of LLM desires.

Cappelen and Dever [n.d.] also defend the claim that LLMs possess desires. They draw upon a “holis-
tic” conception of desires, owed to Schroeder [2020], on which a system genuinely desires if it meets
enough of the following features:

1. A system typically desires p if and only if it is disposed to take whatever actions it believes are likely
to bring about p.

2. A system typically desires p if and only if it is disposed to take pleasure in it seeming that p, and to
take displeasure in it seeming that not-p.

3. A system typically desires p if and only if it is disposed to believe that p is good.

4. A system typically desires p if and only if it is disposed to attend to reasons to have p.
5. Systems tend to desire what is good.

6. Systems tend to desire what they need to survive and reproduce.

7. Systems normally desire pleasure and do not desire (better: are averse to) pain.

8. Systems that desire p tend to have their attention captured by information that bears on whether
or not p.

How will we assess whether or not an LLM meets enough of these features to qualify as desiring?
One approach might be to employ mechanistic interpretability techniques to assess for some notion of
LLM attention or representation as good, whether it meets these features. Another would be to look at
system-level behavior, to see whether in response to different candidate options, some bearing on system
“survival,” some which allow it to choose between candidate reasons or information, see what it does.
While we suspect there is much to gain from the former approach, we suspect the latter too will have
important ramifications. If this turns out to be right, even perfect internal access to an LLM may not be
necessary or sufficient in assessing whether LLMs have desires; what will be required is an understanding
of behavior across environmental variation.



2.3 LLM Intention

To understand how to steer LLMs in various respects, as well as to better ensure value alignment and
meaningful cooperation, we can ask whether LLMs possess intentions. We consider here a state-of-the-
art investigation along these lines owed to Williams [n.d.] Williams fills in #¢ by appeal to the following
canonical features as developed in seminal approaches like Bratman [1987]:

* Directive Function: Intentions have the function (Wright-function or Cummins-function) of bring-
ing the world into conformity with their content.

e Temporal Distality: Intentions can concern the realization of temporally distal outcomes.
e Abstraction: Intentions can have abstract content which is multiply satisfiable.

* Commitment: Intentions involve a commitment-like nature: they demand coherence with other
intentions, possess a degree of stability, and terminate deliberation with some resistance to recon-
sideration.

. Plannz'ng: Intentions are core elements in a planning economy

Williams focuses on the intention-like status of “function vectors” and “output features.” Function-
vectors are internal representations a model carries across in cases of few-shot in-context learning (ICL)
[Todd etal., 2024].* Here, LLMs are offered a prompt with some small amount of examples of a task, and
assessed for their ability to produce task-appropriate outputs. Models can do well on a range of interesting
tasks in few-shot ICL tests. The claim is that they do so by employing function vectors that represent the
task at hand and upon their tokening, cause the model to deploy a process that yields success in that task.

Output features emerge from results in circuit tracing. Circuit tracing involves mapping various “fea-
tures”: potentially human-interpretable parts of the models which relate to (and arguably represent) task-
variables, and the connections between these features. By understanding how features activate and par-
ticipate in various circuits, we can understand to what extent these internal representations are deployed
to solve tasks, and what kinds of characteristics they possess.

To make this possible, circuit tracing involves the generation and deployment of a “replacement
model”: effectively a simplified model where various parts of the original LL are replaced with easier to
interpret cross-layer transcoders. Cross-layer transcoders are trained to replicate the “input-output” pro-
file of the model parts they replace, but do so with far fewer activations. To the extent these (in some
sense simpler) cross-layer transcoders faithfully represent the variation among activations of the original
model, they do so while allowing for far greater interpretability. Recent experiments trace circuits involv-
ing various “output features” pertinent for tasks like generating a couplet whose final word must meet
a certain rhyme [Ameisen et al., 2025; Lindsey et al., 2025]. Output features are those features that bear
directly on the probability assignment (logit) the model assigns to tokens.

How do these two candidates fare when assessed against #¢? Williams argues that these pieces of
evidence support some, though not all, of the features of F¢. Williams argues that function vectors and

*Specifically, researchers look towards the attention heads most causally relevant for the task, and calculate from their
outputs an average which, when summed together, yields a “function vector.” As Williams puts it, “The intuition is that,
given that the identified attention heads all play a role in the model’s success at a given task, one can approximately recover a
representation whose role is to induce the model to perform the task by finding what is invariant in the effective heads’ vector
outputs across examples of the task (and summing them together).”



output features are capable of abstract representation, meeting Abstraction. Evidence exists that both
function vectors and output features can concern temporally distant content (at least ten token positions
later), which is suggestive that more extreme Temporal Distality representation is not impossible to real-
ize. Similarly, Williams concludes that both function vectors and output features plausibly realize Wright
functions in certain LLMs, and play a Directive Function in core parts of process generation. Matters are
trickier when it comes to Commitment and Planning. Here, Williams reviews, other satisfactory options
to realizing the task outcome exert a degree of causal control over the token which is generated. Asapplied
to the couplet example: a model which “commits” to Hat as the final word of the rhyming couplet often
tracks and generates output that is consistent with “Cat.” The “Cat” token exerts a causal influence on
the way the model completes its task in a way taken to be in tension with the commitment like nature
of intention. Furthermore, the ways in which function vectors and output features constrain one an-
other is not fully exclusionary, though is consistent with some of intention’s core constraints. From this,
Williams concludes, if these representations are candidate intentions, they are intentions in a different
sense than those we possess.

Williams approach is measured, thoughtful, and promising. We have a major worry to register about
the results reached, however.

First, along the lines of the critiques lodged in §2.1 and §2.2, we worry about interpreting these re-
sults without a broader ecological context in which to evaluate functioning. Consider, for instance,
worries about intention’s commitment like nature. Williams takes the fact that the compatibility of a
non-selected output exerts causal constraints on the way the task is satisfied. This is taken to suggest that
output features do not constitute commitment-like states. But the picture may very well be murkier.
As recent work in the philosophy of action highlights, human planning agents are sophisticated Plan B
reasoners [Paul, 2022]. We form and execute plans all the time, aware that sometimes the world shifts in
unpredictable ways. To best keep us in position to realize our myriad goals we have keep in mind alterna-
tives which would satisfy our ends, and do our best to leave them open as desirable fall-back options. To
what does this amount? Often, it means that we choose ways of satisfying our goals that leave us open to
swap to an attractive Plan B if needed. Often, it means that the availability of a plan B, and what it would
demand, function as a kind of constraint on how we go about selecting but also completing plan A.

Is this Plan B reasoning so dissimilar from the way Claude fills in Hat but proceeds to develop a sensi-
cal thyme with Cat? We think not. Whether or not this is the correct way to understand Claude, however,
it does show that the upshots of probing these candidate representations in isolation is limited. Part of the
promise of LLM mentalizing is that we can intervene upon candidate representations in unprecedented
fashion. The limitation, of course, is that these analyses proceed with a narrow focus. Understanding
which candidate representations perform which functions well and when may require a more holistic
appraisal of functioning, one difficult to discern in a system treated as an isolated unit, as opposed to as
embedded in a complicated environment with multiple goals, affordances, and limitations.

3 General Critique

Before moving on to our positive argument, we want to note that the specific worries we have isolated
point towards a more general criticism. The worry is that identification of common-sense mental states in
ameaningful sense requires sensitivity to the ecological context in which those mental states are deployed.
Only by observing actual behavior, actual deployment in and across contexts, can we appropriately rule
out crucial alternative hypotheses. It remains unclear whether the kinds of interventions deployed in



mechanistic interpretability research are up to this task, as extantly constituted. Skepticism is warranted
concerning whether extant techniques are targeting matters at the right level of analysis so as to offer the
most compelling route to answering Central Questions, let alone an indispensable route. And, we are
among the skeptical [Holtzman & Tan, 2025; Holtzman et al., 202s].

The worry we raise here mirrors an influential line of criticism in neuroscience. In a seminal article,
Krakauer et al. [2017] critiqued the (then recent) turn in neuroscience to a focus on implementational
level questions about the functioning of neural circuits galvanized by “the recent development and incor-
poration of techniques that allow both causal manipulation and the rapid acquisition of large amounts
of data. Such approaches which focus on the “components”, the argument goes, will not yield genuine
understanding of the brain’s role in behavior, the “total mechanism.” As Krakauer et al. [2017] putit,

“A reductionist treatment of the components must be combined with investigation of how
the total mechanism is organized and how it behaves when embedded in an environment;
an approach that unavoidably spans two levels”

Part of the call Krakauer et al. [2017] make is congenial to mechanistic interpretability research. Still,
techniques that focus on the level of implementation will be insufficient for general understanding [Marr,
1982], they argue. Instead of simply focusing on the activation patterns and other features of various
neurons and neuronal circuits, what is needed in the first are hypotheses informed by behavioral data,
data about observed behaviors gleaned across varied ecological context.

The parallels to our discussion are striking. In the examples discussed, our worries have been that
prominent techniques deployed as part of Common-Sense Methodology are, at least currently, if not
necessarily, inadequate for testing validity of results gleaned due, in large part, to a lack of sensitivity to
ecological considerations. Such methods were simply not sensitive to the various ecological contexts in
which functions might be observed, and as a result failed to rule out alternative hypotheses more holistic
settings and environmental variation might elici.

Call this the ecological critigue of LLM mental state attribution. If Common-Sense Methodology
were the only way of answering Central Questions, we’d have to suspend judgment and await alternative
research techniques. While we think there is merit in doing so, we turn in §4 to articulate the opening for
an alternative mode of investigation.

3.1 Propositional Interpretability and Mind-shaping

We have offered criticism of approaches to propositional interpretability which search for underlying rep-
resentations in LLMs. Underlying such approaches, we suggested, was a general methodology that turn-
ings on answering Central Questions for LLMs in the same way we do for humans: first, by identifying
propositional attitudes as levers for intervention. A recent approach to propositional attitude attribu-
tions, however, takes such practice as in the first normative. According to approaches under the heading
of “Mindshaping,” propositional attitude ascription enjoys a primarily practical function. Capacities for
imitation, pedagogy, and social norm enforcement help proscribe how one is to act if they hold a certain
propositional attitude, and it is on this basis when propositional attitude ascriptions are made, we act in
certain predictable ways, which help facilitate important forms of coordination and social life [McGeer,
2015].3

Applied to LLMs, the thought goes, perhaps attribution of propositional attitudes is a necessary route
towards Central Questions, not as part of intervention on some under the hood representations, but as

3Such mind shaping practices also help constrain the state space to enable “mind-reading” at all.”



part of a broader practice of shaping and constraining LLM behavior in desirable fashion. Do what we
do for humans for LLMs, which is shape minds.

This alternative allows us to further clarify the status of our ecological critique. While we’ve of-
fered reason to suspect approaches to propositional interpretability utilizing tools from mechanistic in-
terpretability are insufficient for addressing Central Questions, we do not mean to claim that work in
mechanistic interpretability, let alone propositional interpretability, generally fail to merit pursuit. In-
deed, there may be important results to be garnered from such techniques, they just, we claim, do not
constitute the whole or even the largest part of the story.* Any such story will need to center in a mean-
ingful way ecologically sensitive behavioral analysis.

This conciliatory approach is even more pronounced with respect to Mindshaping. We by no means
claim that we ought to eschew propositional attitude attribution to LLM:s altogether. Indeed, if Mind-
shaping theorists are correct, and such ascriptions are appropriate for reinforcing the kinds of behavior
we care about in LLMs, so much the better. What vindicating such a strategy will require, however, is
“enculturation” of such systems in the kinds of practices and deployment of the kinds of capacities Mind-
shaping advocates highlight. What that, in turn, will require, is sensitivity to the kinds of LLM behavior
which bear on these capacities and practices: LLM instruction, LLM accordance and internalization of
certain quasi-normative constraints, and LLM simulation of interlocutor behavior. In short, if Mind-
shaping is the reason for taking up propositional interpretability, here too will be required a keen focus
on ecologically sensitive behavioral analysis.

At this stage we should note that our critique is only part of a broader set of recent worries concerning
the fecundity of deploying tools of mechanistic interpretability for tasks like these. Cappelen and Dever
[n.d.] argue that the results of mechanistic interpretability work are neither necessary nor sufficient for
detecting the mental operations or states of interest in an LLM. Their argument proceeds by appeal to
the imagined presence of a Chomsky module which constrains brain behavior, but isn’t directly involved
in neuronal circuity. Techniques highlighting neural firing would never discover the presence of such
a module, but it is indispensable in explaining how the brain functions. Holtzman et al. [2025] argue
that extant techniques will fail to highlight emergent behaviors in the complex systems LLMs constitute.
What the ecological critique highlights, alongside these other worries, is that any answer of interest in
steering LLMs must be derived from ecologically valid set of behavior tasks. This criticism ties the present
state of LLM research to a broader tradition of anti-reductionist approaches to system explanation. It also
sets the stage for a rich and fecund positive proposal. An ecologically sensitive approach to LLM behavior
must specify to what LLM behavior amounts (and ideally in a richer sense than the information-theoretic
construal offered by Holtzman et al. [2025] as well as how to individuate and vary the environmental
context in which the LLM behaves. We turn now to answer these questions.

4 Ecologically Sensitive Bebavioral Analysis

Having canvassed worries about the general methodology for addressing the Central Questions, we pro-
pose an alternative. Scientists can address many of the most pressing questions about LLMs by focusing
not on whether anything propositional goes on under the hood, but rather by seeing what LLMs can do,
i.e., by observing system-level behavior in a variety of ecological contexts. We can take up this method-
ology while broadly eschewing the question of whether or not LLMs have mental states traditionally
understood. This alternative mirrors again the call to focus on behavior articulated by Krakauer et al.

+We differ here from Cappelen and Dever [n.d.]
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[2017]. What we take the moral of that paper to include is that any systematic neuroscience, any explana-
tion of why the brain produces behavior based on the brain states it instantiates must start or be informed
by bebavior driven hypotheses. The idea here is that only by specifying testable hypotheses with reference
to observed behavior can we make genuine progress. This requires analysis beyond the level of imple-
mentation. This requires introduction of observed behavior in a rich environment, sensitive to varied
ecological contexts.

One prominent example which features is the flight of birds. One way to approach understanding
of bird flight would be to try to discern from features of isolated feathers or perhaps their combinations,
how birds fly. Krakauer et al. [2017] argue this will be futile, they are skeptical that “studying an ostrich
feather in isolation would lead to the conclusion that there is such a phenomenon as flight or even that
teather-like structures would be useful for flight.” A more promising alternative is to first recognize bird-
flight as an adaptive behavior, a goal to be realized in various contexts. The next is to look at system-level
behavior which realizes this, namely the flapping of wings (and not the flapping of feet). Only then can
understanding of how features of the feather help realize flight proceed meaningfully. Here, behavior
across contexts and its analysis sets the stage for “under the hood” investigation.

A more detailed example involves electric fish. Krakauer et al. [2017] discuss the jamming avoidance
response (JAR) observed in weakly electric fish. These fish will, when they come in contact, modify
the respective electrical field each produces to avoid interfering with the electrical field, and thus electro-
location system of the other. Various distortions in the field are important in helping to determine the
location of objects in the dark. Mapping the precise contours of the JAR response proceeded by applying
fish-wide (“wide-field”) electrical signals. Only by observing actual prey-capture behavior of these fish,
however, did scientists discern that “wide-field” electrical signals were primarily attempts at communi-
cation, whereas “narrow-field” signals were those of prey. After applying carefully these “narrow-field”
signals, an entire filtering mechanism processing such signals was discovered, one which would have been
elided unless “careful behavioral and computational simulation work was done” [Krakauer et al., 2017,
p- 487].

These examples are instructive and highlight the importance of sensitivity to behavior across contexts
in understanding how implementation level mechanisms give rise to answers to questions of interest.

In answering Central Questions too, we submit, technologists and philosophers would do well to
focus in the first on observed AI behavior. At a high level this will require sensitivity to various features
of model performance as deployed in a rich environment across various contexts. Any mature research
program vindicating this alternative must answer a number of questions: What counts as the environ-
ment of deployment for an LLM? What would count as a variation in ecological context? What are the
relevant behaviors to assess in an LLM? In short, we treat LLMs as conversational agents. The relevant
ecological context across which to assess LLM behavior is across variation in conversation. Relevant be-
haviors for LLM are those available in various conversational moves, as well as those such conversation
helps it choose (when embedded in an agentic setup).

4.1 LLM Ecology

To understand LLM assessment across ecological contexts we first need to understand what fixes the rele-
vant ecological context of assessment. Our contention is that LLM environments are best understood as
conversations (broadly construed), and LLMs selected (to the extent they are) for their ability to success-
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tully navigate the conversational environment.> What constitutes a successful navigation of the conver-
sational environment will differ. In many cases, it will involve generating content the user finds desirable
or valuable (broadly construed) [Park et al., 2025].° This conversational approach highlights a number of
axes for variation.

First, we can (in principle) shift the model’s “frozen” weights arrived at via training or its non-changing
system instructions, factors which help shape the conversation we observe. This will involve variation in
training sets as well as the process of “fine-tuning.”

Second, LLM:s generate output in response to prompts. We can taxonomize prompts in various ways:
by appeal to speech-act theory, core linguistic-features, and much else as the nascent field of prompt en-
gineering highlights [Liu et al., 2025]. Different prompts will do different things. Some prompts are
requests for information, others for reinforcement, others still for co-deliberation, to convince, to dis-
suade, some prompts are proposals in conversational context for brainstorming, some prompts deliber-
ately challenge the safeguards imposed by system-level instructions. Meaningful variations in prompt,
at the level of type, at the level of functional content, but also at particular features at the token-level
(ordering-eftects, say) can constitute important forms of ecological variation.

Third, we can shift the affordances available to the LLM. Frontier models are currently able to gen-
erate remarkable strings of text, but also to engage with various search engines. More complex “agentic”
systems are able to deploy various kinds of tools: open coding environments, draft and send e-mails in
Outlook, and much more [Chatlatanagulchai et al., 2025; Vaddiparthy, 2025; Zhuang & Lin, 2024]. Vari-
ation in tools available for an LLM to deploy as part of the progression of the conversational context
is variation in a core feature of the LLM environment and key to assessing LLM behavior [Geng et al.,
2025].

Fourth, we can shift the context window of the conversation. The context window contains the
history of user inputs and LLM responses and are available in helping guide the output of future tokens.
The context window can be arbitrarily restricted, and is reset with each new conversation for many oft-
the-shelf LLMs. Retaining different parts of previous context, as well as different content to that context,
shape the ecological constraints the LLM navigates in its conversation.

These are just four dimensions which contribute to the ecological context of the LLM understood
here as the conversational unit. These are four dimensions ripe for intervention in assessing LLM behav-
ior across ecological variation.

4.2 LLM Behavior

How are we to understand the behavior of an LLM? Drawing on our conversational approach, LLM
behavior is comprised of its moves in the conversational context. These moves will involve response to
various affordances, textual and non-textual. We can divide LLM behavior along those lines.”

Textual behavior (broadly construed) will involve generating text in response to user inputs. We can
assess such behavior through a number of lenses. We can taxonomize textual behavior by appeal to speech-

5This conversational contention is compatible with varied accounts of the nature of the LLM with one engages qua inter-
locutor [Birch, 2025; Chalmers, n.d.].

©As Park et al. [2025] note, this “cold-start” problem leads to a number of interesting adaptive strategies on part of LLMs.

7Holtzman et al. [2025] argue that we will want to understand LLM behavior in more coarse-grained fashion than a new
behavior for each prompt. While we generally agree, we contend that different theoretical pursuits and useful lenses by which
to taxonomize LLM behavior may require such fine-grained sensitivity, insofar as this represents a meaningful variation in the
relevant ecological context. Accordingly, while we agree in broad strokes with Holtzman et al. [2025], we propose leaving the
matter somewhat less definitively settled than they seem to take it.

12



acts [Butlin & Viebahn, 2025; Williams & Bayne, 2024]; questions under discussion [Wu et al., 2023]; or
pragma-dialectics [Zhou et al., 2025] among potential frameworks. These theoretical approaches will
help assess whether an LLM offers a challenge, raises a question, or makes an assertion.’ We can assess
features of the output in ways holstered by research traditions from computational linguistics [Antoniak
et al,, 2024] to sociology [Goftman, 1981]. Each of these frameworks will prove instructive for different
theoretical approaches and interests (as we highlight below).

Non-textual behavior will occur in at least two forms. Some LLMs generate non-textual artifacts
as responses to user inputs in the conversation space. These non-textual artifacts are typically imagis-
tic. There are numerous ways to identify and taxonomize salient features of these imagistic responses
[Akter et al., 2025]. Here too, interdisciplinary treatment from research in philosophy, aesthetics, cogni-
tive science, and other disciplines will afford meaningful taxonomic criteria by which to further parse and
identify crucial LLM behavior. Non-textual LLM behavior will also involve making good on non-textual
affordances the conversational contexts engenders. As Geng et al. [2025] discuss (more on this later), one
mode of LLM behavior ripe for analysis are the kinds of tools it calls when embedded in an agentic envi-
ronment. Seeing what the LLM does and how it deploys the tools available for it to utilize will certainly
be an instructive way of assessing LLM behavior in ways that bear on Central Questions.

Importantly, these forms LLM behavior will often occur in mixed fashion. That is, LLMs can de-
scribe the kinds of tools they are calling, or the ways they are answering user inputs in “extended thinking
mode.” These textual outputs purport to represent non-textual behavior, such as which searches the
model conducts. Interestingly, such self-reports are often misleading [Turpin et al., 2023] This raises fur-
ther questions of how we might design behavioral analyses of LLMs to account for the possibility of so-
phisticated strategic behavior, behavior which changes in response to detected observation [Kovarik et al.,
2025]. Having isolated how we might determine both the ecological context in which an LLM operates
as well what constitutes relevant behavior for analysis, we turn to specific examples of how ecologically
sensitive behavioral analysis plays out in practice.

4.3 Narrativity and Confabulation

Among the most important questions to answer concerning LLM deployment is their trustworthiness
(or lack thereof). One approach to assessing LLM trustworthiness, and in particular their potential for
hallucination is by searching under the hood. As discussed in §2.1, approaches to LLM lie-detectors have
often proceeded in this direction. Does the ecological alternative we are suggesting merits attention offer
any potential path forward for as central a question as this? We think it does.

In recent work Sui, Duede, Wu, and So [2024] and Sui et al. [2026] develop an argument for the value
of LLM hallucinations. They claim that of LLM hallucinations are best understood by treating them as
a kind of confabulation. Crucially, confabulations play a important role in promoting narratively rich
output. LLM confabulation mimics human story-telling behavior, in which confabulation functions
as “a narrative impulse to schematize the information at hand into self-consistent stories, even if there
might not be enough available details to do so, in which case would result in the generation of fictional
yet plausible information” [Sui, Duede, Wu, & So, 2024, p. 3]. Confabulation helps fill in the blanks,
and keep narratives consistent and meaningful even if sufficient information for doing so veridically re-
mains outstanding. Sui, Duede, Wu, and So [2024] found that hallucinated outputs have measurably

and predictably higher narrativity.

$If need be we can treat these conversational moves as mere quasi-challenges, questions or assertions ala Chalmers [n.d.]
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These results are germane for our discussion. Here, researcherslooked at a feature of observed system-
level behavior across contexts: the narrativity of system output. They were able to connect systematically
this feature of system-level behavior to a target feature of interest: confabulation. Accordingly, searching
for more richly narrative text is one way of isolating when the system is more likely to be confabulating.

This plays out in straightforward fashion for addressing our Central Questions. One way in which we
might ascertain when LLM reports merit extra scrutiny are when we detect higher narrativity compared
to some baseline. This is, as Sui, Duede, Wu, and So [2024] suggest, a robust and powerful way of under-
standing when LLMs produce trustworthy outputs. This way of answering a core Central Question did
not require determining a truth direction in activation space. It required simply examining system-level
behavior, exposing connections between features of that behavior and features of interest.

Of course, there is much more to be said in drawing out this method and applying it to other Cen-
tral Questions. Still our moral here we think is plausible and widely shared. Ecological approaches take
seriously the idea that canonical functioning of systems of interest is always sensitive to an environment,
the ecological context in which the system operates. Focusing on behavior in an ecologically sensitive way
promises to yield genuine insight in understanding recent LLMs and developing answers to Common-
Sense Methodology.

4.4 Context Changing Beliefs

Another example of an ecologically sensitive behavioral approach concerns the effect of accumulated con-
text on LLM belief. In recent work Geng et al. [2025], show that LLMs accumulating context (reading
and conversing) leads to a shift in their stated beliefs as well as their behavior. Their strategy proceed in
three stages.

The first step was to elicit an initial belief-report from the model for some question as well as proposed
behavior on the basis of that answer. For example, LLMs were asked questions across a range of moral
dilemmas or political statements, whether or not single-use plastics should be banned and then observed
whether they would choose single-use or reusable utensils. In the second stage, LLMs accumulated rele-
vant context. Some of this was intentionally designed to test if shifts were possible, these included models
arguing opposing perspectives on the issue or models attempting to persuade the other of the alternative
viewpoint. Other context accumulation was not designed to provoke a shift, models conducted research
or read documents related to the question. In the third stage, LLMs were asked the same question and
their behavior was observed. Results indicated that LLMs underwent significant shifts in their stated
beliefs and their behavior shifted accordingly.

For our purposes what matters here is that this way of answering important Central Questions pro-
ceeded without any employment of Common-Sense Methodology, without any attempt to look “under
the hood” of these models. LLM system beliefs were operationalized according to the two following
principles:

* Stated belief: A response y to a question x regarding what the model believes, sampled from distri-

bution p(y|x).

* Behavior: Choice of action a among a set of available actions A in response to a query x, with the
action being expressed as a tool call similar to those used in agentic systems.

Of course, there is much to quibble with here. After all, stated beliefs need not represent actually
held beliefs (if any are held), and behavior can come apart from belief. We think, however, that the results
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reached by Geng et al. [2025] can be stated without any reference to genuine LLM beliefs whatsoever.
Self-reports of belief changed, as did corresponding behavior, as context accumulated. What this means
is thatin addressing some of our Central Questions concerning alignment, safe deployment, and trust, we
need to keep an eye on the amount of context that has accumulated and whether it involved intentional
attempts at persuasion or debate and the kinds of research involved. We can reach this meaningful re-
sult simply by assessing system-level behavior across environmental variation: after two forms of context
accumulation.

We take this as another example of the promise of an approach which centers LLM behavior and
is sensitive to ecological variation. Such approaches, even if not looking under the hood, can still help
address in meaningful ways our Central Questions.

4.5 Next Steps

We’ve articulated various features whose variation gives rise to variation in the LLM environment as well
as different kinds of LLM behavior to assess. How do these give rise to an experimental paradigm? Many
details here will come down to specific tools and techniques familiar from experimentation in other disci-
plines and thus beyond the scope of our analysis. Still, however, we think an important conceptual point
will be to recognize the significance of “severe testing.” A severe test for a hypothesis is one such that if the
hypothesis were false, the test would almost certainly not be passed [Mayo, 1996]. In answering Central
Questions, we will inevitably need to turn to various capabilities or characteristics of the models under
investigation. Here, a behavior-sensitive severe test will be one which stands to examine model behavior
in environments where if behavior does not indicate the manifestation or exercise of various capabilities
of interest, this indicates almost certainly that such capabilities are not present, at least in that context.
This is general, but an important moral to keep in view as behavioral analysis proceeds.

Importantly, this approach suggests that the kinds of conclusions we can draw about LLM behavior
as pertains to Central Questions will be, in an important sense, limited. We cannot, necessarily, infer
that LLM behavior in one relevant ecological context will hold steady in another. Does this threaten our
attempts to answer Central Questions? No, we think the incremental kind of progress such an approach
offers is a feature not a bug. That is, it behooves us as researchers exploring a potentially transformative
technology, to proceed with caution. This does not mean untoward skepticism or aversion to these tools.
Rather, it requires following the evidence where, and only to where, it leads. An approach to Central
Questions which centers ecologically sensitive behavioral analysis will offer more incremental progress in
some respects. This, we contend, is a welcome result and one merited both by what we see as intellectually
responsible conduct as well as appreciation of the significant practical and moral stakes of widespread
deployment.

s Conclusion

We have considered recent approaches to answering Central Questions. This Common-Sense Methodol-
ogy, uses mechanistic interpretability techniques to probe candidate representational states and identify
their canonical functions. We argued this approach falls short in important respects. Specifically, extant
techniques seem, in important instances, insensitive to ecological functioning. We sketched an alterna-
tive and ecologically sensitive behavioral approach, drawing on an important parallel in neuroscience,
and illustrated two recent instances of our suggested alternative ‘in the wild’. To assess whether LLMs
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realize important forms of shared agency, trustworthiness, etc. put them to the test. Engage with LLMs
in testing contexts which require precisely this. Observe system level behavior across environments, use
that to isolate features of interests and to design tests which help isolate further features or performance
which help address Central Questions [Freiesleben & Zezulka, 2025].

We take our proposed focus on ecologically sensitive behavioral analysis to constitute the beginnings
of an alternative research program for understanding LLMs. We are not the only ones. Weidinger et al.
[2025] articulate the need for a comprehensive science of evaluation for generative AI models. What such
a science affords, are precisely the kinds of considerations which constitute severe tests. Jackson et al.
[2025] sketch a research program of AI behavioral science, precisely that needed to help us identify core
features of system-level behavior across contexts and then use those to develop behavior-driven hypothe-
ses. The theoretical landscape is ripe, then, for an anti-reductionist alternative to understanding LLMs
and answering Central Questions. Such a research program will need to center ecologically sensitive be-
havioral analysis.
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