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An attention-to-thoughts model of stream of thought: Affective dynamics depends on
attentional scope

Pratyush (parya22@iitk.ac.in)1 & Narayanan Srinivasan (nsrini@iitk.ac.in)2
1,2Department of Cognitive Science, Indian Institute of Technology, Kanpur

Abstract

The stream of thought has received less empirical attention than
external cognition, with existing approaches relying on thought
probes or continuous verbal reports rather than modeling in-
ternal representational dynamics. The Attention-to-Thoughts
(Amir & Bernstein, 2022) model offers a dynamical-systems
framework in which thought trajectories emerge from moment-
to-moment interactions among lower-level components, captur-
ing several thought patterns, including those consistent with
repetitive negative thinking (RNT). However, the model uses
simplified thought representations and does not capture the
breadth of internal attentional selection: a dimension exten-
sively studied in external attention and implicated in internal
attention, too, in studies of creativity (broad) and rumination
(narrow) for instance. We extend A2T by grounding thoughts
in semantic embeddings and affective ratings, and introducing
an attentional scope parameter modulating internal selection
breadth. Simulations reveal systematic affective and dynamic
differences between thought trajectories in broad and narrow at-
tention runs. Control analyses confirm these effects arise from
model dynamics rather than embedding structure alone. This
gives us an empirically testable computational basis for under-
standing how the scope of internal attention shapes affective
experience during spontaneous thought streams.

Keywords: stream of thought; scope of attention; internal atten-
tion; semantic networks; affect dynamics; dynamics of thought

Human experience is dynamically populated by varied con-
tents, and whatever one attends to becomes the focus of the
conscious field (Watzl, 2017). This focus fluctuates over
time and may be directed outward toward perceptual input
(Corbetta & Shulman, 2002) or inward toward self-generated,
stimulus-independent representations (Andrews-Hanna et al.,
2014; Smallwood, 2013). Cognitive science has produced
detailed accounts of external attention, from early filtering
frameworks (Broadbent, 1958) to neural models of selective
processing (Desimone & Duncan, 1995), and more recently
has extended this work to internal attention over mental repre-
sentations (Chun et al., 2011; Kiyonaga & Egner, 2013). How-
ever, most such work centers on working memory selection,
with comparatively little formal treatment of attention over the
stream of thought itself, as it flows dynamically (Christoff et
al., 2016). This gap is notable because stimulus-independent
thought occupies a substantial portion of waking cognition
(Killingsworth & Gilbert, 2010) and may support functions
such as memory consolidation and goal maintenance (Mild-
ner & Tamir, 2024). Inner speech is one prominent mode of
this stream and contributes to problem solving and emotional

and self regulation (Alderson-Day & Fernyhough, 2015). In-
ternally directed cognition is not always adaptive, however.
Repetitive negative thinking is a maladaptive attentional pat-
tern implicated across mental disorders (Ehring & Watkins,
2008; Nolen-Hoeksema et al., 2008). Explaining why thought
sometimes remains flexible and sometimes becomes stuck in
negative cycles calls for dynamical models of attention to
thought. The Attention-to-Thoughts (A2T) model (Amir &
Bernstein, 2022) provides such a framework, linking internal
attention, working memory, and affect, but represents thought
content only in coarse valence terms and does not model se-
mantic structure or scope of internal selection.

Figure 1: Overview of the A2T model, adapted from Amir
and Bernstein (2022). S: stochastic effects on selection. (A)
Momentary state: path a reflects cognitive control, path c
emotional reactivity, path e cognitive reactivity. (B) Temporal
unfolding of these interactions.

Complementary theory and research has emphasized atten-
tional scope, the breadth of information available for selec-
tion. Narrowed scope has been linked to rumination (Whit-
mer & Gotlib, 2013), whereas positive emotion is associated
with broadened attentional and cognitive scope (Fredrickson,
2001). Attentional breadth is well studied in perception (Erik-
sen & St. James, 1986; LaBerge, 1983) and has been shown to
influence preference, memory, decision making, and creative
or divergent thinking (Srinivasan & Gupta, 2011; Srinivasan et
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al., 2013; Wronska et al., 2018). Without semantic relations
among thought units, however, internal attentional breadth
cannot be meaningfully implemented. We offer a realistic
extension by grounding thought representations in continuous
semantic space using word embeddings (Pennington et al.,
2014) and affective ratings from the NRC–VAD lexicon (Mo-
hammad, 2018). This enables an attentional scope parameter
( 𝑓 ) that operationalizes constricted versus free-flowing inter-
nal selection as a semantic search radius. Across in-silico
simulations, the modified model reproduces core A2T trends
and reveals additional scope-dependent effects on thought tra-
jectories. We first summarize the original A2T dynamics,
then describe the modifications and resulting observations.

The A2T model

The Attention-to-Thoughts (A2T) model (Amir & Bernstein,
2022) is a dynamical-systems framework in which momen-
tary attentional selection iteratively transacts with working-
memory contents and affect under varying external contextual
demands. Higher-order phenomena such as repetitive nega-
tive thinking (RNT) emerge from these lower-level cognitive-
affective interactions rather than requiring dedicated mecha-
nisms.

Operating at a resolution of seconds, A2T comprises four
components linked by feedback loops (Figure 1): (1) Con-
text, the degree to which the environment demands focused,
goal-directed attention; (2) Internal Attentional Selection, the
momentary probability of selecting a negative versus neutral
representation; (3) Working Memory, a buffer holding the last
five selected items; and (4) Affect, the momentary level of
negative affect.

Panel A shows how these components causally interact at
each moment. Feedforward paths include path a, where con-
textual demands attenuate affect-driven biases on selection;
path b, where selection gates entry into working memory;
and path c (emotional reactivity), the degree to which nega-
tive WM contents trigger negative affect. Feedback closes the
loop via path d, where WM contents bias subsequent selection
toward content-congruent representations, and path e (cogni-
tive reactivity), where negative affect biases selection toward
affect-congruent thoughts.

The strengths of paths c and e, parameterized by 𝑟𝑤 and
𝑟𝑎 respectively, are the only path strengths that vary between
individuals, while other path strengths are fit at the sample
level. Together these capture differences in vulnerability to
maladaptive thought patterns. A stochastic element (S) pre-
vents the system from becoming permanently locked in self-
reinforcing loops, enabling spontaneous exits from negative
spirals. Panel B shows how these interactions unfold in time:
each state at t is determined by t–1 and shapes t+1, yielding
trajectories that exhibit higher-order patterns such as RNT.

The central mechanism is the selection bias parameter 𝜏,
which sets the likelihood of selecting negative versus neutral
content at each timestep:

𝜏 =
WMcontents + (Affect × 𝑟𝑎)

2 + Context2
(1)

where WMcontents is the proportion of negative items in work-
ing memory, Affect is current negative affect, and 𝑟𝑎 (reactiv-
ity to affect) captures how strongly emotional state influences
selection. Squaring Context reflects the idea that high external
demand suppresses internal influences on attention.

Selection at each timestep is modeled using an ex-Gaussian
distribution:

𝑃(select negative) ∼ ExGaussian(𝜇, 𝜎, 𝜏) (2)
where 𝜇 is the baseline proportion of task-relevant negative
content, 𝜎 adds stochastic variability, and 𝜏 is the bias from
Equation 1. Affect is updated from current WM contents:

Affect = 𝑟𝑤 × WMrepresentation (3)
where 𝑟𝑤 (reactivity to WM contents) captures how strongly
the valence of WM thoughts influences momentary affect.
Together, 𝑟𝑎 and 𝑟𝑤 capture stable individual differences in
cognitive-affective reactivity that may predispose individuals
to RNT.

In-silico simulations of the coupled attention–WM–affect
system are run with reactivity parameters (𝑟𝑤 , 𝑟𝑎) set to
moderate values (0.25), initial selection bias at 0.5, moder-
ate initial affect, and contextual demand manipulated across
high (𝐶 = 4) and low (𝐶 = 2) regimes. Each run spans 300
timesteps; at each step, 𝜏 is computed from prior WM content,
prior affect, reactivity, and current context, and a representa-
tion is sampled via the ex-Gaussian mechanism, with trajec-
tories of selected representations, affect, and selection bias
recorded throughout. High contextual demand inflates the de-
nominator in Equation 1, dampening internal influences and
stabilizing task-focused attention; under low demand, internal
factors dominate, and once negative content enters WM, feed-
back between affect and selection bias can produce sustained
negative sequences. The resulting patterns qualitatively match
real-world observations of thought dynamics under analogous
conditions; we discuss simulation results for both the original
A2T and our modifications in the later sections.

Limitations of the model
While the A2T model captures several empirical features of
RNT, it represents thought using a binary valence distinction
(negative vs. neutral). This simplification is computation-
ally convenient but omits the graded and structured nature of
mental content. Real thoughts vary continuously in affect and
occupy a structured semantic space with associative links to
related concepts (Collins & Loftus, 1975; Kumar, 2021).

The original model also lacks a mechanism for attentional
scope during internal selection. Work on attentional breadth
shows that attention can operate in narrow or broad modes with
distinct cognitive and emotional consequences (Fredrickson,
2001; Whitmer & Gotlib, 2013). Broad scope has been linked
to remote association and creativity (Fredrickson & Brani-
gan, 2005; Mednick, 1962; Wronska et al., 2018), whereas
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rumination is associated with chronically narrowed scope that
restricts available thought content (Whitmer & Gotlib, 2013).
Without an explicit scope parameter, A2T cannot directly
model these differences in semantic exploration and perse-
veration.

Semantic grounding and attentional scope
implementation

We extend the A2T model in two main ways: (1) ground-
ing thought representations in a continuous semantic space
using word embeddings, and (2) introducing an attentional
scope parameter (in the model, represented as 𝑓 for focus)
that controls the breadth of semantic search during thought
selection.

Semantic grounding We replace binary thought represen-
tations with continuous semantic vectors and graded affective
values. Thoughts are represented as 300-dimensional GloVe
embeddings (Pennington et al., 2014), which capture distribu-
tional semantic structure, paired with continuous valence rat-
ings from the NRC–VAD lexicon (Mohammad, 2018). Each
thought 𝑡𝑖 is thus an embedding vector v𝑖 ∈ R300 with valence
score 𝑣𝑖 ∈ [−1, 1] and a derived categorical label (nega-
tive, neutral, positive). Working memory operates over these
graded representations, and momentary affect is proportional
to the mean valence of WM contents:

Affect = 𝑟𝑤 × 1
|WM|

∑︁
𝑡𝑖∈WM

𝑣𝑖 (4)

allowing affect to vary continuously rather than by binary
class. Here |WM| denotes the number of items currently in
working memory (up to 5), so the summation computes the
mean valence of WM contents.

Semantic proximity and selection Thought transitions are
driven by semantic proximity. Cosine similarity between the
current thought and each candidate is computed as:

sim(𝑡current, 𝑡 𝑗 ) =
vcurrent · v 𝑗

∥vcurrent∥∥v 𝑗 ∥
(5)

and candidates are ranked by similarity, with selection proba-
bilities derived from this ordering to capture associative move-
ment through semantic memory.

Attentional scope The attentional scope parameter 𝑓 con-
trols how broadly the model samples from the similarity-
ranked candidates, via rank-based weights:

𝑤𝑖 = exp
(
− rank𝑖
𝐵 + 𝑓

)
(6)

where rank𝑖 is similarity rank and 𝐵 is a base width. Small
𝑓 yields steep decay (narrow scope, local transitions); large 𝑓

yields flatter decay (broad scope, distant transitions).

Combined selection mechanism As in the original A2T
model, semantic selection is combined with valence bias.
A semantic distribution 𝑝semantic (from scope-weighted sim-
ilarity) and a negative-valence distribution 𝑝neg are linearly
mixed:

𝑝final = (1 − 𝜏) 𝑝semantic + 𝜏 𝑝neg (7)

where 𝜏 is the internally computed selection bias. This pre-
serves the original affect-driven biasing mechanism while
constraining transitions by semantic structure and attentional
scope.

In-silico observations

Figure 2: Selection and affect trajectories across original and
extended models, all single 300-step runs. Top: reproduced
from Amir and Bernstein (2022), Figure 6 (50% negative task-
related content, low contextual demand); ticks in the upper
trace mark negative selections, lower trace tracks momentary
negative affect. Middle and bottom: corresponding trajecto-
ries from our semantically grounded extension under broad
( 𝑓 = 100) and narrow ( 𝑓 = 1) attentional scope, with all
other parameters matched to the original. Clustered negative
selections coincide with elevated negative affect across all
three panels; this qualitative correspondence held for every
trajectory pattern reported in the original paper, with broad
and narrow runs differing from each other in degree but not
in overall pattern.
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The extended model simulates thought trajectories under
broad and narrow attentional scope by varying 𝑓 while hold-
ing all other parameters fixed. This lets us test whether the
modified model reproduces the main qualitative trends of the
original A2T framework, and identify additional effects that
emerge once attentional scope is explicitly modeled, particu-
larly in semantic traversal and affective evolution. We quantify
trajectories using: (1) the number of consecutive negative-
thought runs above a threshold (e.g., 𝑛 ≥ 5), (2) the total
length of such runs within a trajectory, and (3) mean affect at
the end of each simulation, computed across batches of runs
under broad and narrow scope.

Figure 3: Moment-by-moment valence trajectories from sin-
gle 300-step runs under broad ( 𝑓 = 100, top) and narrow
( 𝑓 = 1, bottom) attentional scope, with all other parameters
fixed and identical neutral seed content. Each dot marks the
valence (negative, neutral, positive) of the selected represen-
tation; red bars highlight RNT-like episodes (≥ 5 consecutive
negative selections). Narrow-scope runs show visibly longer
and more frequent red bars.

Replication of original A2T trends
To verify that the extended model preserves the core dynam-
ical behavior of A2T, we first ran simulations matching the
original parameter settings: contextual demand varied across
high (𝐶 = 4) and low (𝐶 = 2), reactivity parameters at mod-
erate magnitude (≈ 0.25), and moderate initial attention and
affect. Stochastic selection noise was retained so bias affected
probabilities rather than deterministically fixing outcomes. As
shown in Figure 2, the original and modified (broad and nar-
row) simulations all display clustered negative selections with
corresponding negative affect trajectories. These are single
300-step runs shown as representative examples. We repli-
cated all reported trends from the original paper under both

broad ( 𝑓 = 100) and narrow ( 𝑓 = 1) scope, and found that
while the overall qualitative character replicated, there was a
marked difference in simulated trajectories that unfold in the
two attention conditions.

New observations enabled by attentional scope
To assess the impact of attentional scope, we ran simulation
batches under identical settings while varying only 𝑓 , care-
fully comparing narrow ( 𝑓 = 1) and broad ( 𝑓 = 100) condi-
tions. Both conditions are initialized with neutral seed con-
tent, after which trajectories evolve via the model equations
described earlier, with selection probabilities jointly shaped
by semantic proximity and affective bias. Single represen-
tative runs (Figure 3) already show the divergence: under
narrow scope, trajectories settle into extended clusters of neg-
atively valenced selections, producing longer and more fre-
quent negative runs; under broad scope, trajectories explore
wider semantic neighborhoods, yielding shorter negative seg-
ments and more frequent transitions out of negative regions.

Figure 4: Aggregate effects of attentional scope across
𝑁 = 100 runs per condition. Top: average total length of
consecutive negative runs (length ≥ 5) by scope ( 𝑓 = 1 vs.
𝑓 = 100) and valence category. Bottom: mean affect at sim-
ulation end. Error bars: SE across simulations.

These patterns are sustained across runs rather than arising
from single-trajectory variability. Narrow scope yields more
negative runs overall, substantially longer total time in nega-
tive runs, and more negative mean affect; broad scope shows
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the opposite. Since all other parameters are held constant,
attentional scope is isolated as the primary driver of these dif-
ferences, and the convergence of multiple summary measures
suggests the effect is robust at the trajectory level rather than
tied to any single metric.

The aggregate statistics in Table 1 confirm that these pat-
terns are sustained across runs rather than arising from single-
trajectory variability. Narrow scope yields more negative runs
overall, substantially longer total time in negative runs, and
more negative mean affect; broad scope shows the opposite.
Since all other parameters are held constant, attentional scope
is isolated as the primary driver of these differences, and the
convergence of multiple summary measures suggests the ef-
fect is robust at the trajectory level rather than tied to any
single metric.

Table 1: Effects of attentional scope on thought dynamics

Metric Narrow 𝑀 Narrow 𝑆𝐷 Broad 𝑀 Broad 𝑆𝐷

Number of negative runs 11.18 2.37 7.78 2.17
Total length of negative runs 151.92 33.34 58.86 18.59
Mean affect -0.39 0.10 -0.10 0.06
Affect variance 0.21 0.03 0.17 0.03
Escapes from negative runs 34.92 6.93 47.98 5.02

Note. 𝑁 = 100 simulations per condition, 300 timesteps each.
Narrow: 𝑓 = 1; Broad: 𝑓 = 100. Negative runs defined as ≥ 5

consecutive negative thoughts.

Figure 4 plots these differences, particularly total length of
consecutive negative runs and mean terminal affect, averaged
over 100 simulations. This suggests the two scope regimes
differ not only in how often repetitive negative runs arise but
also in how they are exited. To examine this directly, we ana-
lyzed exit strategies, measuring whether attention transitions
to neutral or positive content when a negative run breaks.

Figure 5: Proportion of RNT episode terminations by exit
type under narrow ( 𝑓 = 1) and broad ( 𝑓 = 100) attentional
scope.

Exit patterns also vary by scope (Figure 5). Narrow scope
yields more exits to neutral (56.0%) than positive (44.0%)
thoughts; broad scope reverses this, with more exits to posi-
tive (63.3%) than neutral (36.7%). Thus broad scope produces
not only fewer and shorter negative clusters but also more af-
fectively favorable exits. Since the NRC–VAD lexicon also
provides arousal ratings, we examined arousal within nega-
tive runs. Consistent with dimensional affect models (Barrett
& Russell, 1999; Russell, 1980; Watson & Tellegen, 1985),
negative states vary in arousal from low to high; mean arousal
during negative runs was higher under narrow than broad
scope (narrow: 𝑀 = 0.17, 𝑆𝐷 = 0.34; broad: 𝑀 = 0.05,
𝑆𝐷 = 0.32), with narrow-scope runs more often in the high-
arousal range (Figure 6).

Figure 6: Mean arousal during negative thought runs (≥ 5 con-
secutive negative selections) under narrow and broad atten-
tional scope. Reference lines indicate low- and high-arousal
thresholds; narrow scope shows higher arousal within nega-
tive runs.

The arousal asymmetry warrants brief comment, since it
is less mechanically transparent than the run-length and exit-
direction effects. Under narrow scope, transitions remain in
tight semantic neighborhoods of the current item, so once se-
lection enters a negatively valenced region, successive items
tend to share both valence and arousal with their predecessors.
High-arousal negative content (e.g., anxious, panicked, wor-
ried) clusters with semantically similar high-arousal terms,
producing self-reinforcing loops that resemble the worry-type
rumination characteristic of anxious states (Ehring & Watkins,
2008; Nolen-Hoeksema et al., 2008). Under broad scope,
transitions sample more distant neighbors, which dilutes such
fine-grained arousal congruence: a negative selection is more
likely to be followed by a low-arousal negative item (e.g.,
sad, hopeless) or a non-negative one entirely. The result is
that broad-scope negative runs, when they occur, drift toward
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the lower-arousal, depressive corner of valence–arousal space,
while narrow-scope runs concentrate in the high-arousal, anx-
ious corner. This simulated patterns broadly represents the
trends observed in literature overall, but it still needs empiri-
cal testing for the pattern to be established more solidly. Re-
gardless, preliminarily, these patterns suggest that attentional
scope may differentiate not only whether repetitive negative
thinking occurs but also which form it takes, a distinction long
noted clinically between anxious rumination and depressive
rumination (Whitmer & Gotlib, 2013).

These differences could in principle reflect affective cluster-
ing in the embedding space rather than model dynamics. To
separate representational from dynamical effects, we first ran
a database-level 𝑘-nearest-neighbor affect covariance analy-
sis, which showed a strong correlation between each word’s
affect and that of its neighbors (𝑟 ≈ 0.7), confirming substan-
tial affective structure in the embeddings (as expected). As
a control, we then ran pure semantic walks without A2T dy-
namics under narrow and broad scope sampling. Unlike the
full model, these walks produced similar valence trajectories
across scope conditions and did not show strong differences
in negative clustering (Figure 7). This supports the conclu-
sion that the observed effects arise from attentional–affective
dynamics rather than embedding structure alone.

Figure 7: Pure semantic walks without A2T dynamics yield
similar valence trajectories across attentional scope condi-
tions.

Discussion and conclusion
The present framework is a representational and theoretical
model: it simulates how lower-level components, attention,
working memory, semantic structure, and affect, interact to
produce higher-order patterns in the stream of thought. The
immediate aim with such models is not to fit data but to
specify a mechanism whose dynamics can be examined and
whose simulations can replicate real-world patterns. Across
our simulations, broad scope supports shorter and less fre-
quent negative runs, more positive exit transitions, and less
negative affective endpoints; narrow scope produces longer
clusters, more constrained transitions, and higher-arousal con-
tent within those clusters.

Taking the framework further requires moving from qual-
itative alignment to quantitative validation, and several ex-
perimental designs could support this. The most direct test
would manipulate internal attentional scope itself, rather than
inferring it from external task demand. One design could
induce narrow versus broad internal selection by instructing
participants to either dwell on a single seed concept (narrow)
or freely associate outward from it (broad) for fixed dura-
tions, with periodic probes capturing the content, valence,
and arousal of recent thought. Because both conditions hold
external context constant and vary only the breadth of internal
sampling, any resulting differences in run lengths and other
metrics that were tracked in the simulations can be attributed
to scope rather than to differential task engagement; on the
model’s account, the dwell condition should produce longer
same-valence runs and higher-arousal negative content, with
the free-association condition showing the inverse. A second
design could use day-long experience sampling to support pa-
rameter recovery, fitting 𝑓 , 𝑟𝑤 , and 𝑟𝑎 per participant and test-
ing whether recovered values track the desired trait measures.
A third, more targeted design could test the arousal asymme-
try directly: contrasting clinically anxious and depressive pre-
sentations would check whether scope alone, without external
manipulation, shifts self-generated content along the arousal
dimension. Beyond these, the framework admits theoretical
extensions worth pursuing. Adding explicit goal representa-
tions would let the model address how goal pressure shapes se-
lection. Allowing 𝑓 to fluctuate within an episode rather than
remaining fixed would test whether scope is itself a dynamical
variable, perhaps modulated by affect or fatigue. Adding self-
referential weighting could examine how self-related content
biases trajectories, a known feature of depressive rumination
that the current model does not represent.

In the current form, the framework remains theoretical and
heuristic, inheriting most of A2T’s assumptions, with equa-
tions chosen for psychological plausibility rather than esti-
mated from data. In doing so, the modified model borrows
the limitations of the original model without questioning them.
Such heuristics-based models, while helpful for preliminary
theoretical work, often are limited in direct interpretability and
is the principal reason the experimental program above mat-
ters. Even so, the semantically grounded extension generates
a diverse range of thought dynamics that mirror patterns from
the literature, and brings the notion of internal attentional
scope, long studied in perception but rarely in spontaneous
thought, into formal contact with affective dynamics. Taken
on face value, these results suggest that introducing semantic
structure and attentional scope into the A2T framework pro-
vides a computationally tractable and useful basis, with po-
tential scope for rigorous empirical testing, for understanding
internally directed cognition, the trajectories it follows, and
the affective experiences it produces. More broadly, treat-
ing scope as a control parameter opens a path toward formal
models where meaningful distinctions in thought trajectories
emerge from a few lower-level mechanisms and interactions.
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