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ATask-Optimized Vision–Language Neural Network Produces Human-Like Linguistic Cueing
Despite Lacking Built-in Attention Mechanisms
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Motivation & PreviousWork

Srivastava et al. (2024) showed that feedforward convolutional neural networks (CNNs) exploit visual cues when

trained for a binary target detection task. E.g., Pr(Tilted Line) = 0.5, Pr(Cued Location Valid|Tilted Line) = 0.8.
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Srivastava et al. (2025) investigated the neuronal mechanisms inside the CNN that explain the emergence of the

cueing effect. Early CNN layers contain retinotopic neurons tuned separately to cue vs. target; later layers have jointly

tuned (cue & target) and location integration neurons.

However, human covert attention is not limited to visual information; language can modulate spatial attention (Barnas

et al., 2024).

We assess whether linguistic cueing behavior can emerge in artificial neural networks that combine visual and

language input—a task-optimized CNN combined with a multilayer perceptron (MLP) operating on language

embeddings—and compare these to linguistic cueing effects in humans.

Task: Determine Presence of Target Among Distractors

Audio Cue: e.g, Focus on the left

Visual Stimulus (250ms)

Typed Response (Y/N)

500ms delay

Trial Timeline

Pr(Target = 0.5) Pr(Locationi|Target = 0.25) ∀i ∈ Top, Right, Bottom, Left

Targets ∼ N (17◦, 3.5◦) Distractors ∼ N (7◦, 3.5◦) Pr(Cued Location Valid|Target) = 0.8
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Neural Network Model Architecture
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Hundreds of natural language spatial cues
from three broad categories:

• Quadrant (Top, Right, Bottom, Left)
• Cardinal (North, East, South, West)
• Clock (12, 3, 6, 9)

ReLU Nonlinearities

Y/N?

Behavioral Performance in Human Observers & Models

N = 11 humans performed 300 trials
each, mean HRvalid − HRinvalid = 0.347
N = 10 model instances, mean
HRvalid − HRinvalid = 0.223
Both very large, significant cueing

effects (effect magnitude not

significantly different between humans

and models), though humans seem to

take a strategy more consistent with

>90% cue validity while models weight

evidence more optimally

Model-projected cueing e�ects
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The models demonstrate a robust

ability to leverage entirely novel cues,

indicating that their behavior is not

limited to memorized associations from

training.

We evaluate a broad battery of cue

types and compare the magnitude of

the cueing effect across conditions. In

particular, we hold the cue itself fixed

while varying the target location (top

vs. bottom) to isolate how spatial

context modulates performance.

Large-Scale Neuron-Level Analysis in silico

Neuronal cueing effects in classifier layers
AUROCt-d, valid trials  - AUROCt-d, invalid trials

Neuronal cueing effects in classifier layers
AUROCt-d, valid trials  - AUROCt-d, invalid trials
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Untuned in conv layers
(98.5% conv_1, 97.2% conv_2, 95.5% conv_3)

All Location Target Detection
in classifier_3 (11.3%)

Exclusive Location Preference
 in text_fc_4 (37.8%)

Multi-Location Target-Cue Joint Tuning
 in classifier_1 (12.3%)

Neuron Archetypes

Proportion
of neuronal

units

...

...
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... ...

...

Untuned

Target Detection

Cue (Specific Phrasing)

Cue (General Location)

Cue-Target Integration

Location Integration

Untuned

Excitatory

Inhibitory

mean |cueing effect|
classifier_1: 0.046
classifier_2: 0.067
classifier_3: 0.081

Conclusions & FutureWork

Not only do purely visual CNNs exhibit cueing effects, but multimodal models incorporating linguistic cues do as well.

Both human observers and models exhibit highly significant cueing effects in the four-location setting.

AUROC analysis of the network reveals increased sensitivity to visual targets as processing progresses, integration of

variable text cues into location-specific semantic representations, jointly tuned neurons following the concatenation

layer, and common tuning archetypes within certain network layers.

Future work will extend the range of cues presented to human observers to investigate cue-dependent variations in

cueing effects (e.g., “Focus opposite of left”).
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