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Abstract

The primate visual system can support both object recog-
nition and geometry-based grasping from the same input,
while they impose different learning demands on the sys-
tem. E.g. recognition benefits from invariance to changes
in viewpoint and scale, whereas grasping requires sensi-
tivity to those same features. In the brain, these behaviors
are supported by two partially-segregated dorsal and ven-
tral pathways. Although these pathways have been shown
to differ in their representational properties, it remains un-
clear whether this anatomical segregation plays a role in
resolving the multi-task learning tension between these
behaviors. Here we test this using computational models,
comparing a fully shared single-pathway (SP) architecture
with an early-shared, late-segregated dual-pathway (DP)
one, alongside single-task baselines. DP matched SP on
recognition while learning grasping faster and generaliz-
ing better as distribution shifts grew. The analysis of task
gradients showed that segregation reduced recognition-
dominated interference in shared representations while
preserving early feature sharing. Partial pathway segre-
gation thus acts as an inductive bias for efficient simulta-
neous learning under competing visual demands.

Introduction

The primate visual system processes shared input
through two partially segregated pathways: a ventral
pathway supporting object recognition and a dorsal path-
way supporting visually guided action such as grasping
(Goodale & Milner, 1992; Mishkin et al., 1983; Unger-
leider & Mishkin, 1982). Both behaviors rely on object
shape but on different aspects of it (Freud et al., 2017):
recognition benefits from invariance to viewpoint, scale,
and position (DiCarlo et al., 2012; Grill-Spector & Malach,
2004), whereas grasping requires sensitivity to those
same variables (Culham et al., 2003; Murata et al., 2000).
Learning to serve both from a single input therefore poses
a computational tension the visual system must resolve.
Decades of work have characterized the functional dif-
ferences between these pathways (Shmuelof & Zohary,
2005; Ungerleider & Haxby, 1994), yet whether this
anatomical segregation itself aids learning under diverg-
ing demands remains unclear. The question cannot be
studied in the brain, where anatomy is fixed. However,

computational models grounded in neuro-anatomy let us
manipulate architecture directly during learning. Recent
work shows that training a two-pathway neural network
on separate dorsal- and ventral-aligned objectives makes
them differentially predict dorsal and ventral neural re-
sponses (Choi et al., 2023), but does not address how
pathway segregation contributes to learning behaviors
simultaneously from shared input under representational
conflict. We address this gap by jointly training single-
pathway and dual-pathway models on recognition and
grasping under matched conditions, testing whether
partial segregation improves learning efficiency and
generalization by reducing task interference.

Methods

Models and training: All models share a capacity-
matched AlexNet-style convolutional backbone (Krizhevsky
et al., 2012) and differ only after the convolutional trunk.
The dual-pathway multitask model (DP_MT) splits into
recognition and grasping branches, with each loss
updating only its branch, while both losses update the
backbone. The single-pathway multitask model (SP_MT)
routes both tasks through one shared sparse pathway,
where each layer matches the unit and connection count
of DP_MT. Single-task baselines use the same SP_MT
architecture but train on recognition or grasping, alone.
Recognition used 15-way cross-entropy; grasping used
summed MSE over population codes (20 units per output)
for center-of-mass x/y, wrist rotation, and grip aperture.
All models and runs used matched optimization (SGD;
learning rate = 0.01; momentum = 0.9; batch size = 16).

Dataset: We rendered a shape-centric dataset without
color or texture, forcing both tasks to rely on object geom-
etry: 450 3D-meshes across 15 categories (30 instances
each), generated from text prompts, and rendered in
Blender from 250 viewpoints per instance (Blender On-
line Community, 2023; Meshy Al, 2023). Each image
was paired with a category label and precision-grip tar-
gets produced by a normative grasping model, which
accurately predicts human behavior (Klein et al., 2020).

Evaluation We evaluated grasping across three in-
creasingly out-of-distribution splits: novel viewpoints (T1),
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Figure 1: (A) Grasp training efficiency and (B) post-threshold gain for DP_MT, Grasp_SP, and SP_MT across test
splits T1-T3. (C) Layer-wise update-alignment bias (recognition — grasp) for SP_MT vs. DP_MT across training
stages on test splits T1-T2. Stars denote BH-FDR-significant differences (x p < 0.05; x x p < 0.01).

novel instances within trained categories (T2), and held-
out categories (T3), using n = 7 seeds per model type.
Training efficiency (Fig. 1A) was measured as epochs
to reach a split-specific test threshold, with lower val-
ues indicating faster learning. Converged generalization
(Fig. 1B) was measured as post-threshold gain: the frac-
tion of the headroom between threshold performance and
the best converged performance achieved by any run in
that test split (0% = threshold; 100% = best converged
loss across all models and runs). Models were compared
using run-label permutation tests with BH-FDR correc-
tion. To probe mechanism, we computed recognition and
grasp gradients separately on test images and measured
how the combined multitask update aligned with each
task across layers and training stages on T1 and T2,
where recognition labels and gradients were meaningful.

Results

Training Efficiency and Generalization Recognition
learning was largely unaffected by architecture: both
DP_MT and SP_MT reached ceiling recognition accu-
racy within 25-30 epochs, matching the recognition-only
baseline, so architectural effects emerged only in grasp-
ing. DP_MT reached the grasp threshold significantly
earlier than SP_MT on every split (T1: A= —-17.4;T2:
A =-19.8; T3: A =—-21.6 epochs; all BH-FDR signifi-
cant), the gap widening with the distribution shift (Fig. 1A).
At convergence, both multitask models surpassed Gen-
grasp_SP on T1 and T2 generalization, with SP_MT
matching DP_MT—joint training thus led to better grasp
generalization for novel viewpoints and instances of
trained categories (Fig. 1B). Under the strongest shift (T3,
unseen categories), only DP_MT retained an advantage
over the baseline. Thus the SP_MT outperformed the
baseline only when tasks were more aligned (T1, T2).

Mechanism: Task Update Alignment To probe the
mechanism for the grasp learning advantages seen

in DP_MT, we measured how the combined multitask
update aligned with each task gradient across layers
and training stages (Fig. 1C). Update-alignment bias
is near zero when updates support both tasks, near
one when the update is recognition-dominated with little
grasp contribution, and above one when it conflicts with
grasp. Across models, layers, and training, updates were
strongly recognition-biased, reflecting a large gradient-
magnitude imbalance (mean 10g |Grec|/|Jgrasp| = 2.86 +
0.84). In SP_MT, shared late linear layers were almost
entirely recognition-aligned (recognition alignment ~ 1.0)
and nearly orthogonal to grasp (grasp alignment ~ 0.0),
whereas DP_MT avoided this competition by routing
grasp updates through a dedicated branch (green ovals
in Fig. 1C). Segregation also affected the earliest shared
layer: under the divergent T2 condition, SP_MT conv1
updates conflicted with grasp mid-training and at conver-
gence (bias > 1; A =~ 0.41 mid, 0.43 late, pigr < 0.005),
while DP_MT maintained more grasp aligned update <1;
no comparable difference appeared on T1. Thus, segre-
gation did not globally rebalance learning, but reduced
recognition dominance where task conflict was greatest.

Conclusions

Partial pathway segregation improved grasp learning un-
der simultaneous recognition and grasp training, acting
as an inductive bias that reduced recognition-dominated
interference while preserving the ability to exploit shared
task structure where the tasks overlapped. The ab-
sence of a recognition advantage was due to task im-
balance: recognition dominated grasping and reached
ceiling quickly, so architectural effects surfaced only in
grasping. We would expect recognition advantages in
DP_MT if grasping dominated learning, which we will ex-
amine in future analyses. More broadly, our work offers
a computational account of how dorsal-ventral organiza-
tion can support both feature sharing and specialization
when learning behaviors with divergent demands.
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