
Tiny visual latencies can profoundly 
impair implicit sensorimotor 
learning
Alkis M. Hadjiosif1,2, Y. Dajaj1, Tanvi Ranjan1 & Maurice A. Smith1

Short sub-100 ms visual feedback latencies are common in many types of human-computer 
interactions yet are known to markedly reduce performance in a wide variety of motor tasks from 
simple pointing to operating surgical robotics. It remains unclear, however, whether these latencies 
impair not only skilled motor performance but also the implicit sensorimotor learning that underlies 
its acquisition. Inspired by neurophysiological findings showing that cerebellar LTD and cortical LTP 
would both be disrupted by sub-100 ms latencies, we hypothesized that implicit sensorimotor learning 
may be particularly sensitive to these short latencies. Remarkably, we find that improving latency 
by just 60 ms, from 85 to 25 ms in continuous-feedback experiments, increases implicit learning by 
50% and proportionally decreases explicit learning. This resulted in a dramatic reorganization of 
sensorimotor memory from a 45/55 to a 70/30 implicit/explicit ratio. This 70/30 ratio is more than 
double that observed in any previous study examining the effect of latency on sensorimotor learning, 
including a recent study which provided time-advanced visual feedback, suggesting that the low-
latency continuous visual feedback we provided is critical for efficiently driving implicit learning. We go 
on to show that implicit sensorimotor learning is considerably more sensitive to latencies in the sub-
100 ms range than to higher latencies, in line with the latency-specific neural plasticity that has been 
observed. This suggests a clear benefit for latency reduction in computer-based training that involves 
implicit sensorimotor learning and that across-study differences in computer-based experiments 
that have examined implicit sensorimotor learning might be explained by differences in unmeasured 
feedback latencies.

Visual feedback latencies are an inherent component of human-computer interactions that rely on continuous 
task feedback, from everyday computer mouse use1 to sophisticated virtual and augmented reality systems used 
for skill training in tasks like the operation of surgical robotic systems2,3, rehabilitation4, and flight simulators5. 
While these latencies due to delayed system response times are commonly short (< 100 ms) – a level at which 
they are often not perceived6– research has shown that even sub-100 ms feedback latencies can markedly reduce 
motor performance in tasks such as reaching, tracking, steering, and collaborative control7–12.

These latencies are common in experiments that measure sensorimotor learning. Reliable reports range from 
a relatively low 36 ms13 to 60–80 ms14–16 to 145 ms17. However, latencies are unfortunately seldom measured, 
and values near or above 100 ms are likely not uncommon based on personal communications with colleagues. 
Latency values above 100 ms are not surprising given that many experimental setups use video projectors for 
visual feedback, and older projectors commonly inject display latencies on the order of 100 ms18, that would add 
to latencies from sensor input, computer processing, and graphics output to the display device especially when 
common double-buffering schemes are used for graphics. The existence of these latencies raises the questions 
of whether experimental setups may often impair the very sensorimotor learning processes they try to measure, 
and whether between-setup differences in latency complicate the comparison of findings across different labs.

While the effect of visual feedback latency on sensorimotor learning has been the subject of multiple 
studies13–15,17,19–31, only a fraction13–15,17,19 reliably measured the baseline latency upon which additional 
experimentally-imposed delays were administered. Therefore, remarkably, both the actual latency of the 
experimental conditions and of the reference conditions to which they were compared were unknown in most 
studies of visual feedback latency to date. This is especially problematic for studies examining short sub-100 ms 
delays20,22,23, but might not be a critical concern for studies that tested the effects of long experimentally-imposed 
delays ≥ 1000 ms27–31 or even those with delays ≥ 200 ms21,24–26, which are likely, in retrospect, to be well above 
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the baseline latency, although we cannot be certain. Two long-delay studies dissected learning into implicit and 
explicit contributions and consistently found both decreased implicit and increased explicit learning following 
added delays of 200 ms or greater13,15. But with no data at shorter delays, we cannot know whether these findings 
might apply to the sub-100 ms latency range common in human-computer interactions including experiments 
for studying sensorimotor learning. This is especially the case because the few studies that examined small 
delays that might correspond to sub-100 ms latencies (1) reported conflicting results, (2) failed, in all but one 
case, to measure actual latencies, so that the studied latencies were not known, and (3) did not dissect learning 
into implicit and explicit contributions19,20,22,23. Two, including the only one to measure latencies19, reported 
that sensorimotor learning was not affected by added delays of up to 60 ms19,20 whereas the other two, one of 
which was based only on data from a single animal, reported reduced learning for 50 ms of added delay without 
measuring the actual latency22,23. It is therefore unclear how sub-100 ms latencies, typical of human-computer 
interactions and motor learning experiments, might affect sensorimotor learning. If these small latencies can 
have large effects on sensorimotor learning, then experiment-to-experiment variability in latency within the 
sub-100 ms range or just above it might explain the wide discordance in the amount of implicit or explicit motor 
adaptation observed. For example, even for studies using the same error-clamp paradigm to isolate implicit 
adaptation, the capacity for implicit visuomotor adaptation has been reported to be as low as 12° and as high as 
25°, a greater than 2-fold difference32–34.

Moreover, evidence from neurophysiology suggests that latencies as small as 20 ms can disrupt the neural 
plasticity that may underlie implicit sensorimotor learning. Both the spike timing-dependent plasticity (STDP) 
that mediates LTP in cortical neurons and the neural plasticity that mediates LTD in cerebellar Purkinje cells 
are governed by precisely-timed coincident input, with plasticity windows on the order of 20 ms35–40. This leads 
to two possibilities regarding the effect of short latencies upon implicit sensorimotor learning. If sensorimotor 
learning relies on neurons tuned to a specific physiological latency associated with sensory input, then it should 
be exquisitely sensitive to short latencies. Alternatively, if sensorimotor learning could instead rely on one of 
several subpopulations of neurons tuned to a broad range of different preferred latencies, then it could be robust 
against changes in latencies provided they are within the distribution of these preferred latencies – which, for 
cerebellar Purkinje cells, is up to 150 ms wide40. Previous work cannot distinguish between these two possibilities, 
as results are only consistent for delays ≥200 ms13–15,21,24–31 corresponding to latencies well above 200 ms, which 
lie beyond both the narrow tuning of individual cells and the width of the distribution of preferred latencies, thus 
predicting impaired learning in both cases.

To disambiguate between these two possibilities, we examined visuomotor learning with a short, 85 ms visual 
feedback latency, comparing it against the 25 ms optimized latency of our setup and a larger 300 ms latency, 
as a long-latency reference. Using an aim report paradigm15,41, we dissected the learning measured on every 
training trial into implicit and explicit components, and found that implicit learning increased by a remarkable 
50% when latency improved by just 60 ms, from 85 to 25 ms, whereas, explicit learning, by contrast, decreased. 
This dramatically altered the balance between implicit and explicit adaptation from a 45/55 to a 70/30 implicit/
explicit ratio, double that observed in any previous study examining the effect of latency on sensorimotor 
learning13,15,17. Surprisingly, we also found that the sensitivity of implicit learning to sub-100 ms latencies was 
5–10 fold greater than for higher latencies. These findings support the idea that implicit sensorimotor adaptation 
relies on neuronal populations narrowly tuned around a specific latency. The exquisite sensitivity of sensorimotor 
learning to sub-100 ms latencies that we uncover may explain across-study differences in the amount of implicit 
adaptation that can be attained.

Results
We examined the effect of short sub-100 ms visual feedback latencies on sensorimotor learning by measuring 
the learning curves for both implicit and explicit components of the adaptive response following exposure 
to a 30-degree visuomotor rotation (VMR) at different visual feedback latencies. Secondarily, we examined 
subsequent extended learning following a block of no-feedback movements and measured the generalization of 
adaptive responses across different movement directions to provide additional insight into implicit and explicit 
learning. We studied three latency conditions: 25 ms, 85 ms, and 300 ms. 25 ms, measured with high-speed 
video, was the lowest visual feedback latency we could achieve following optimization of the experimental 
setup (see Methods) and thus served as our low-latency reference. To this reference, we added 60 ms (a short 
additional latency) and 275 ms (a longer additional latency similar to values tested in previous work13,14,21,24,25, 
used as a long-latency reference) in software to implement the 85 and 300 ms latency conditions, respectively 
(Fig. 1c,d), in order to investigate how sensorimotor learning is altered by sub-100 ms vs. longer latencies. In 
brief, participants (n = 42) performed point-to-point reaching movements on a digitizing tablet, while receiving 
visual feedback in the form of an onscreen cursor that continuously tracked hand motion. The cursor was 
displayed on a computer monitor that was updated at 120  Hz and positioned horizontally above the tablet 
(Fig. 1a). After a short task familiarization period where visual feedback was presented at a 25 ms latency, the 
latency was set with equal probability to 25 ms, 85 ms, or 300 ms for a 100-trial baseline period and subsequent 
120-trial VMR training period, where participants moved in a single target direction while a fixed clockwise 
(CW) or counterclockwise. (CCW) 30° VMR (counterbalanced – see Methods) was applied. They then 
performed a generalization block of 114 trials across 19 different directions where visual feedback was withheld, 
followed by 60 extended training trials where visual feedback was provided with the same latency and the same 
VMR as in the 120-trial training period. This extended training block was followed by a second 114-trial no-
feedback generalization block, and finally by a zero-rotation washout block of 25 trials where the latency was 
maintained, but the VMR was removed, to complete the superset. Participants then performed another superset 
of baseline, training, generalization, and washout blocks, but with a different visual feedback latency, a different 
target direction, and an oppositely signed VMR during training. The combination of the VMR inversion and the 
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±120° target direction change successfully minimized carryover effects from the previous superset. In particular, 
amplitude of the difference between the baseline movement biases in the pre-training period at the beginning 
of supersets preceded by CW vs. CCW VMR training was < 0.2° for the overall movement direction and also 
for implicit and explicit contributions to it, and not significantly different from zero (t < 0.4 and p > 0.7 in all 3 
cases). Moreover, visual latency, target directions, VMR directions, and test order were independently balanced 
across participants within each experiment, so that any systematic effect of target direction, VMR direction or 
test order would be independent of the latency condition (see Methods). Experiments 1a (n = 24) and 1b (n = 18) 
were identical except that the target directions differed and participants were studied at two vs. three latencies, 
respectively, i.e. each participant performed two vs. three supersets of baseline/training/washout.

Implicit sensorimotor adaptation increases and explicit strategy decreases when latency is 
reduced
Inspection of the learning curves for overall adaptation (shades of purple in Fig.  2a) reveals them to be 
remarkably similar in both shape and amplitude across all three tested latency conditions. Correspondingly, 
when we quantified overall sensorimotor adaptation by computing its asymptotic level in the training block 
(operationally defined as the average adaptation over the last 20 trials of the 120-trial training period, excluding 
trials following rest breaks, see the grey “Late learning” regions indicated in Fig. 2a–c), we found essentially 
identical overall adaptation levels for all three latency conditions (25 ms: 29.5 ± 0.4°, 85 ms: 28.8 ± 0.4°, 300 ms: 
29.0 ± 0.5° [mean ± SEM], see Fig.  2d). Correspondingly, an ANOVA examining the effects of latency, test 
order, and VMR direction revealed no main effect of latency nor interactions between latency and the other 
variables, indicating that latency had little effect on overall adaptation. It also found no effect of test order 
or VMR direction or an interaction between the two (See Supplementary Table S1). However, decomposing 

Fig. 1.  Visual latency in a reaching task. (a) Participants made point-to-point reaching movements on a 
digitizing tablet while a cursor provided visual feedback on a horizontal screen positioned above the hand. 
Any latency in the visual display will make the cursor lag behind true hand motion. (b) Visuomotor rotation 
(VMR) with aiming paradigm. Users indicated their aim strategy before each movement by positioning an on-
screen marker (green), allowing us to dissect total learning into explicit strategy vs. implicit components (the 
angle between the aiming marker and target in red vs. the angle between the hand motion and aiming marker 
in blue). (c)The overall visual latency in our experiments consisted of a base system latency that was optimized 
down to a 25 ms value that combined with experimentally-imposed delays of 0, 60 or 275 ms to yield latencies 
of 25, 85 or 300 ms. (d) Comparison the hand-cursor discrepancy induced by a 25 vs. 85 vs. 300 ms latency is 
in terms of velocity in target direction (left column) and distance traveled in target direction (right column). 
The black curves indicate the average hand velocity and distance profiles for each latency condition. The 
colored curves indicate the corresponding velocity and distance profiles for cursor motion. Note that because 
movement durations were rapid with durations of about only 300 ms, the shifts produced by these latencies led 
to large changes in the velocity and position profiles between cursor motion and hand motion.
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adaptation into implicit and explicit components using aim reports41,42 (Fig. 1b, see Methods) revealed large 
opposing effects for implicit vs. explicit sensorimotor adaptation. An ANOVA on implicit adaptation revealed 
no main effects of test order or VMR direction, or interaction between them, but a clear main effect of latency 
(F(2,87) = 13.0, p = 0.000012), with no interactions between latency and either test order or VMR direction. 
Likewise, an ANOVA on explicit adaptation revealed no main effects of test order or VMR direction, or 
interaction between them, but a clear effect of latency (F(2,87) = 12.4, p = 0.000018), also with no interactions 
between latency and either test order or VMR direction. When we looked at implicit adaptation across the three 
latency conditions, we found it to be weakest in the 300 ms condition, but it grew stronger as the latency of visual 
feedback decreased to 85 and then 25 ms (shades of blue in Fig. 2b). In contrast, explicit adaptation was strongest 
in the 300 ms condition but grew weaker as the latency of visual feedback decreased (shades of red in Fig. 2c). 
Implicit adaptation was a remarkable 50% higher when latency was 25 ms compared to 85 ms (20.4 ± 1.3° vs. 
13.8 ± 1.4°, respectively, t(66) = 3.4, p = 0.00049) and twice as high compared to the 300 ms condition (20.4 ± 1.3° 
vs. 10.8 ± 1.6°, t(65) = 4.7, p = 7.2 × 10− 6). In contrast, explicit adaptation was 40% lower when latency was 25 ms 
compared to 85 ms (9.1 ± 1.3° vs. 15.0 ± 1.5°, respectively, t(66) = 3.0 p = 0.0022) and 50% lower compared to the 
300 ms condition (9.1 ± 1.3° vs. 18.4 ± 1.4°, t(65) = 4.9, p = 3.2 × 10− 6).

A subsequent 60-trial extended training block within each superset, with a target direction, VMR, and latency 
that were all identical to the 120-trial training block, was separated from that training block by 114 no-feedback 
trials in different target directions (these trials were used to measure directional generalization - see Methods 

Fig. 2.  Small reductions in latency improve implicit and decrease explicit learning. (a–c) Learning curves for 
(a) overall, (b) implicit, and (c) explicit adaptation for the three latency conditions studied shows increasing 
implicit and decreasing explicit learning as latency is reduced, with overall learning largely unaffected by 
latency. The gray rectangle indicates the late learning period analyzed in panel d. Vertical dashed lines indicate 
trials following 60s breaks. These trials were excluded from the main analysis and hence not shown here, but 
are examined in Figure S3 in the supplementary materials. (d) Late learning vs. latency. While overall learning 
is largely unaffected by latency, implicit learning is increased by 50% when latency is reduced from 85 to 25 ms 
and doubled when latency is reduced from 300 to 25 ms. In contrast, explicit learning is reduced by 40% 
when latency is reduced from 85 to 25 ms and by 50% from 300 to 25 ms. (e) Sensitivity of implicit learning to 
changes in latency. This sensitivity, the rate at which implicit learning increases per unit of latency decrease, is 
nominally 5-fold higher across the sub-100 ms latency interval between 25 and 85 ms compared to the interval 
between 85 and 300 ms. Shading and error bars indicate ± SEM; note that error bars for overall learning in 
panel (d) are shown in white for visibility, as they would be occluded by the circle symbols otherwise.
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and the generalization analysis section later in the Results). This extended training block provides information 
about the effects of extended learning, as 50% more training was added to the initial training block. Analysis 
of sensorimotor learning in this block mirrors the findings from the first training block presented above. As 
before, we averaged data from the final 20 trials of the block to assess the asymptotic adaptation levels for overall, 
implicit, and explicit adaptation. An ANOVA on overall adaptation again revealed no main effect of latency nor 
interactions between latency and the other either test order or VMR direction. Moreover, there was no effect 
of test order or VMR direction or an interaction between the two (See Supplementary Table S1). In contrast, 
an ANOVA on implicit adaptation revealed no main effects of test order or VMR direction, or interaction 
between them, but a clear effect of latency (F(2,87) = 8.6, p = 0.00038), with no interactions between latency 
and either test order or VMR direction. And, an ANOVA on explicit adaptation revealed no main effects of test 
order or VMR direction, or interaction between them, but a clear effect of latency (F(2,87) = 8.2, p = 0.00055), 
with no interactions between latency and either test order or VMR direction. In line with the training block 
data above, we again observed little difference in overall adaptation between latency conditions (Fig. 3a,d), but 
found pronounced increases in implicit adaptation (Fig. 3b,d) and decreases in explicit adaptation (Fig. 3c,d) 
as latency was reduced. Implicit adaptation was in this case 60% higher when latency was 25  ms compared 
to 85 ms (19.9 ± 1.3° vs. 12.4 ± 1.7°, respectively, t(66) = 3.5, p = 0.00036) and again nearly double compared to 
the 300 ms condition (19.9 ± 1.3° vs. 11.2 ± 1.7°, t(65) = 4.0, p = 7.2 × 10− 5). In contrast, explicit adaptation was 
again 40% lower when latency was 25 ms compared to 85 ms (9.8 ± 1.4° vs. 16.6 ± 1.7°, respectively, t(66) = 3.1, 
p = 0.0015) and 50% lower compared to the 300 ms condition (9.8 ± 1.4° vs. 18.5 ± 1.4°, t(65) = 4.3, p = 2.7 × 10− 5). 
Together these findings provide evidence for a dramatic increase in implicit sensorimotor learning alongside 
complementary decreases in explicit strategy arising from a small 60  ms reduction in the latency of visual 
feedback in the sub-100 ms range.

Fig. 3.  Extended learning data. (a–d) Same as Fig. 2a–d but for the 60-trial extended learning period. (e) 
Sensitivity of late implicit learning to changes in latency. The left pair of bars compares sensitivities across the 
25–85 ms interval vs. 85–300 ms intervals for the extended learning data. The right pair shows this comparison 
for the combined learning and extended learning data. In both cases, the sub-100 ms interval displays 
markedly higher sensitivity of implicit learning to changes in latency than the longer latency interval. As in 
Fig. 2, post-break trials are not shown here, but are examined in Figure S3 in the supplementary materials. 
Shading and error bars indicate ± SEM.
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The sensitivity of implicit sensorimotor adaptation to latency markedly increases at low 
visual feedback latencies
These findings reveal that short, sub-100 ms visual feedback latencies can not only markedly reduce implicit 
adaptation, but also have a disproportionately larger effect than the higher latencies previously studied. In 
particular, training period data show that the 60 ms decrease in latency from 85 to 25 ms results in roughly 
double the improvement in implicit sensorimotor adaptation than the 3-fold greater 215 ms decrease in latency 
from 300 to 85 ms (6.6 ± 1.9° vs. 3.1 ± 2.2°). This results in a sensitivity of adaptation per unit latency reduction 
that is nominally 7-fold greater for the 25–85 ms interval compared to the 85–300 ms interval (1.09 ± 0.32° vs. 
0.14 ± 0.10° of adaptation per 10 ms of added latency, respectively (Fig. 2e)). Data from the 60-trial extended 
training block that followed the first generalization block, mirror the training block findings. In this case, they 
show that the 60  ms decrease in latency from 85  ms to 25  ms results in triple the improvement in implicit 
sensorimotor adaptation than the 215 ms decrease in latency from 300 ms to 85 ms (7.5 ± 2.1° vs. 1.2 ± 2.4°). This 
results in a sensitivity that is nominally 20-fold greater over the 25–85 ms interval compared to the 85–300 ms 
interval (1.26 ± 0.35° vs. 0.06 ± 0.11° of adaptation per 10 ms of added latency, respectively (Fig. 3e)). Combining 
these training block and extended trainiing block data to obtain the most accurate comparison of the sensitivity 
between adaptation and latency, reveals a sensitivity of 1.18 ± 0.32°/10 ms on the 25–85 ms interval compared 
to 0.10 ± 0.10°/10 ms on the 85–300 ms interval (F(1,98) = 7.5, p = 0.0074, Fig. 3e). The marked contrast between 
these intervals underscores the exceptional sensitivity of implicit adaptation to short visual feedback latencies. 
Our results demonstrate that, as latency is reduced, this sensitivity increases in a rapidly accelerating non-linear 
trajectory. If this trajectory were to be maintained for latency reductions beyond 25  ms, substantial further 
improvement in implicit learning might be attained for latency improvements exceeding what we were able to 
achieve (see Methods).

Effects of latency on movement speed
Within the same analysis window, an ANOVA found no effect of latency on peak movement speed across the 
three latency conditions (25  ms condition: 51.4 ± 1.4  cm/s [mean ± SEM]; 85  ms condition: 48.6 ± 1.9  cm/s; 
300 ms condition: 47.5 ± 2.8 cm/s, F(2,98) = 0.9, p = 0.40). A similar analysis found an effect of latency on the 
time it took participants to reach peak speed (25 ms condition: 145 ± 4 ms; 85 ms condition: 156 ± 6 ms; 300 ms 
condition: 168 ± 7  ms, F(2,98) = 3.9, p = 0.024). Post-hoc 2-tailed comparisons found significant differences 
between the 25 and the 300 ms conditions (p = 0.0051) but not between the 25 and 85 ms conditions (p = 0.14) or 
the 85 ms and 300 ms conditions (p = 0.20). These findings are illustrated in Fig. S1.

Visual feedback latencies affect how both implicit and explicit adaptation generalize to 
different movement directions
We proceeded to investigate how visual feedback latencies might affect the generalization of adaptation to 
different movement directions, as this may provide evidence about its underlying neural representation43–46. 
During generalization blocks performed after both the training and extended training periods, participants 
reached to targets in 19 different movement directions in the absence of visual feedback (−135° to 135° relative 
to training, spaced 15° apart in a pseudorandom order, Fig.  4a). The overall across-direction generalization 
patterns that we observed (shades of purple in Fig. 4b) have shapes that resemble the combination of a hump-
shaped component and a fixed vertical offset that correspond, respectively, to locally-generalizing and globally-
generalizing contributions46,47. We thus characterized the across-direction generalization patterns as the sum 
of a gaussian-shaped local component and a flat-shaped global component (i.e. a fixed offset; see Eq.  1), by 
regressing each generalization pattern onto these two components. The two-parameter fits associated with 
these regressions explain 89%, 83%, and 73% of the variance in the participant-averaged data for the overall 
generalization pattern for the 25 ms, 85 ms, and 300 ms latencies, suggesting that they capture the shape of these 
patterns well.

When we dissected the overall generalization pattern (Fig. 4b) into separate patterns for implicit and explicit 
generalization (Fig. 4c–d), we found that whereas the overall pattern was comprised of sizeable contributions 
from both local and global components (Fig. 4e), implicit generalization was dominated by its local component, 
whereas explicit generalization was dominated by its global component (Fig.  4f–g). Implicit generalization 
displayed local components of 5.5–8° vs. global components of 1.4–2.1° for the 25 ms, 85 ms, and 300 ms latencies, 
in stark contrast to local components of < 1° vs. global components of 7.5–18.5° for explicit generalization. 
Moreover, we found that, like implicit adaptation during the training and extended training periods, the local 
component of implicit generalization grew as latency decreased (5.6 ± 0.9° vs. 7.7 ± 0.7° for 85 ms vs. 25 ms, 
t(66) = 1.7, p = 0.043; and 5.5 ± 1.0° vs. 7.7 ± 0.7° for 300 ms vs. 25 ms, t(66) = 1.7, p = 0.043). And like explicit 
adaptation during the training and extended training periods, the global component of explicit generalization 
contracted as latency decreased (16.9 ± 1.9° vs. 7.9 ± 2.1° for 85 ms vs. 25 ms, t(30) = 3.2, p = 0.0015; and 18.3 ± 1.7° 
vs. 7.9 ± 2.1° for 300 ms vs. 25 ms, t(30) = 3.9, p = 0.00026).

Together, our findings demonstrate that even short sub-100 ms latencies can dramatically alter the internal 
composition of sensorimotor learning by decreasing implicit adaptation and increasing explicit strategy. 
Moreover, we find that implicit sensorimotor learning is far more sensitive to sub-100 ms latencies than larger 
latencies, indicating that latency reduction within the sub-100  ms range can substantially improve implicit 
learning.

Discussion
Here we investigated the effects of short, sub-100  ms visual feedback latencies on implicit and explicit 
sensorimotor adaptation. Specifically, we compared the learning and generalization of a visuomotor rotation 
when visual feedback was presented with a short, optimized 25  ms latency vs. an intermediate sub-100  ms 
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latency (85 ms) and a longer 300 ms latency that provided a reference condition comparable to the long latencies 
examined in previous studies that dissected implicit and explicit sensorimotor learning. We found that, reducing 
latency by just 60 ms during training, from 85 to 25 ms, led to a dramatic 50% increase in implicit adaptation and 
a complementary 40% decrease in explicit adaptation. This resulted in a reorganization of sensorimotor memory 
from a 45/55 to a 70/30 implicit/explicit learning ratio. Remarkably, the sensitivity of implicit adaptation to 
changes in latency was about 7-fold greater for short latencies (reducing latency from 85 to 25 ms) compared to 
longer latencies (reducing latency from 300 to 85 ms). This highlights the outsized importance of sub-100 ms 
latencies in driving increased implicit sensorimotor adaptation relative to more commonly studied longer 
latencies. These effects were consistent when separately examined in the subsequent extended learning period, 
whereby reducing latency from 85 to 25 ms led to a 60% increase in implicit adaptation, with the corresponding 
sensitivity to latency about 20-fold greater for short vs. long latencies. Secondarily, we examined the directional 
generalization of learned adaptation under each latency condition and found implicit sensorimotor learning to 
be dominated by locally-generalizing learning, with explicit learning instead dominated by globally-generalizing 
learning. This indicates that our dissection of overall adaptation identifies implicit and explicit components with 
very different underlying representations.

The most important findings are related to the surprisingly large impact that we uncover for short sub-100 ms 
latencies on implicit learning, especially when compared to previous work at higher latencies. Whereas previous 
studies had shown that latency increases can impair implicit and promote explicit learning at high latencies13,15, 
we find not only that this effect extends down to sub-100 ms latencies in the range relevant for common human 
computer interactions, but also that the strength of this effect grows dramatically in that range. Specifically, we 
demonstrate an accelerating reorganization of sensorimotor memory from a 40/60 implicit/explicit learning 
ratio at 300 ms of latency to 45/55 at 85 ms to a 70/30 ratio at 25 ms of latency. Critically, this 70/30 ratio is 
more than double any previously reported in studying the effect of feedback latency13,15,17. This underscores the 
potential of low latency feedback to unleash implicit learning, but also suggests that commonly-used setups, even 
when the latencies that characterize them are relatively modest, on the order of 85 ms, can unwittingly decrease 

Fig. 4.  Latency reductions improve locally-generalizing implicit learning and decrease globally-generalizing 
explicit learning. (a) Generalization of VMR learning was measured with no-feedback movements across 
19 different test directions that were centered on the trained target direction in 15° steps. (b–d) Effects of 
different latencies on the shape of (b) overall, (c) implicit, and (d) explicit generalization patterns. Thick lines 
indicate Gaussian fits (Eq. 1) used to dissect adaptation into its locally-generalizing and globally-generalizing 
components. Implicit learning primarily generalizes locally and is stronger at lower latencies, whereas explicit 
learning primarily generalizes globally and is stronger at high latencies. (e–g) Local and global generalization 
components extracted using Eq. 1. Decreased latencies display higher locally-generalizing and lower globally-
generalizing overall learning, driven by increases in the primarily locally-generalizing implicit learning and 
decreases in the primarily globally-generalizing explicit learning. Error bars indicate ± SEM.
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implicit learning and increase explicit learning. Finally, we find that the sensitivity of implicit learning to latency 
differences (i.e. the increase in implicit learning per unit latency reduction) is many-fold greater in the range of 
25–85 ms than in the range of 85–300 ms which is, in turn, many-fold greater than what has previously been 
observed at longer latencies13,15. This indicates that even modest improvements in latency can drive meaningful 
improvements in implicit learning in the sub-100 ms range. Together these observations underline the need to 
widely measure, report, and ultimately minimize these latencies.

Previous work on the effect of feedback latencies on motor adaptation
Most studies examining the effect of visual feedback latency on sensorimotor learning have studied large latencies 
above 200 ms13–15,21,24–31 and often beyond 1000 ms15,27–31. In fact, we were able to identify only four studies 
that examined the effects of latency on sensorimotor learning that used delays of 100 ms or less and thus could 
have potentially examined sub-100  ms latencies (and we could find no additional studies with delays below 
200 ms). Three of these four, however, neglected to measure the any of the actual latencies in their experimental 
conditions, and so the delayed condition, the baseline condition, or both could have had latencies above 100 ms, 
rather than below it20,22,23. The fourth study19 measured a latency of 36 ms at baseline, so that the 60 ms delay 
they studied corresponded to a 96 ms latency. However, despite a close correspondence to the 25 ms and 85 ms 
latencies studied here, they found no effect of delay. But because they did not dissect adaptation into implicit 
and explicit components, the only available measure was overall learning where we also find no effect of delay. 
Consequently, the details of this result are in line with what we find, despite a robust effect in our data when 
implicit and explicit adaptation are dissected out, because the 60 ms delay we levied had opposing effects on 
implicit and explicit contributions that largely cancelled out when overall learning was measured. It should 
be noted, however, that this study attempted to isolate implicit learning by requiring short 200  ms reaction 
times, which can reduce explicit strategy48–51, but the effect of this manipulation may have been tempered by 
the endpoint-only task feedback employed, which has the opposing effect of increasing explicit strategy41,52,53.

For the three studies that examined sub-100 ms delays but did not measure actual latencies, it would be useful 
if we could make accurate post-hoc estimates of the baseline latencies. The first of these studies21 used the analog 
signals from x and y potentiometer-based sensors fed directly into an oscilloscope for visual feedback. Because 
oscilloscopes from the era of this study had CRT displays, the latency would likely be limited by phosphor 
persistence and thus be rather small, likely below 10 ms, although without the make and model number for the 
oscilloscope used or direct information about its phosphor screen coating, we cannot be certain as phosphor 
chemistry can vary and greater persistence is possible. And the potentiometer-based position sensor input 
should have had little delay unless the output signal was intentionally smoothed by adding capacitance, which 
was not indicated, suggesting that the baseline visual display latency could have been rather small, perhaps as 
low as 10 ms, but again, we cannot be certain.

The other two studies22,23 were more likely to have been plagued by higher baseline latencies. In both of these 
studies, a signal from a screen-mounted touch sensor was fed into a computer to detect movement endpoint so 
that LCD shutter glasses could be triggered to open and allow for direct endpoint feedback of the hand touching 
the screen where the target was displayed. The shutter glasses were reported to be able to open in just 1 ms, 
suggesting they added little to the baseline latency. However, information was provided neither about the latency 
of the touch sensor nor the time needed to read-in the sensor output from it nor to process the data to determine 
movement completion. Contemporary devices that rely on touch sensors, such as smartphones and tablets, often 
suffer from touch-to-display latencies of up to 100–200 ms54–56, suggesting that the 3-decade-old the Kitazawa 
et al. setup – with the first study published in 1995, when touch sensors were a newer technology – may have 
suffered from latencies on the high end of that range or higher. Likewise, it’s difficult to be certain about the 
latency associated with reading-in the sensor data to the in-the-loop computer, processing it, and sending out 
the shutter glass command signal, but even in our highly-optimized setup, that used a modern, much faster PC, 
the computer in-the-loop latency likely doubled the sensor latency (see Methods).

These three studies where latency was not measured yielded conflicting results. Held et al., 199120, like Tanaka 
et al., 201119 which measured latency, found no effect of latency for imposed delays up to 60 ms. However, as 
with the Tanaka study19 the Held et al. study did not dissect learning into implicit and explicit components, and 
so it may also have been that a latency-driven decrease in implicit learning could have been offset by an increase 
in explicit learning, especially as no specific efforts to abate an explicit contribution were reported. At odds with 
these negative results, two studies by Kitazawa et al.22,23 reported significant effects for 50 ms delays. One of 
these, however, was based on data from a single monkey23. The other was based on a more reasonable sample 
size of 21 in humans22; however, like the Tanaka et al. and Held et al., studies, implicit and explicit learning were 
not dissected out of the measured adaptation. It is thus unclear to us why the results would be positive in this 
case, especially as our post-hoc analysis of the probable baseline latency suggests that it was likely higher than 
that in both the Tanaka and Held et al. studies, and this increased baseline latency should blunt the sensitivity of 
the adaptive response to visual feedback delays. In sum, previous work employing short 50–60 ms added delays 
provides conflicting results about the effect of sub-100 ms latencies on sensorimotor learning, likely due to a 
combination of unmeasured latencies for the experimental conditions and varying contributions from implicit 
and explicit learning that were not dissected out.

Notably, we found two previous studies that dissected out the effects of latency on implicit and explicit 
sensorimotor learning13,15. These studies, however, examined only much larger latencies, above 200  ms in 
both cases, and thus did not provide information on the sub-100 ms latencies prevalent in human-computer 
interactions including experiments for studying sensorimotor learning when latency is not isolated as a variable 
of interest. The Brudner et al. study15 measured a baseline latency of 70 ms, and examined an additional delay 
of 1000 ms corresponding to latencies of 70 and of 1070 ms for the two conditions they compared. Although 
they found clear evidence for decreased implicit learning in the higher-latency condition, the baseline condition 
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was already dominated by explicit learning, as 70–75% of overall adaptation was explicit compared to only 
25–30% for implicit (34° of explicit vs. 12° of implicit for the 45° VMR). Thus their 70 ms baseline condition 
displayed far less implicit learning than we observed in our 25 ms baseline condition (25–30% vs. 65–70% of 
overall adaptation, corresponding to 12° vs. 20° of implicit learning, despite the larger 45° perturbation). Their 
result also displayed less implicit learning than our 85 ms or 300 ms latency conditions, corresponding to 60 
and 275 ms delays in our study. The surprisingly low level of implicit learning observed in the Brudner et al. 
baseline condition might be explained by two factors in their experimental design known to reduce implicit 
and promote explicit contributions to sensorimotor learning: the use of larger amplitude perturbations57 and 
endpoint-only feedback41,52,53,58. They also studied an even longer 5000 ms delay with similar results. We also 
note that the larger amplitude perturbation they used (45° instead of 30°), might also affect the ratio of implicit 
to explicit learning as implicit learning capacity may be limited32,57. The Schween et al. study13 was similar to 
Brudner et al. but examined delays of 200 and 1500 ms rather than 1000 and 5000 ms, and, like the current study, 
employed a 30° perturbation. They reported a baseline latency of 27 ms; however, this estimate was not based on 
direct comparison of visual feedback and live hand motion as in the current study, Brudner et al.15 or Tanaka et 
al.15,19. Instead, they measured the partial latency from a statement in their code calling for the sensor reading 
associated with movement termination and the reading of a photodiode signal that confirmed the display of 
endpoint feedback. This measurement is useful but excludes the latency between actual arm motion and the 
time at which sensor feedback of this motion is made ready to be read-in by the computer, i.e. the sensor input 
latency, which constitutes nearly half of the 25 ms baseline latency in our setup. Like Brudner et al., the results 
from Schween et al., showed significant reductions in implicit learning for the high latencies they studied, with 
corresponding increases in explicit learning. At their baseline latency, they found a level of implicit learning (40–
45% of the total learning, corresponding to 11°) that was already dominated by explicit learning and far smaller 
than the 65–70% level, corresponding to 20°, we observed at 25 ms. This lower-than-expected level is consistent 
with the combination of a baseline latency that was likely higher than the reported 27 ms value and the use of an 
endpoint-only rather than continuous feedback task. Grossly, however, both the Brudner and Schween studies 
are consistent with our current results in that they reported a balance between implicit and explicit learning that 
shifts towards being more explicit-dominated as latency increases, suggesting that reductions in latency promote 
implicit learning, whereas increases promote explicit learning. The current study adds the critical information 
that this balance is shifted even for small latency increases in the sub-100 ms range, relevant to human-computer 
interactions and experiments studying sensorimotor learning, and that the sensitivity of this shift to changes in 
latency is, in fact, far greater in this sub-100 ms range than at the longer latencies at which it had previously been 
identified.

A recent study tried to assess the effects of reducing latency below the base setup latency. For each movement, 
Wang et al.17 estimated heading direction shortly after movement onset and projected this direction out to an 
endpoint distance where feedback was provided. This could be viewed as reducing the feedback latency at this 
endpoint by the movement time for each trial. The study consistently found that adaptation was higher for their 
advanced feedback condition compared to their standard base latency endpoint feedback condition, but not 
higher than when continuous visual feedback was provided, as in the current study. For their VMR condition, 
the only condition where implicit and explicit learning were measured and the one which is most comparable to 
the current and to previous studies, they found that implicit accounted for only about 25% of the total learning 
for their standard feedback condition and about 35% with advanced feedback. However, this 35% of the total 
learning in the advanced feedback condition is far smaller than the 65–70% observed for implicit learning for 
low latency condition in the current study, with the absolute implicit adaptation level (12–13°) also smaller 
than what we observe (20°), despite a larger 45° VMR perturbation. Even in their error-clamp condition, which 
employed a large 15° error signal to provide a large, continuous drive for adaptation that dwarfed the modest 
0.5–2° errors that drove adaptation after the first 3–5 trials in the initial training period in the current study 
(see the overall learning plots in Figs. 2a and 3a), Wang et al. observed asymptotic learning that either merely 
matched implicit learning for our minimum-delay condition (20°, from their online experiments) or fell short 
(15°, from laboratory-controlled experiments). These observations suggest that it is the reduction of latency 
from positive baseline levels to near-zero values, rather than the creation of “negative” latency with advanced 
feedback, which is likely responsible for the enhanced learning observed by Wang et al.17 We do note however, 
that complicating comparisons with our work and other studies where latencies were precisely controlled, the 
effective latency reduction for the advanced feedback condition varied widely with the movement time for 
each trial. This resulted in a wide range even for the mean latency reductions for different individuals, with the 
reported values ranging between 0 and 300 ms.

Effects of temporal latency on neural plasticity
Evidence from neurophysiology suggests that short, sub-100 ms latencies can strongly disrupt the neural plasticity 
that underlies learning. Spike-timing dependent plasticity in cortical synapses relies on a precise temporal 
coupling between synaptic input and cell firing that dictates a switch between maximally positive and maximally 
negative plasticity in just 10–20 ms35–39. In contrast, it had long been thought that plasticity in the cerebellum 
did not require such precise temporal coincidence. Plasticity in cerebellar Purkinje cells – widely associated 
with error-driven sensorimotor learning59–62 – is governed by paired activity of climbing fibers carrying error 
signals and parallel fibers carrying contextual sensorimotor information63–65, with the coincidence of this timing 
believed to be tolerant of a broad 150 ms range of climbing fiber-parallel fiber latencies. This belief was based 
on population data from the cerebellar vermis66,67. However, more recent work that examined neural responses 
at different latencies within individual vermal neurons found that, instead, each neuron exhibits much tighter 
tuning - with a tolerance of just 20–30 ms or less – around its preferred latency40. The previously reported broad 
tuning would thus be due to different cells in the population displaying different preferred latencies ranging from 
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0 to 150 ms around which the tight 20–30 ms plasticity window operates. The narrow tuning of these plasticity 
windows around specific preferred latencies – where plasticity is reduced by latencies both above and below the 
preferred one – suggests that negative latencies should impair learning like positive latencies do, with the ideal 
feedback latency being zero. This observation lines up with our assessment of the enhanced learning observed 
by Wang et al. as likely due to reducing latency from positive baseline levels to near-zero values rather than the 
creation of negative latency. Together, the current evidence suggests that the neural plasticity underlying learning, 
in both cortex and cerebellum, requires tight temporal coupling of neural activity that could be disrupted by 
latencies as small as 50–100 ms, in line with the high sensitivity of implicit sensorimotor learning to latency that 
we demonstrate here. The requirement for tight temporal coupling for neural plasticity to proceed can be viewed 
as a neurophysiological mechanism for aligning neural plasticity with agency, promoting plasticity underlying 
implicit sensorimotor learning when agency is high and restricting it when agency is low68,69.

Implications for sensorimotor learning studies
Our finding that even short latencies can dramatically reduce implicit adaptation may explain wide across-
study differences in the amount of implicit adaptation, which persist even when studies with closely aligned 
experiment design are compared. For example, three studies using the same type and magnitude of visuomotor 
perturbation – a 15° clamped cursor error – for comparable durations of training and multi-target training 
schedules, reported implicit adaptation levels ranging from 12° to about 25°32–34. Our findings suggest that 
previous reports of low asymptotic implicit adaptation may be, at least in part, due to high visual feedback 
latencies in the experiment setup. Unfortunately, we cannot know the exact contribution of different setup 
latencies to the different levels of implicit adaptation reported, as these were not assessed in the first place. 
This highlights the need to widely measure and report these “baseline” latencies so that latency effects can be 
meaningfully accounted for when interpreting study findings and the need to minimize these latencies to abate 
setup-specific learning impairments that can occur even for sub-100 ms latencies. Our experience indicates that 
low-latency performance can be attained by optimizing software, such as by using direct rather than buffered 
graphics updates, in combination with modern low-input-lag computer gaming displays. Taking latency into 
consideration becomes even more important with the emergence of sensorimotor learning studies that are 
conducted online rather than in the lab17,70. With each participant using their own device, it is challenging 
to measure latency and, crucially, inter-individual differences in device latency could inject substantial inter-
individual variability into implicit and explicit sensorimotor learning measurements due to differences in 
participants’ devices rather than to their learning abilities, as well as reduce group-average implicit and increase 
group-average explicit learning to an extent that depends the on severity and frequency of high-latency visual 
feedback experienced by remote participants.

Materials and methods
Participants and consent statement
A total of 42 individuals took part in the study (average age: 22.0 ± 4.3 y.o., 17 male, 2 left-handed, 5 ambidextrous 
based on the Edinburgh Handedness questionnaire71; all participants used their right hand for the reaching task 
and operated the aim-report knob with their left, see details below). Participants provided informed consent in 
line with the Declaration of Helsinki, and the study protocol was approved by the Harvard University Committee 
on the Use of Human Subjects (IRB board).

Experiment setup and general task description
Participants sat on a chair and made 9-cm point-to-point reaching movements on a 200 Hz digitizing tablet 
(Intuos 3, Wacom Co., Japan) while grasping a lightweight plastic handle that contained a tablet stylus. Vision of 
the hand and arm was occluded. Instead, participants could receive continuously updated visual feedback in the 
form of a cursor (2.6 mm diameter) displayed on a screen mounted horizontally above the tablet (BenQ XL2411, 
refreshed at 120  Hz, Fig.  1a). The experiment room was dimly lit to improve screen contrast and facilitate 
attention to the task. To the left of the setup, we placed a knob which could be used to indicate the aiming target 
before each reaching movement. Participants were encouraged to move quickly to reach and stop at the target 
within 350 ms, in which case the experiment computer played a bell sound. The experiment was coded and 
executed using Matlab (Mathworks, Natick, MA) with the Psychtoolbox 3.1 extension for reading the digitizing 
tablet and for graphical output to display targets and to provide cursor feedback72.

Measurement and sources of system latency
To measure system latency, we simultaneously recorded physical motion of the handle and cursor motion using a 
high-speed (240 fps) camera positioned to see both in the same field of view. An LED was attached to the handle 
to facilitate tracking its position through the video. To obtain a measurement, we rapidly and irregularly moved 
the handle back and forth in the lateral direction for 5–10 s, while keeping it in the camera’s field of view. We 
processed the video to extract both handle and cursor motion in 2D, and used a form of cross-correlation (that 
was corrected for biased normalization present in standard cross-correlation that would skew latency estimates 
towards zero, especially for particularly short-duration video segments) to identify the latency between them. 
For our optimized setup, we found a latency of 24.8 ± 0.2  ms (mean ± SEM across four videos). Our latency 
assessment tool is available on Github (https://github.com/harvardmotorlab/Latency), along with a guide for 
optimizing latency for in similar experiment setups.

To estimate the effect of different setup components on the overall latency of our optimized system, we 
examined different hardware and software configurations. To assess the latency due to using the digitizing tablet 
as a source of position information, we replaced it with a low-latency computer mouse, which reduced latency 
by about 16 ms, i.e. 60–70% of the 25 ms overall latency. Despite the tablet being responsible for most of the 
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overall latency, however, we did not substitute it with a mouse, as the tablet provided higher position precision 
and, importantly, provided absolute position measurements that would be reliable even if the pen were lifted 
and placed on a different location on the tablet. To assess the effect of the experiment environment, including 
execution time, we compared latency outside vs. within the experiment environment, using mouse input in both 
cases, finding that latency was merely 0.8 ms lower outside Matlab, i.e. about 3% of the 25 ms overall latency. 
Finally, our screen’s input lag was 4.4 ms73 or about 18% of the overall latency. A notable finding during the 
process of optimizing our setup was the importance of how the software handled screen updates. We coded 
our experiment to use asynchronous screen updates, as we found that synchronous screen updates added an 
additional ~ 17 ms (60–70% more) to the latency.

Implementation of increased latency conditions
For the 85 ms and 300 ms conditions, we imposed additional latencies of 60 ms and 275 ms respectively in 
addition to the base system latency. We validated these added latencies using the video method outlined above, 
obtaining 85.1 ± 1.2 and 299.6 ± 0.4 ms, respectively.

Experiment schedule
The experiment consisted of a familiarization block (17 movement trials to one of 19 different target directions 
with a latency of 25  ms and no visuomotor rotation (VMR)) followed by two (Experiment 1a) or three 
(Experiment 1b) supersets of experiment blocks in which sensorimotor learning was assessed. Within each 
superset, visual feedback, when provided, was delayed by a single latency (25 ms, 85 ms, or 300 ms) that was 
switched between supersets so that each participant in Experiment 1a experienced two latencies and each 
in Experiment 1b experienced three. The ordering of presentation of the three latencies was such that the 
probability of experiencing each latency in the first superset was 1/3 (as was the probability in the 2nd superset, 
and (in Experiment 1b) the probability in the 3rd one). Each superset began with 57 baseline trials with no VMR 
(3 pseudorandomly-ordered reaches each to targets in 19 movement directions, spaced at 15° apart and centered 
at the direction that would subsequently be used for VMR training). Participants then performed 16 additional 
no-VMR trials in the training direction followed by 120 training trials with a VMR of ± 30°. Both experiments 
were counterbalanced so that half of the supersets trained a + 30° counterclockwise VMR and half trained a 
−30° clockwise VMR, independently of the experienced latency. Additionally, half the participants began with 
a superset that trained a + 30° VMR and half that trained a −30° VMR. To reduce the possibility that learning 
from one superset might carry over to the next, the orientation of the VMR and the direction of the trained 
target location were always switched between supersets. This target direction was chosen from {−75°, or + 75°} 
in Experiment 1a and from {0°, −120°, or + 120°} in Experiment 1b, all equally likely, with 0° indicating the 12 
o’clock direction.

The 120-trial single-direction training block was followed by a block testing for directional generalization 
of the trained adaptation. This 114-trial generalization block consisted of six reaches without visual feedback to 
each of the 19 different directions in the 114-trial pre-training baseline block – arrayed − 135° to 135° around the 
trained direction in increments of 15° (Fig. 4a). This was followed by a 60-trial extended training block, with the 
same VMR, target direction, and latency as in the training block, and then by a second 114-trial generalization 
block. Completing the superset, the second generalization block was followed by a 25-trial washout block, in 
which participants continued to make reaches to the same trained target location with the same visual feedback 
latency but with no VMR, i.e. the rotation turned off, to further reduce the chance of carryover of adaptation 
between supersets. Rest breaks, each at least one minute in duration, were given every 57 trials within the 
generalization blocks, and every 20–30 trials within the training and extended training blocks.

Decomposition of adaptation into implicit and explicit components using aim reports
We assessed implicit and explicit adaptation using aim reports immediately before each movement15,41,42. Prior 
to movement initiation, participants indicated the aim point location that they thought would result in on-
target cursor motion by placing an aiming marker on the screen. The aiming marker’s distance from the start 
position was held constant and its direction was controlled using a rotating knob by the participant’s left hand. 
Participants “locked” their aiming selection by clicking on the knob before each movement. Once locked, the 
aiming marker’s location was fixed, and it remained visible until the end of the movement.

Data analysis
Measurement of reach and aim directions and dissection of adaptation into implicit and explicit components
Position data were recorded at 200 Hz and differentiated to estimate movement velocity. To estimate movement 
onset, we first found the moment of peak movement speed, and then went backwards until we found the moment 
velocity first exceeded a threshold of 6.35 cm/s. Movements were fast and so the time from this movement onset 
point to the peak speed point averaged 150–160 ms. We defined reach direction as the direction of a vector from 
the participant’s position at the movement onset point to the participant’s position at the peak speed point, and 
we defined relative target direction as the direction of a vector from the participant’s position at the movement 
onset point to the target. Relative reach direction was then defined as the difference between the reach direction 
and the relative target direction. We defined aim direction as the difference between the direction of a vector 
from the start position to the aiming point and the direction of a vector from the start position to the target.

For training and extended training, we defined explicit adaptation as the aim direction relative to the target, 
and implicit adaptation as the difference between the reach direction and the aim direction as illustrated in 
Fig. 1b41,42,57,74. For generalization, we used two different methods to dissect generalization patterns into their 
implicit and explicit components. In the first subtype (all generalization blocks in Experiment 1a and half the 
generalization blocks in Experiment 1b), we isolated implicit generalization by instructing participants to aim 
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their hand through each probe target. In the second subtype (half the generalization blocks in Experiment 
1b), we measured both implicit and explicit generalization by asking participants to report their aim prior 
to each probe in the same way as during training/extended training trials. To combine data from + 30° VMR 
(counterclockwise) and − 30° (clockwise) VMR supersets, we flipped clockwise data prior to further analysis. 
Trials immediately following rest breaks were not included in the main analysis, since these ~ 60 s breaks result 
in rapid decay of the temporally-volatile component of adaptation47,75,76, and the focus of this study was on 
examining the effect of visual latency on implicit vs. explicit adaptation. See Figure S3 in the supplementary 
materials for an analysis of these post-break trials.

Dissection of adaptation into locally-generalizing and globally-generalizing components
We extracted locally-generalizing and globally-generalizing adaptation components by regressing the observed 
generalization pattern onto a local training-direction-centered gaussian and a constant offset46,47,77,78. In Eq. 1, 
the height of the gaussian Alocal, corresponds to the strength of the locally-generalizing component that is 
centered on the corresponding training direction θ tr  and the height of the constant offset Aglobal corresponds 
to the strength of the globally-generalizing component. Note that the width of the gaussian, σ , was f﻿ixed to 30° 
in line with previous findings46.

	 g (θp) = Alocal ∗ exp
{

− (θ p − θ tr)2 /2σ 2}
+ Aglobal.� (1)

This curve was fit to each individual’s data, separately for the implicit and explicit generalization data and 
separately for each latency condition.

Baseline subtraction
To minimize the effects of any subject-specific biases and superset-to-superset carryover effects, we subtracted 
the average baseline from our data, separately for each individual and latency condition (i.e. within each 
superset), for both reaching and aiming directions (and thus for measurements of both implicit and explicit 
learning). For the training and extended training data, this baseline consisted of the last 15 trials before the onset 
of the ± 30° VMR training. For the generalization data, this baseline consisted of the last pre-VMR generalization 
block (57 trials, three to each of the 19 tested directions).

Data inclusion criteria
On a small fraction of trials (0.1%), a recording issue prevented us from accurately parsing the data so that we 
could not determine the reach angle. We also excluded about 0.8% of trials as outliers with reaching angles that 
were more than 3 times the across-subject interquartile range away from the across-subject median of the data 
(separately for each latency condition). In total, data exclusion amounted to 1.0 ± 0.1% of trials (mean ± SEM).

Statistical comparisons
Given that decreased implicit and increased explicit learning have been observed for larger (> 200  ms) 
latencies13,15, we hypothesized that the latency increases examined here would lead to decreased implicit and 
increased explicit learning and thus used the corresponding one-tailed t-tests to compare effects of latency.

Note that, a subset of participants (Experiment 1b) was tested under all three latency conditions, which 
would allow for paired comparisons; however, the remaining participants (Experiment 1a) were only tested 
under two out of the three latency conditions, meaning that isolating analysis to paired comparisons would 
exclude data. We thus used unpaired comparisons when analyzing the pooled data. We used F-tests to compare 
sensitivities of implicit learning to latency (Figs. 2e/3e).

Significance statement
This work demonstrates that implicit sensorimotor learning, a key process for motor skill acquisition, is 
strikingly sensitive to brief visual feedback latencies below 100  ms which are common in everyday human-
computer interactions such as controlling a computer mouse. Specifically, we find that reducing latency just 
from 85 to 25 ms boosts implicit learning by 50% while proportionally decreasing explicit learning, dramatically 
reorganizing sensorimotor memory. This exquisite sensitivity to short latencies aligns with evidence that key 
neural plasticity mechanisms can be disrupted by brief latencies, and highlights the importance of minimizing 
latency for computer-based skill training that aims to build implicit sensorimotor learning with practice.

Data availability
Data and code for this paper’s analyses is maintained at https://github.com/AlkisMH/Latency.
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