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Abstract 41 

Sequence learning is a ubiquitous facet of human and animal cognition. Here, using a 42 

common sequence reproduction task, we investigated whether and how the ordinal 43 

and relational structures linking consecutive elements are acquired by human adults, 44 

children, and macaque monkeys. While children and monkeys exhibited significantly 45 

lower precision than adults for spatial location and temporal order information, only 46 

monkeys appeared to exceedingly focus on the first item. Most importantly, only 47 

humans, regardless of age, spontaneously extracted the spatial relations between 48 

consecutive items and used a chunking strategy to compress sequences in working 49 

memory. Monkeys did not detect such relational structures, even after extensive 50 

training. Monkey behavior was captured by a conjunctive coding model, whereas a 51 

chunk-based conjunctive model explained more variance in humans. These age- and 52 

species-related differences are indicative of developmental and evolutionary 53 

mechanisms of sequence encoding and may provide novel insights into the uniquely 54 

human cognitive capacities. 55 

 56 

 57 
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 59 
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 62 

Significance Statement  63 

Sequence learning, the ability to encode the order of discrete elements and their 64 

relationships presented within a sequence, is a ubiquitous facet of cognition among 65 

humans and animals. By exploring sequence processing abilities at different human 66 

developmental stages and in non-human primates, we found only humans, 67 

regardless of age, spontaneously extracted the spatial relations between consecutive 68 

items and used an internal language to compress sequences in working memory. The 69 

findings provided insights into understanding the origins of sequence capabilities in 70 

humans and how it evolves through development to identify the unique aspects of 71 

human cognitive capacity, which includes the comprehension, learning, and 72 

production of sequences, and perhaps above all, language processing. 73 

  74 
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Introduction 75 

Most human behavior, from the way we move our eyes or walk, dance, or speak, to 76 

abstract cultural inventions such as reading or mathematics, are organized in 77 

sequences. As a consequence, the general ability to identify and learn sequences is a 78 

widespread feature across species and throughout development (Terrace and 79 

Mcgonigle, 1994; Saffran et al., 1996; Graybiel, 1998; Dehaene et al., 2015), but the 80 

specific ways by which sequences are learned can show substantial differences. 81 

Several studies converge to the rather intuitive idea that children have a less refined 82 

system to assimilate the structure of sequences (Orsini et al., 1987; Pickering et al., 83 

1998; McCormack et al., 2000; Farrell Pagulayan et al., 2006; Botvinick and 84 

Watanabe, 2007). For example, 7 to 11 year old children perform worse than adults 85 

(more than 80%) in an immediate serial recall task (McCormack et al., 2000). Using a 86 

similar spatial sequence task in animals, monkeys’ ability to memorize the temporal 87 

order of a sequence has also been found to be relatively poor, with a performance 88 

that was lower than 40% correct responses when the sequence length was 3 or 4 89 

(Botvinick et al., 2009; Fagot and De Lillo, 2011).  90 

 Completely distinct changes could account for these observations. Just to name 91 

two categorically different possibilities, younger children could dispose of the same 92 

resources and functions to identify sequential structure, but operating at a lower 93 

resolution, or, alternatively, it could be that the operations by which sequences are 94 

identified are all together distinct. In other words, the variability underlying 95 
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computational mechanisms of sequence learning across human groups and species 96 

remains largely unknown (Terrace and Mcgonigle, 1994). By exploring sequence 97 

processing abilities at different human developmental stages and in non-human 98 

primates, we can begin to understand the origins of such capabilities in humans, and 99 

how it evolves through development to identify the unique aspects of human 100 

cognitive capacity, which includes the comprehension, learning, and production of 101 

sequences, and perhaps above all, language processing (Martin and Gupta, 2004; 102 

Dehaene et al., 2015). Comparative studies produce different patterns of sequence 103 

learning, and the challenge is to infer, from these patterns, the algorithms used to 104 

extract sequences by individuals of different species or ages.  105 

Some computational modeling studies have suggested that sequences can be 106 

encoded through a conjunctive coding in human adults, which crosses item with 107 

ordinal information (Botvinick and Watanabe, 2007; Oberauer and Lin, 2017). This 108 

idea has been primarily supported by electrophysiological studies; single neurons in 109 

the prefrontal cortex and caudate nucleus have been reported to respond selectively 110 

to particular items (i.e., shapes or locations), but their response to these items also 111 

depends on the ordinal position of items (Barone and Joseph, 1989; Kermadi et al., 112 

1993; Kermadi and Joseph, 1995; Funahashi et al., 1997; Ninokura et al., 2003, 2004; 113 

Inoue and Mikami, 2006). The representational code processed by these neurons is 114 

conjunctive, in that the neurons respond maximally to a particular conjunction of 115 

item and ordinal position. It has been proposed that this conjunctive coding 116 
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underlies how the brain associates individual items with individual serial positions to 117 

encode and maintain sequences. According to the conjunctive coding model, the 118 

precisions of item and ordinal representations are fundamental factors that 119 

determinate the accuracy of sequence encoding and memory. Thus, it can be 120 

hypothesized that, compared with adult humans, the limited capability of sequence 121 

encoding and maintenance in young children and non-human primates may be due 122 

to a lower precision of temporal ordinal or item representations. 123 

A second, alternative proposal emphasizes that sequence memory depends not 124 

only on the number of items to be stored, but also on the presence of relational 125 

regularities (Marcus et al., 1999; Endress et al., 2009; Dehaene et al., 2015; Amalric 126 

et al., 2017; Wang et al., 2019). Rather than encoding the complete series of 127 

individual items, the process of sequence memory is enhanced by compressing items 128 

into a small number of known groups or “chunks” (Miller, 1956; Ericcson et al., 1980; 129 

Chase and Ericsson, 1982; Feldman, 2000; Cowan, 2001; Gilchrist et al., 2008; Brady 130 

et al., 2009). The sequences that human judge as “complex” are not necessarily 131 

longer, but are less regular and therefore more difficult to compress in working 132 

memory(Planton et al., 2021). Indeed, in our previous behavioral study, we found 133 

that accuracy in sequence encoding and production tasks varied according to 134 

sequence complexity (Amalric et al., 2017; Wang et al., 2019). Thus, we proposed 135 

that the complexity of a sequence is related to the length of its compressed form 136 
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when it is encoded using an internal language (i.e., symmetries, rotations in 137 

geometry, or combinatorial rules).  138 

In a recent review, we distinguished the following five levels of sequence 139 

knowledge with increasing degrees of abstraction: transition and timing knowledge, 140 

chunking, ordinal knowledge, algebraic patterns, and nested tree structures 141 

generated by symbolic rules (Dehaene et al., 2015). We proposed that only humans 142 

possess a representation of nested tree structures, also described as a “universal 143 

generative faculty” (Hauser and Watumull, 2017) or “language of thought” (Fodor, 144 

1975), which enables sequence encoding by “compressing” information using 145 

abstract rules. By contrast, macaque monkeys are thought to be more limited in 146 

their ability to spontaneously detect relational structures between items and 147 

compress sequence memory using an internal language. 148 

These hypotheses, nevertheless, have yet to be directly investigated. Both the 149 

precision of temporal order or item recognition and the learning of structured 150 

representations could depend on a species’ evolutionary history or environmental 151 

pressures during childhood. Furthermore, it is not yet clear whether the 152 

spontaneous memory compression using relational structures is unique to humans. 153 

Here, we directly tested these hypotheses by using the same spatial sequence 154 

reproduction task (Jiang et al., 2018) in human adults, children (6–7 years old), and 155 

non-human primates (macaque monkeys). We then combined conjunctive coding 156 

models to investigate the computational mechanisms underlying developmental and 157 
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evolutionary factors that contribute to the learning of both ordinal information and 158 

relational structure during sequence encoding and compression.    159 

 160 

Materials and Methods 161 

Participants  162 

The adult group comprised 40 adults (mean age = 24.0 years, range = 21 to 27 years, 163 

17 males) who were recruited from the Institute of Neuroscience, Chinese Academy 164 

of Sciences, and Fenglin campus of Fudan University. Six adult participants (mean 165 

age = 25.0 years, range = 22 to 27 years, 3 males) were recruited for the multi-166 

session experiment.   Participant recruitment and experimental procedures followed 167 

the requirements of the ethical committee of the Institute of Neuroscience, Chinese 168 

Academy of Sciences. Informed consent was obtained from all participants. The 169 

experimental program was installed on the Microsoft Surface Pro4 System with a 170 

touchscreen.  171 

 The child group comprised 154 children (mean age = 6.4 years, range = 6 to 7 172 

years, 83 male) who were recruited from Shanghai Pudong Hongwen School. The 173 

ethical committee of the Institute of Neuroscience, Chinese Academy of Sciences, 174 

approved the experiments and all children and their parents gave informed consent. 175 

Seventeen children dropped out of the experiment and their data were excluded 176 

from the final analysis. One additional child was excluded because of failure to 177 

complete any of the sequences in the test session of the task, which indicated that 178 
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the child did not understand the task. The experiment was framed as a game, which 179 

children played on an iPad tablet computer in landscape orientation in a classroom. 180 

The experimental program was built in Python 3.6 using the iOS Pythonista 181 

application (http://omz-software.com).  182 

The nonhuman primate group comprised two adult male monkeys (Macaca 183 

mulatta, M1: 12 kg; M2: 9 kg). Experiments were performed in accordance with the 184 

Institute of Neuroscience, Chinese Academy of Sciences guidelines for the use of 185 

laboratory animals. The monkeys were housed individually and had ad libitum access 186 

to food but received water or juice on experimental days as rewards for correct 187 

responses during the tasks. During the experiment, the monkeys sat in a primate 188 

chair 30 cm from a computer monitor equipped with a touchscreen (DELL S2240T). 189 

Trial events, stimulus presentation, and data recording were controlled using 190 

MATLAB software (MathWorks, MA, USA).  191 

 192 

Materials  193 

The spatial sequences were created from six locations that formed a hexagon. 194 

Theoretically, the items in a sequence can locate on a continuous space (e.g., on 195 

arbitrary locations on a ring). To better control task difficulty and enable direct 196 

comparison between humans and monkeys, we adopted discrete locations in the 197 

current design. There were 360 sequences of the length 4, and 720 sequences of the 198 

length 5 and length 6 on the hexagon. Each location (a point on the hexagon) was 199 
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sampled once within a given sequence (“without replacement”). Sequences were 200 

presented on the screen, and participants had to complete the sequence using a 201 

“repeat” or “mirror” rule. The “repeat” rule defined sequences in the form 202 

ABCD|ABCD (length-4), ABCDE|ABCDE (length-5), or ABCDEF|ABCDEF (length-6), 203 

and the “mirror” rule defined sequences in the form ABCD|DCBA, ABCDE|EDCBA, or 204 

ABCDEF|FEDCBA. The total of 360 length-4 sequences could be divided into 30 205 

patterns based on their geometrical relations. The pattern and the starting point for 206 

each sequence were randomly selected trial by trial. The procedure for testing 207 

human adults, children, and monkeys was essentially identical.  208 

 209 

Procedure 210 

The delayed-sequence reproduction task was similar between groups (Fig. 1) 211 

but was tailored to be appropriate for each group.  212 

Each trial was always initiated by the participants (clicking the mouse for human 213 

adults, touching the screen for children, and pulling a lever for monkeys). Once a 214 

trial was initiated, the six locations indicated by white circles (diameter: 3 cm) were 215 

always presented throughout the entire trial. The screen was blank between trials. 216 

The visual presentation of the target sequence was indicated using a dot with color 217 

(e.g., ‘red’, diameter: 3 cm) that flashed at each target location (duration: humans 218 

and M1: 250 ms, M2: 400 ms), with an inter-target interval of 250 ms for humans 219 

and 400 ms for monkeys. To render the experiment more attractive for children, 220 
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cartoon figures (i.e., stars and a cartoon airplane) were used to indicate locations 221 

instead of the circles and flashing dot. After a short delay (duration: adults: 750 ms; 222 

children: 500 ms; monkeys: 400 to 800 ms), when the white cross turned to blue (the 223 

“go” signal, which was red for children), participants had to touch the screen to 224 

indicate the locations according to the order defined by the rule (‘repeat’ or ‘mirror’) 225 

to be used. Sequence productions with wrong locations (those not presented during 226 

the sample sequence) or wrong orders were considered as errors. Feedback (a 227 

reward) was given to monkeys after the production of sequences. No feedback was 228 

given to human subjects, who were required to complete the sequence.  229 

 230 

Familiarization/Training Phase  231 

Humans: The experimental sessions were preceded by a familiarization phase. 232 

For adults, verbal instructions for the rule to be used were given and five practice 233 

trials of length-4 sequences were presented to familiarize participants with the task. 234 

For children, video-based instructions were given. Three example trials were 235 

presented together with verbal instructions via a video clip. Each example trial 236 

consisted of a full viewing of a length-4 sequence and sequential touches to 237 

reproduce the sequence according to the rule required. In the first example trial, 238 

stimuli presentation time was prolonged, and target locations were labeled with a 239 

number indicating its ordinal position. At the end of the video, experimenters 240 
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verbally confirmed that children had understood the task. The video was played a 241 

second time when necessary. 242 

Monkeys: Monkeys underwent a long-term training phase because verbal 243 

instructions could not be provided. The details of the training phase have been 244 

described previously(Jiang et al., 2018). During this phase, the monkeys pulled a 245 

lever to initiate a trial and were required to hold the lever down during the 246 

presentation of the sample stimuli. A release of the lever at any time during the 247 

visual presentation ended the trial. After a delay and a “go” signal had been 248 

presented, the monkeys had to release the lever and reproduce the sequence 249 

according to the rule to be used. Only the sequential touch of correct locations and 250 

orders was rewarded with water or juice. The inter-trial interval was 2000 ms, after 251 

which the monkey was allowed to pull the lever to start the next trial. The inter-trial 252 

interval was prolonged to 4000 ms as a punishment for errors. 253 

 254 

Dataset 255 

Adults completed 90 length-4 trials, 180 length-5 trials, and 180 length-6 trials 256 

with the ‘repeat’ rule and the ‘mirror’ rule, respectively. Sequences used were 257 

randomly selected. Participants performed the tasks of length -4, -5, and -6 in the 258 

same rule in three different blocks successively. Participants finished all blocks in the 259 

same rule, then switch to the other rule. Children completed 90 ‘repeat’ trials and 90 260 

‘mirror’ trials on two separate days.  On each day, participants finished one block (45 261 
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trials) in one rule and switched to the second block in the other rule. In each rule, 262 

three sequences were randomly selected from each sequence pattern. Order of 263 

rules were counterbalanced across participants in both adults and children. Only 264 

‘repeat’ trials were adopted in the current study. A total of 3600 length-4 trials, 7200 265 

length-5 trials, and 7200 length-6 trials were completed by all adult participants. A 266 

total of 12,240 length-4 trials were completed by children. 267 

To examine the within-pattern difference in individual participants, six adult 268 

participants were recruited for the multi-session experiment. Each participant 269 

completed a total of 3600 “repeat” trials in 5 sessions (720 trials per session/day) 270 

within 10 days. A daily session consisted of two blocks, and participants had a short 271 

break in-between to avoid fatigue. In each block, each of the 360 length-4 sequences 272 

was presented once, and the order of sequences was randomized. 273 

For the two monkeys, the data were collected after they had completely 274 

learned the sequence task (Jiang et al., 2018). To summarize, monkeys learned two 275 

rules, repeat and mirror, of reproduction and manipulation of spatial sequence. The 276 

data used here only included those obtained during the repeat task. All sequences in 277 

a session were of the same length. Monkeys completed test sessions across several 278 

days. For M1, test trials were intermixed randomly with “error stop” trials (i.e., 279 

whenever position or order were incorrect, the trial was terminated, and the 280 

program automatically moved onto the next trial) within sessions. M1 was tested 281 

with 13,034 trials, including 7573 “error stop” trials, in 26 sessions (days). M2 was 282 
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tested with a total of 8948 trials in 15 sessions. “Error stop” trials were only included 283 

in analysis of the accuracy and reaction time (RT) of the whole-sequence recall (i.e., 284 

Fig. 2 and 4C), but not of the accuracy and RT of each rank (i.e., Fig. 1, Fig. 4A, and 285 

4B).  286 

In the current study, only sequences with the “repeat” rule were included in the 287 

analysis for the three groups of subjects. All data needed to evaluate the conclusions 288 

in the paper are present in the paper. The data that support the findings of this study 289 

are available from the corresponding author upon reasonable request. 290 

 291 

Statistical analysis 292 

Unfinished trials (i.e., trials with a reproduced sequence that was shorter than 293 

the sample sequence, or “error stop” trials without any response) and trials with 294 

repetitive touches at the same location were excluded from the analysis. Trials with 295 

any RT that was not within the mean ±3 SD on a per-subject (adults and children) or 296 

per-session (monkeys) basis were also excluded.  297 

Friedman’s test was used to test for difference in accuracy and RT across ordinal 298 

position. To test for the significance of primacy and recency effect in accuracy, 299 

planned pair-wise comparisons were conducted between 1st and 2nd item, as well as 300 

between the last two items in sequences. To test for the changes in RT between 301 

successive responses in a trial, planned pair-wise comparison were conducted 302 
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between successive RTs. Bonferroni correction was applied to correct for multiple 303 

comparisons. 304 

Sequences shared the same geometrical structures were categorized into one 305 

pattern. For example, the sequence 1234, 2345, 5612 etc. had the same relationship 306 

between items was termed as Pattern 1 (Fig. 2A). Across patterns, sequences were 307 

paired by matching the starting point and orientation (clockwise and 308 

counterclockwise) of the sequence, resulting in 12 matched sequences in each 309 

pattern. Friedman’s test was used to compare accuracy difference between patterns 310 

(“between-pattern difference”) based on accuracies of sequences (averaged over 311 

different trials of the same sequence). Within each pattern, the accuracy difference 312 

between sequences (“within-pattern difference”) were tested using the Kruskal-313 

Wallis test based on the performance on each trial (correct or incorrect). A 314 

Bonferroni correction was applied for “within-pattern difference” tests. To quantify 315 

the similarity of structural learning strategies between the different groups, we used 316 

Spearman’s rank correlation to calculate pattern accuracy for each pair of groups. 317 

Based on the Gestalt principles of proximity and similarity, spatially and 318 

temporally adjacent items tend to be perceived as a chunk. The 30 patterns were 319 

divided into 8 chunking modes (sees Fig. 4B) and were defined as follows: “1-1-1-1” 320 

(patterns 19, 22, 23, 26, and 27): None of the temporally adjacent items were 321 

located spatially adjacent to each other; “1-2-1” (patterns 13, 14, 15, 16, 18, 29, and 322 

30): The 2nd and 3rd items in the sequence were located in adjacent spatial locations 323 
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and formed a chunk, and a sequence consisted of one single item, a length-2 chunk, 324 

and another item; “1-1-2” (patterns 20, 21, 24, and 25): The last two items in the 325 

sequence formed a length-2 chunk; “2-1-1” (patterns 6, 7, 10, and 11): The first two 326 

items in the sequence formed a length-2 chunk; “2-2” (patterns 4, 5, 8, 9, and 12): 327 

The first two items (i.e., 1st and 2nd items), as well as the last two items (i.e. 3rd and 328 

4th items), were located in adjacent spatial locations, and there were two 329 

consecutive length-2 chunks in a sequence; “1-3” (patterns 17 and 28): The 2nd, 3rd, 330 

and 4th items formed a length-3 chunk; “3-1” (patterns 2 and 3): The 1st, 2nd, and 3rd 331 

items formed a length-3 chunk; “[±1]3” (pattern 1): All items were spatially adjacent 332 

to the preceding item, and the sequences could be described as “repeat one-step 333 

movement three times”. The whole sequence was a length-4 chunk.  334 

The complexity of each pattern was defined according to chunk size (∑
1

𝑘𝑖

𝑛
𝑖 , 335 

where 𝑘𝑖 is the size of the chunk that contained the 𝑖𝑡ℎ item, and n is the sequence 336 

length). For example, patterns in group 1-3 consisted of a length-1 chunk and a 337 

length-3 chunk, and the chunk sizes of each item were (1, 3, 3, 3), respectively. Thus, 338 

the complexity of these patterns was (1 + 1/3 + 1/3 +1/3) = 2. Note that the value of 339 

the complexity that was defined according to chunk size was equal to the chunk 340 

number in the sequence. RTs of each response were averaged over all correctly 341 

reproduced sequences. Spearman’s rank correlation was used to examine the 342 

relationship between pattern complexity and accuracy, as well as with average RTs 343 

of all touches in correct trials within each group. In each chunking mode, the RTs of 344 
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each ordinal position were transformed to z scores with the mean and standard 345 

deviation of all sequences. Wilcoxon tests were used to test for the significance of 346 

the within-chunk RT decrease (i.e., the difference between the 1st and 2nd item 347 

within a chunk). 348 

Spearman’s rank correlation was used to test the correlation between 349 

children’s spatial chunking strategies and learning performance at school. Children’s 350 

scores in Chinese and Math exams about two months after test sessions were 351 

averaged and used as an index of exam performance. Outliers that exceeded the 352 

range of the median exam score ±3 scaled MAD (median absolute deviations) were 353 

excluded. Correlation analyses between children’s accuracy in sequences with and 354 

without chunking strategies and exam performance were performed. Accuracies 355 

used in the analysis were the average of reproduction accuracies in sequences with 356 

and without chunking strategies.   357 

    358 

Conjunctive Coding Model specifications 359 

Simulations were implemented using MATLAB (Mathworks, Natick, MA). The 360 

model consisted of (1) the encoding process for the input of sequence information, 361 

and (2) the retrieval process for the output of sequence information (Fig. 3A). 362 

 363 

Encoding 364 
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The encoding matrix of the input sequence information 𝑆 was determined 365 

according to the encoding process 𝑓E: 366 

𝐸𝑀𝑆 = 𝑓E(𝑆)  

Where a sequence was defined as 𝑆 = (𝑇1,  𝑇2,  … ,  𝑇𝑛) and ∀ 𝑖 ∈ {1,  2,  … ,  𝑛}:  𝑇𝑖 ∈367 

{1,  2,  … ,  𝑁}). Only sequences with a length n = 4 were used in the current study. 368 

There were N = 6 potential locations for sequential stimuli, and each location was 369 

sampled only once within a given sequence (“without replacement”, ∀ 𝑖,  𝑗 ∈370 

{1,  2,  … ,  𝑛}:  𝑖 ≠ 𝑗 ⟹ 𝑇𝑖 ≠ 𝑇𝑗).  371 

Several assumptions were made about the encoding process of sequence 372 

information. First, we assumed that the information of 𝑇𝑖 is a conjunction of order 373 

information 𝑖 ∈ {1,  2,  … ,  𝑛} and item information 𝑇𝑖 ∈ {1,  2,  … ,  𝑁}.  374 

Second, for a specific target (𝑇𝑖), the model’s estimation for ‘𝑖’ of 𝑇𝑖 (marked as a 375 

random variable 𝑋) obeyed the scaled Laplace distribution (also known as the double 376 

exponential distribution), and the model’s estimation for ‘𝑇𝑖’ of 𝑇𝑖 (marked as a 377 

random variable 𝑌) was subject to a scaled von Mises distribution (also known as the 378 

circular normal distribution): 379 

𝑋 ∼ 𝐿𝑎𝑝𝑙𝑎𝑐𝑒(𝑖,  𝜆−1): 𝐸order(𝑋|𝑇𝑖 ,  𝜆) = 𝑒−𝜆|𝑋−𝑖|                          #(1)  

𝑌 ∼ 𝑣𝑜𝑛 𝑀𝑖𝑠𝑒𝑠(𝑇𝑖 ,  𝜅): 𝐸item(𝑌|𝑇𝑖 ,  𝜅) = 𝑒
−𝜅(1−cos (

2𝜋
𝑁

(𝑌−𝑇𝑖)))

  #(2)
 

Where 𝜆 and 𝜅 are dispersion measures of the distributions, which controlled the 380 

estimated precision of the order information ‘𝑖’ and the target ‘𝑇𝑖’; a higher 𝜆 381 
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indicates a higher estimation accuracy of ‘𝑖’, while a higher 𝜅 indicates a higher 382 

estimation accuracy of ‘𝑇𝑖’.  383 

We chose the Laplace distribution to describe the representations of ordinal 384 

information on the basis of previous works (Nosofsky, 1986; Shepard, 1987; Brown 385 

et al., 2007). We chose the von Mises distribution to describe the representations of 386 

item information as it is a continuous probability distribution on the circle. It is a 387 

close approximation to the wrapped normal distribution, which is the circular 388 

analogue of the normal distribution. These encoding probabilities can be regarded as 389 

a negative exponential function of the “distance” between the target and the 390 

estimated information in a psychological space based on the universal law of 391 

generalization (Shepard, 2012).  392 

Finally, 𝐸order and 𝐸item were integrated as the sum of all targets’ joint 393 

distributions, weighted by constants 𝑤𝑖 (∑ 𝑤𝑖
𝑛
𝑖=1 = 1), which are the parameters 394 

that the model needs to learn. The integration resulted in a graded conjunctive 395 

representation of the sequence in memory for later retrieval. With the background 396 

noise 𝜂 added in the rank and item binding space, the encoding matrix of 𝑆 (𝐸𝑀𝑆) is 397 

given by the following:  398 

𝐸𝑀𝑆(𝑋,  𝑌) = 𝑓E(𝑋,  𝑌|𝑆) = ∑ 𝑤𝑖 ⋅ 𝐸order(𝑋|𝑇𝑖 , 𝜆) ⋅ 𝐸item(𝑌|𝑇𝑖 , 𝜅)

𝑛

𝑖=1

+ 𝜂#(3)  

where the background noise 𝜂 is a constant, so it could be seen as the uniform 399 

distribution under the random choice. We make no specific assumption about the 400 
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source of background noise. It could be arisen from attention to all locations or 401 

passive priming of all location-rank combinations. The background noise becomes 402 

important when the 𝑤𝑖 is small enough. This could help interpret the disappearance 403 

of the recency effect in monkeys.  404 

The encoding matrix was then discretized. The probability mass function (pmf) 405 

of Y (discrete analogue) retains the form of the probability density function (pdf) of X 406 

(continuous random variable) (Botvinick and Watanabe, 2007; Brown et al., 2007).  407 

 408 

Retrieval 409 

The output of sequence information �̂� was determined according to the 410 

retrieval process 𝑓R, as follows:  411 

P(�̂�|𝑆) = 𝑓R(�̂�|𝐸𝑀𝑆)  

Where a retrieved sequence was defined as �̂� = (𝑅1,  𝑅2,  … ,  𝑅𝑛) and ∀ 𝑖 ∈412 

{1,  2,  … ,  𝑛}:  𝑅𝑖 ∈ {1,  2,  … ,  𝑁}, and its subsequence was defined as �̂�(𝑖) =413 

(𝑅1,  𝑅2,  … ,  𝑅𝑖) & �̂�(0) = ∅.  414 

We use the conditional probabilities to describe the retrieval process as 415 

follows:  416 

P(�̂�|𝑆) = 𝑓R(�̂�|𝐸𝑀𝑆) = ∏ P(𝑅𝑖|�̂�(𝑖−1))

𝑛

𝑖=1

= ∏
𝐸𝑀𝑆(𝑖,  𝑅𝑖)

∑ 𝐸𝑀𝑆(𝑖,  𝑗)𝑗∉�̂�(𝑖−1)

𝑛

𝑖=1

#(4)  

Where 𝑗 ∉ �̂�(𝑖−1) denotes that the items already retrieved would be removed in a 417 

subsequent step, given that each location was only sampled once (without 418 
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replacement) within a sequence.  Normalization was performed within each order by 419 

dividing the sum of probabilities of the remaining items. The 1-norm normalization is 420 

based on Luce's choice axiom(Luce, 1959). Taking 𝑆 = (𝑇1,  𝑇2,  𝑇3,  𝑇4) = (1, 3, 2, 5), 421 

and retrieved sequence �̂� = (𝑅1,  𝑅2,  𝑅3,  𝑅4) = (1, 3, 2, 5) as an example, the 422 

retrieval process is shown in Fig. 2A.  423 

 424 

Chunk-based Conjunctive Coding Model 425 

The chunk-based model assumed that chunking processing would improve the 426 

order precision (𝜆).  427 

There are several additional assumptions for this model. First, we assumed 428 

items in a sequence could be grouped into chunks based on their spatial and 429 

temporal proximity and similarity. The chunked sequence information 𝑆C was 430 

determined according to the chunking process 𝑓C for a specific sequence 𝑆 =431 

(𝑇1,  𝑇2,  … ,  𝑇𝑛), as follows: 432 

𝑆C = 𝑓C(𝑆) = (𝑇1
C,  𝑇2

C,  … ,  𝑇𝑛C
C )  

𝑇𝑖
C = (𝑇∑ 𝑘𝑗

𝑖−1
𝑗=1 +1

,  𝑇∑ 𝑘𝑗
𝑖−1
𝑗=1 +2

,  … ,  𝑇∑ 𝑘𝑗
𝑖
𝑗=1

)  

Where 𝑛C is the number of chunks within 𝑆C and 𝑘𝑖 is the number of targets (spatial 433 

item) within 𝑇𝑖
C (chunk size).  434 
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Chunks were defined based on the Gestalt principles of proximity and 435 

similarity. Spatially and temporally adjacent items were put into the same chunk 436 

according to the following rules:  437 

1. ∀ 𝑗 ∈ {1,  2,  … ,  𝑘𝑖 − 1}  &  𝑘𝑖 > 1:  |𝑇𝑖
C(𝑗 + 1) − 𝑇𝑖

C(𝑗)| = 1 or 𝑁 − 1 438 

2. ∀ 𝑖 ∈ {1,  2,  … ,  𝑛C − 1}: |𝑇𝑖+1
C (1) − 𝑇𝑖

C(𝑘𝑖)| ≠ 1 and 𝑁 − 1 439 

Taking the sequence 𝑆 = (1, 3, 2, 5) as an example (Fig. 4D), since the 2nd and 440 

the 3rd item were spatially adjacent, it can be regarded as 𝑆 = ([1], [3, 2], [5]) that 441 

consists of three chunks: [1], [3,2], and [5]. 442 

Second, we also assumed that items within the same chunk shared a common 443 

order precision 𝜆𝑘𝑖
, which is determined by the number of items in the chunk (i.e., 444 

chunk size 𝑘𝑖, where 𝑖 represent  𝑖𝑡ℎ item in the sequence). For example, the chunk 445 

sizes for each item in 𝑆 = ([1], [3, 2], [5]) are 1, 2, 2, and 1, respectively, and 446 

precisions of the temporal order for all targets are Λ = ([𝜆1], [𝜆2, 𝜆2], [𝜆1]). We 447 

recalculated 𝜆 of each 𝑇𝑗 based on chunk size 𝑘𝑖.  448 

∀ 𝑇𝑗 ∈ 𝑇𝑖
C: 𝐸order(𝑋|𝑇𝑗 ,  𝜆𝑘𝑖

) = 𝑒−𝜆𝑘𝑖
|𝑋−𝑗|#(5)  

{𝜆𝑘𝑖
} were free parameters, and their fitting results can be seen in Figure 5C. 449 

 450 

Path-based Models 451 
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Path-based models use path characteristics of the sequences, such as the path 452 

length 𝐿 and the path crossings number 𝑛crs , to recalculate 𝜆 for a specific sequence 453 

𝑆 = (𝑇1,  𝑇2,  … ,  𝑇𝑛).  454 

The path-length-based model was as follows:  455 

∀ 𝑇𝑗 ∈ 𝑆: 𝐸order(𝑋|𝑇𝑗 ,  𝜆𝐿) = 𝑒−𝜆𝐿|𝑋−𝑗|#(6)  

𝐿 = ∑ |𝑒
2𝜋
𝑁  𝜄 𝑇𝑖+1 − 𝑒

2𝜋
𝑁  𝜄 𝑇𝑖|

𝑛−1

𝑖=1

 

Where 𝐿 refers to the length of the trajectory that connects the items of sequence 𝑆. 456 

𝜄 is the imaginary unit.  457 

The relationship between 𝜆𝐿 and 𝐿 was assumed to be as follows:  458 

𝜆𝐿 = 𝜆𝑒−𝑎𝐿 + 𝑏  

Where 𝜆, 𝑎, and 𝑏 are nonnegative free parameters.  459 

The path-crossing-based model was as follows:  460 

∀ 𝑇𝑗 ∈ 𝑆: 𝐸order(𝑋|𝑇𝑗 ,  𝜆𝑛crs
) = 𝑒−𝜆𝑛crs

|𝑋−𝑗|#(7)  

Where 𝑛crs represents the number of crossings in the spatial sequence. When there 461 

was no crossing in the sequence (e.g., 𝑆 = (1,  2,  3,  4)), 𝑛crs = 0, or when there 462 

was one crossing (e.g., 𝑆 = (1,  3,  2,  5)), 𝑛crs = 1. 463 

 464 

Model Fitting 465 

There were 𝑃𝑛
𝑁 =

𝑁!

(𝑁−𝑛)!
= 360 different length-4 sequences. However, the 466 

absolute target locations have no effect on the retrieval results in our model. The 467 



 

 

 

 

25 

sequences were further regrouped into 30 patterns starting from location 1 based 468 

on the sequential geometrical relationships between spatial targets (see Fig. 2B) with 469 

rigid transformations, including rotations, reflections, translations, or their 470 

combinations. Moreover, there were still 360 possible response sequences {�̂�𝑗}
𝑗=1

360
 471 

for a specific stimulus pattern 𝑆𝑖 in {𝑆𝑖}𝑖=1
30 .  472 

We chose the square error as the loss function (quadratic loss function) to 473 

estimate the free parameters in a particular model:  474 

𝐿(𝑃,  𝑄) = ∑ ∑(𝑃𝑖𝑗 − 𝑄𝑖𝑗)
2

360

𝑗=1

30

𝑖=1

#(8)  

𝑃𝑖𝑗 is the relative frequency of the data response sequence �̂�𝑗 for a given stimulus 475 

pattern 𝑆𝑖, and can be expressed in terms of 𝑛𝑖𝑗 (the total occurrence of response 476 

sequences �̂�𝑗 given 𝑆𝑖), as follows: 477 

𝑃𝑖𝑗 = 𝑓(�̂�𝑗|𝑆𝑖) =
𝑛𝑖𝑗

∑ 𝑛𝑖𝑘
360
𝑘=1

#(9)  

𝑄𝑖𝑗 is the predictive probability of the model’s response sequence �̂�𝑗 for a given 478 

stimulus pattern 𝑆𝑖, as follows:  479 

𝑄𝑖𝑗 = P(�̂�𝑗|𝑆𝑖)#(10)  

The fminsearch function was used to minimize the loss function in MATLAB.  480 

In the model fitting for length 4 sequences, the original conjunctive coding 481 

model had the following 7 free parameters: 𝜆, 𝜅, {𝑤𝑖}𝑖=1
4 , 𝜂. The chunk-based model 482 

had the following 10 free parameters: {𝜆𝑘}𝑘 ∈ {1, 2, 3, 4}, 𝜅, {𝑤𝑖}𝑖=1
4 , 𝜂. The path-483 
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length-based model had 9 free parameters, as follows: 𝑎, 𝑏, 𝜆, 𝜅, {𝑤𝑖}𝑖=1
4 , 𝜂. The 484 

path-crossing-based model had 8 free parameters, as follows: {𝜆𝑛crs
}

𝑛crs ∈ {0, 1}
, 𝜅, 485 

{𝑤𝑖}𝑖=1
4 , 𝜂.  486 

It is important to note that at least 30 or more trials were needed to obtain a 487 

trusted relative frequency 𝑃𝑖𝑗 for each pattern, and at least 30×30 = 900 trials were 488 

needed to obtain a trusted 𝑃30×360 matrix for the model fitting. The trial number in 489 

the current study was insufficient for data from each individual participant to fit a 490 

model. Thus, data from all participants within the same group were modeled 491 

together, and 1000 bootstrap resamples from data were used to calculate statistical 492 

properties of the best fitting parameters (Fig. 3F and 3G). We used the medians of 493 

the best fitting parameters to fit the most representative models, and the behavioral 494 

benchmarks of these models were shown in Figure 3B to 3D. Then, we used a 495 

random permutation test (N = 1000) to examine the differences in parameters 496 

between the groups (Fig. 3F and 3G).  497 

The number of trials also limited the fold number of the cross-validation. 498 

Therefore, repeated 3-fold cross-validation (Nrepeat = 100) was used to evaluate 499 

different models. We chose the Bayesian Information Criterion (BIC) as the criterion 500 

of model evaluation because the chunk-based models had the most parameters and 501 

the BIC generally penalizes model fits with increasing numbers of free parameters 502 

more strongly than does the Akaike Information Criterion (AIC). Without the 503 

constant term 𝑛 ln(𝑛), AIC and BIC were calculated as follows:  504 
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AIC = 𝑛 ln(𝑅𝑆𝑆) +  2𝑘         #(11)  

BIC = 𝑛 ln(𝑅𝑆𝑆) +  𝑘 ln(𝑛) #(12)  

Where 𝑅𝑆𝑆 = min (𝐿(𝑃,  𝑄)) is the residual sum of squares, n = 30×360 is the 505 

number of data points, and 𝑘 is the number of free parameters.  506 

The AICs and BICs averaged across 100×3 = 300 validations are shown in Table 507 

1.  508 

 509 

Results 510 

Subjects (40 adults, 154 children, and 41 sessions from 2 macaque monkeys; for 511 

details see Methods) were engaged in a sequence reproduction task. On each trial, 512 

spatial sequences with a length of 3, 4, 5 or 6 elements (Adults: length-4, -5 and -6; 513 

Children: length-4; Monkeys: length-3 and -4) were visually presented. Each element 514 

of the sequence was drawn (without replacement) from one of the six spatial 515 

locations of a hexagon. Participants had to reproduce the sequences by successively 516 

touching the appropriate location on the screen (Fig. 1A, for details see Methods). 517 

Feedback (reward) was given to monkeys after correct completion of each sequence. 518 

Behavioral benchmarks of sequence memory  519 

We firstly identified some behavioral benchmarks of sequence memory(Oberauer et 520 

al., 2018) in the sequence reproduction task in the adults, children, and macaque 521 

monkeys. Given that all groups had very high accuracy for the length-3 sequences, 522 
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and that there was a limit of memory capacity in children and monkeys, we mainly 523 

focused on length-4 sequences. Length-5 and length-6 sequences were only used in 524 

adults. 525 

There were several commonalities between the three groups. The sequence 526 

accuracy of adults and monkeys showed a typical length effect, whereby an 527 

increased sequence load resulted in a decreased recall accuracy (Fig. 1B). There is an 528 

advantage for items presented at the start of the sequence (the primacy effect) and 529 

at the end of the sequence (the recency effect); thus, plotting recall accuracy by 530 

serial position typically results in a “bow-shaped” curve (Effect of ordinal position, 531 

Adults: length-4 sequences, Friedman test:  χ2 
(3)= 46.268, p < 0.001, Kendall’s W = 532 

0.386, length-5, Friedman test:  χ2 
(4) = 64.675, p < 0.001, Kendall’s W = 0.404, length-6, 533 

Friedman test: χ2 
(5) = 49.270, p < 0.001, Kendall’s W = 0.246; Children: length-4, 534 

Friedman test: χ2 
(3) = 110.282, p < 0.001, Kendall’s W = 0.270; Monkeys: length-3, 535 

Friedman test: χ2 
(2) = 20.000, p < 0.001, Kendall’s W = 1; length-4, Friedman test: χ2 

(3) = 536 

102.422, p < 0.001, Kendall’s W = 0.898). Almost all three groups displayed this 537 

profile for behavioral results (Fig. 1B): the primacy effect was found in all the groups 538 

(planned pair-wise comparisons with Bonferroni correction, 1st vs. 2nd item, Adults: 539 

length-4, p = 0.021, Cohen’s d = 0.094, length-5, p < 0.001, Cohen’s d = 0.327, length 540 

-6, p < 0.001, Cohen’s d = 0.236; Children: length-4, p < 0.001, Cohen’s d = 0.234; 541 

Monkeys: length-3, p = 0.004, Cohen’s d = 0.571, length-4, p < 0.001, Cohen’s d = 542 

0.974), but interestingly, the recency effect was almost absent in monkeys (planned 543 
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pair-wise comparisons with Bonferroni correction, Monkeys: length-3, 2nd > 3rd item, 544 

p = 0.006, Cohen’s d = 0.866, length-4, 3rd > 4th item, p = 0.002, Cohen’s d = 0.482). 545 

Furthermore, when an item was recalled at an incorrect serial position, its recall 546 

spatial location was likely to lie near its original position, and its recall order was 547 

more likely to swap with its neighbor orders, which is called a transposition gradient. 548 

We found that the error distributions in all three groups displayed transposition 549 

gradients for both temporal order (Fig. 1C) and spatial location (Fig. 1D).  550 

 551 

Extraction of relational structures in humans, but not macaque monkeys  552 

Sequences can be encoded not just by their spatial locations but also by their 553 

relational structures between locations. We next examined whether monkeys and 554 

humans were sensitive to such relations. In the task, each sequence item could be at 555 

one of six spatial locations, resulting in a large number of combinations. For length-4 556 

sequences, a total of 360 sequences was included, given that each location was only 557 

sampled once. Based on the sequential geometrical relationships between the items, 558 

the sequences can be categorized into 30 patterns (Figs. 2A and 2B). For example, 559 

the sequences ‘1234’, ‘2345’, ‘6543’, and ‘2165’ share the same relational structure 560 

– repeat a one-step movement three times – which was termed pattern 1. 561 

Visualization of the spatial structures of the 30 patterns demonstrated different 562 

spatial organizations and complexities of these geometrical relationships (Fig. 2B).  563 
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We then asked whether the three groups could spontaneously extract these 564 

spatial patterns and use this information to inform sequence encoding (e.g., using 565 

the relational structures between locations to encode sequences in a more succinct 566 

form (Amalric et al., 2017; Wang et al., 2019; Al Roumi et al., 2021)). Note that 567 

during either training in monkeys or behavioral testing in humans, there was no 568 

explicit instruction to use such spatial patterns. Therefore, if the subject indeed 569 

spontaneously learned these structures, we could expect to observe a similar task 570 

performance for sequences that shared the same relational pattern, and a 571 

substantial performance difference between sequences with distinct relational 572 

patterns. The results showed a double dissociation between humans and monkeys. 573 

In adults and children, there were no significant differences in accuracy between the 574 

twelve sequences within each pattern (Fig. 2C, 30 patterns, corrected for multiple 575 

comparisons; Adults: Kruskal-Wallis test: ps > 0.270, 𝜂2 < 0.138; Children: Kruskal-576 

Wallis test: ps > 0.087, 𝜂2 < 0.051), but there was a significant difference in accuracy 577 

between the patterns (Fig. 2D, Friedman test; Adults: χ2 
(29) = 86.043, p < 0.001, 578 

Kendall’s W = 0.247; Children: χ2 
(29) = 145.504, p < 0.001, Kendall’s W =  0.425). By 579 

contrast, in monkeys, there was no difference between the patterns (Fig. 2D, 580 

Friedman test; M1: χ2 
(29) = 16.917, p = 0.964, Kendall’s W =  0.049; M2: χ2 

(29) = 46.036, 581 

p = 0.023, Kendall’s W =  0.132), and significant differences in accuracy between 582 

sequences within patterns (Fig. 2C, Kruskal-Wallis test; M1: ps < 0.035, 𝜂2 > 0.070, 23 583 

out of 30 patterns; M2: ps < 0.027, 𝜂2 > 0.141, 29 out of 30). As the trial number was 584 
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different in each sequence pattern across the three groups, we additionally 585 

compared their effect sizes. The result supported the difference in the within-586 

pattern effects between humans and monkeys (95% CI of the effect size (𝜂2), Adults: 587 

[0.006, 0.043]; Children: [0.002, 0.0135]; M1: [0.095, 0.145]; M2: [0.211, 0.290]). 588 

When further examining the sequence differences within patterns in monkeys, we 589 

found that they were mainly due to the biases of spatial location but not sequence 590 

direction (clockwise and counterclockwise) (spatial location of the starting point, 591 

Friedman test; M1: χ2 
(5) = 50.186, p < 0.001, Kendall’s W = 0.335; M2: χ2 

(5) = 51.733, p < 592 

0.001, Kendall’s W = 0.345. Sequence direction, Friedman test; M1: χ2 
(1) = 0.006, p = 0. 593 

940, Kendall’s W < 0.001; M2: χ2 
(1) = 2.222, p = 0.136, Kendall’s W = 0.012). Such 594 

biases were not present in the performance of adults and children (spatial location 595 

of the starting point, Friedman test; Adults: χ2 
(5) = 6.332, p = 0. 275, Kendall’s W = 596 

0.042; Children: χ2 
(5) = 7.257, p = 0.202, Kendall’s W = 0.048. sequence direction, 597 

Friedman test; Adults: χ2 
(1) = 0.659, p = 0. 417, Kendall’s W = 0.004; Children: χ2 

(1) = 598 

0.360, p = 0.549, Kendall’s W = 0.012). We then removed the patterns which 599 

contained the biased locations and re-calculated the within-patterns and between-600 

patterns differences in both monkeys. The result confirmed the double dissociation 601 

between humans and monkeys (difference between the patterns, Friedman test; 602 

Adults: χ2 
(16) = 54.849, p < 0.001, Kendall’s W = 0.286; Children: χ2 

(16) = 99.903, p < 0.001, 603 

Kendall’s W = 0.520; M1: χ2 
(16) = 9.633, p = 0.885, Kendall’s W = 0.050; M2: χ2 

(16) = 604 

25.888, p = 0.056, Kendall’s W = 0.135. Difference within the patterns, Kruskal-Wallis 605 
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test; Adults: ps > 0.153, 𝜂2  < 0.138; Children: ps > 0.050,  𝜂2 < 0.051, not significant 606 

in 10 out of 17 patterns; M1:ps < 0.028, 𝜂2 > 0.047, significant in 14 out of 17 607 

patterns; M2: ps < 0.015, 𝜂2 > 0.096, significant in 15 out of 17 patterns), as shown 608 

in Figures 2C and 2D. 609 

However, we should notice that the comparison between humans and monkeys 610 

was based on pooling human participants and monkey behavioral sessions. To test 611 

whether the within-pattern effect could also be found on a participant-by-612 

participant basis, we additionally recruited six human adults, that were asked to 613 

perform 3600 trials within 10 days (see Methods). We found that the lack of within-614 

pattern difference was highly consistent in individual human participants (Fig. 2E, 30 615 

patterns in each participant, corrected for multiple comparisons: Kruskal-Wallis test: 616 

ps > 0.334,  𝜂2 < 0.133; except in one pattern in one participant: ps = 0.027,  𝜂2 = 617 

0.214). 618 

Did human adults and children implement a similar strategy or language to 619 

detect the complexities of the 30 patterns? We plotted the behavioral performance 620 

of the three groups in sequences of all 30 patterns in descending order of accuracy in 621 

children, i.e., highest to lowest (Fig. 2F, dark cyan curve). The performance of adults 622 

showed a similar trend to that of children (Fig. 2F, khaki curve), but the monkeys’ 623 

performance was entirely different to that of humans (Fig. 2F brown curve). The 624 

statistical analysis confirmed a significant positive correlation in sequence 625 

performance across the 30 patterns between adults and children (Fig. 2G, 626 
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Spearman’s ρ(28) = 0.829, p < 0.001), but not between humans and monkeys (Fig. 2H, 627 

Adults vs. Monkeys: ρ(28)  = -0.177, p = 0.349; Fig. 2I, Children vs. Monkeys: ρ(28)  = -628 

0.099, p = 0.601 These results indicate that while adults and children adopted a 629 

similar internal language of extracting relational structures during spatial sequence 630 

processing, macaque monkeys might lack the ability to spontaneously detect the 631 

geometrical structures and use them to compress the sequences in memory.  632 

 633 

Fitting data to the conjunctive coding model 634 

As a first attempt to model the performance of the three groups of subjects, 635 

including the positional accuracy and transposition gradients in both spatial and 636 

ordinal dimensions, we adopted the conjunctive coding model (Botvinick and 637 

Watanabe, 2007; Oberauer and Lin, 2017) (Fig. 3A and Methods). The assumption 638 

was that the representational code of spatial sequences is a conjunction of 639 

approximate codes for the spatial items (e.g., six locations on the hexagon) and their 640 

corresponding ordinal positions (e.g., 1st, 2nd, 3rd, and 4th). This model allowed us to 641 

accurately describe representations of individual spatial locations as a scaled von-642 

Mises distribution, which is a normal distribution that is appropriate for spatial 643 

locations (Eq. 2, Methods). The six spatial locations were assumed to share a similar 644 

distribution in the model. For the ordinal representation, we made no prior 645 

assumptions of a compressive code, according to which ordinal tuning curves would 646 

broaden with increasing order (Botvinick and Watanabe, 2007). Instead, we 647 
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described representations of ordinal information using the scaled Laplace 648 

distribution (Brown et al., 2007) (Eq. 1, Methods). Finally, we assumed that ordinal 649 

information is integrated with spatial information through multiplicative gain 650 

modulation, resulting in a conjunctive representation of the sequence in memory (Eq. 651 

3, Methods). During the sequence reproduction task, the retrieval probability of each 652 

item was conditional, given that each location was only sampled once, without 653 

replacement, within a sequence (Eq. 4, Methods).  654 

The results of model fitting in the three groups replicated the sequence 655 

reproduction benchmarks shown in Figure 1. The positional accuracy of the model 656 

displayed the same “bow-shaped” curve in humans (Fig. 3B). This pattern of 657 

performance (primacy and recency effects) stems from interference effects because 658 

the probability of exchanging items with near neighbors is lower at the start and end 659 

of the sequence. More importantly, the model can reproduce not only the 660 

behavioral profile of correct trials but also the distribution of error responses, by 661 

showing the same profile of location and rank transposition gradients as the 662 

behavior results in Figs. 3C and 3D. Items in nearby ordinal or spatial locations are 663 

represented more similarly than items at more distant positions, which makes it 664 

relatively easy for the model to confuse the locations of closely spaced items in both 665 

ordinal and spatial manners.  666 

Although we initially set the ordinal representation as the scaled Laplace 667 

distribution, it is worth noting that the fitting results demonstrated a compressive 668 



 

 

 

 

35 

ordinal code in all the three groups (Fig. 3E). That is, the ordinal tuning curves 669 

broadened with increasing order. Such a compressive profile in the encoding matrix 670 

was reflected by the pattern of the assigning weight (w) of each order; the weights 671 

decreased with increasing order (Fig. 3E). The code profile was consistent with 672 

previous electrophysiological work in monkeys by Nieder et al. (Nieder and Miller, 673 

2003; Nieder et al., 2006), which showed that parietal neurons represent count 674 

information using a compressive code that is reflected by more broadly tuned 675 

receptive fields for larger numbers. Thus, the primacy effect and the increasing of 676 

the transposition error along ranks derive, additionally, from the higher precision of 677 

orders at the beginning of the sequence, which is driven by the compressive ordinal 678 

code of the model. 679 

Despite these similarities in behavioral benchmarks, there were several notable 680 

differences between the three groups. First, the overall performance of children 681 

(Mean ± SD: 45.01 ± 21.65%) and monkeys (64.38 ± 16.69%) was much lower than 682 

that of adults (91.24 ± 7.24%) (Fig. 3H, Kruskal-Wallis test: χ2 
(2) = 102.6, p < 0.001; 683 

pairwise Wilcoxon rank-sum test with Bonferroni correction: Adults vs. Children, p < 684 

0.001, Adults vs. Monkeys, p < 0.001, Children vs. Monkeys, p < 0.001). To exclude 685 

the possibility that the poor performance of monkeys and children was due to a 686 

lower level of understanding of the task procedure, we examined their performance 687 

of length-3 sequences using the same task. We found all three groups of subjects 688 
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demonstrated very high performance (Adults: 99.22 ± 0.86%, Children: 72.18 689 

±22.38%, and Monkeys: 84.45 ± 10.11%). 690 

 To identify the mechanism underlying the inferior sequence processing ability in 691 

children and monkeys, we examined between-group differences by comparing the 692 

precision of spatial location (κ) and temporal order (λ), and the assigned weight on 693 

each temporal order (w) in the model. We found that the precisions of temporal 694 

order (λ) of children and monkeys were significantly lower than human adults, and 695 

there were no significant differences between children and monkeys.  Meanwhile, 696 

children’s precisions of spatial location (κ) were significantly lower than human 697 

adults and monkeys, and there were no significant differences between adults and 698 

monkeys.  (Fig. 3F and 3G, random permutation tests (N = 1000), λ: Adults vs. 699 

Children, �̂� = 0, 99.9% CI: [0, 0.0076], Adults vs. Monkeys, �̂� = 0.001, 99.9% CI: [0, 700 

0.01], Children vs. Monkeys, �̂� = 0.874, 99.9% CI: [0.8361, 0.9061]; κ: Adults vs. 701 

Children, �̂� = 0, 99.9% CI: [0, 0.0076], Adults vs. Monkeys, �̂� = 0.257, 99.9% CI: 702 

[0.213, 0.3047], Children vs. Monkeys, �̂� = 0, 99.9% CI: [0, 0.0076]). Even with 703 

extensive long-term training (more than 2 years), the precision of temporal order in 704 

monkeys only reached the same level as that of children, who were completely naïve 705 

to the spatial sequences.  706 

Furthermore, the curve of assigned weights (w) along with the ordinal ranks in 707 

monkeys was much steeper than that seen in adults and children (Fig. 3E). This may 708 

suggest that, compared with humans, monkeys reallocated most resource to the first 709 
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item (almost 100%) and much less to the other items. This profile of weight assigning 710 

in w that is small enough for monkeys, and the background noise (𝜂, for details, see 711 

Methods) becomes important and cannot be ignored. Therefore, multiple factors, 712 

including the interference effect, small w, and the background noise, caused the 713 

dramatically decreased recall accuracy along with the ordinal position and the 714 

absence of recency effect in monkeys (Fig. 1B). 715 

 716 

Chunking as an internal algorithm for sequence compression 717 

Although the conjunctive coding model can account for the positional accuracy and 718 

transpositional gradients in both spatial and ordinal dimensions, the model failed to 719 

explain the variance of the performance between the sequence patterns (Figs. 3I). 720 

What is the internal format used by humans to compress spatial sequence 721 

processing and memory? What algorithm can explain the observed variations in 722 

working memory for the 30 sequence patterns? Previously, we showed that human 723 

adults and preschoolers can quickly grasp a “geometrical language” endowed with 724 

simple primitives of symmetries and rotations, and combinatorial rules in an 8-item 725 

spatial sequence, and that they use this internal language to predict the next item of 726 

a sequence (Amalric et al., 2017).  727 

To identify potential primitives or rules for the 4-length sequences, we first 728 

examined the reaction times (RTs) for each item during the sequence production of 729 

the three groups. There was a similar pattern in RTs averaged over all sequences 730 
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between human adults (Friedman test; χ2 
(3)= 56.550, p < 0.001, Kendall’s W = 0.471; 731 

planned pair-wise comparisons with Bonferroni correction: 1st vs. 2nd item, p < 0.001, 732 

Cohen’s d = 1.465, 2nd vs. 3rd item, p = 0.062, Cohen’s d = 0.118, 3rd vs. 4th item, p < 733 

0.001, Cohen’s d = 0.267) and children (Friedman test; χ2 
(3) = 15.062, p = 0.001, 734 

Kendall’s W = 0.037; planned pair-wise comparisons with Bonferroni correction: 1st 735 

vs. 2nd item, p = 0.160, Cohen’s d = 0.276, 2nd vs. 3rd item, p = 0.589, Cohen’s d = 736 

0.062, 3rd vs. 4th item, p < 0.001, Cohen’s d = 0.191), whereby there were shorter RTs 737 

for each subsequent item in a sequence, previously referred as a “collective search” 738 

(Fig. 4A) (Ohshiba, 1997; Conway and Christiansen, 2001), which may indicate that 739 

humans use an internal forward model to compress items within a sequence into an 740 

integrated chunk or unit. Conversely, the monkeys’ RTs show a different trend, with 741 

similar RTs for the first two items and then longer RTs for each subsequent items 742 

(Friedman test; χ2 
(3) = 41.053, p < 0.001, Kendall’s W = 0.360; pair-wise comparisons 743 

with Bonferroni correction: 1st vs. 2nd item, p > 0.999, Cohen’s d = 0.318, 2nd vs. 3rd 744 

item, p = 0.002, Cohen’s d = 0.206, 3rd vs. 4th item, p < 0.001, Cohen’s d = 0.863), 745 

which indicates that they might have used a different strategy of “serial search” in 746 

working memory (Fig. 4A). That is, monkeys retrieved the first item, touched it on 747 

the screen, then retrieved the next item, touched it on the screen, and so on.  748 

As a further attempt to capture the two different search strategies used by 749 

humans and monkeys, we employed a simple algorithm – spatial chunking – which 750 

was based on the Gestalt principles of proximity and similarity, whereby only 751 
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spatially and temporally adjacent items were chunked together. The 30 patterns 752 

were thus divided into 8 groups according to the size of their consecutive chunks (Fig. 753 

4B, right, e.g., “2-2”: two consecutive chunks of size 2, including patterns 4, 5, 8, 9, 754 

and 12). We then plotted the RTs of the 8 modes individually (Fig. 4B, left). This 755 

revealed decreasing RTs for items within chunks (marked by gray zones) in both 756 

adults and children, but not in monkeys (Fig. 4B, left). This finding indicates that 757 

humans use a generalized strategy across different patterns that collectively chunk 758 

spatially and temporally closed items within sequences, while monkeys may only 759 

learn to chunk in a subset of sequences but fail to generalize across patterns. To 760 

examine whether the subjects’ performance was reflected by chunking, we defined 761 

the complexity of a sequence using the average chunk sizes for each pattern (i.e., the 762 

sequence 1234 has one length-4 chunk, and the sequence 1352 has four length-1 763 

chunks), whereby a bigger chunking size within a sequence was considered to result 764 

in a lower sequence complexity and easier memory compression. We found that 765 

sequence reproduction accuracy and RTs in adults and children were well predicted 766 

by chunk size (Fig. 4C; Adults, Spearman’s ρ(28) = -0.592, p < 0.001; Children, 767 

Spearman’s ρ(28) = -0.522, p = 0.003; RT: Adults, Spearman’s ρ(28) = 0.767, p < 0.001; 768 

Children, Spearman’s ρ(28) = 0.828, p < 0.001). In contrast, the performance of 769 

monkeys was positively correlated with chunk size (Fig. 4C, Spearman’s ρ(28) = 0.539, 770 

p = 0.002). That is, the sequence with the biggest chunk size (i.e., sequence 1234) 771 

was associated with the worst sequence production. This could indicate the 772 
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presence of the interference effect in the conjunctive coding model; for monkeys, 773 

while the spatially and temporally close locations within a sequence were not 774 

efficiently integrated into chunks, these locations heavily interfered with each other, 775 

resulting in a high error rate of sequence reproduction for both spatial and temporal 776 

dimensions. As shown in Fig. 5C, the precision of order (λ) decreased with increasing 777 

chunk size in monkeys, which agreed with the stronger interference between 778 

spatially and temporally close items in larger chunks. 779 

We also examined whether the children who benefit more from a spatial 780 

chunking strategy had better results at school. The average scores of Children’s 781 

mathematics and Chinese exams about two months after test sessions were used as 782 

an index of exam performance. We divided sequences into two categories, depends 783 

on whether chunking strategies were involved in sequence reproduction. We found 784 

that, unlike the use of root memory in the sequence task (the group 1-1-1-1, 785 

Spearman’s ρ(131) = 0.172, p = 0.06), task performance of the sequences using the 786 

chunking strategy (other groups except the group 1-1-1-1 in Fig. 4B) was significantly 787 

correlated with children’s exam score (Spearman’s ρ(131) = 0.202, p = 0.025, see 788 

Methods). 789 

Finally, in order to explain the variance of task performance at the relational 790 

structure level, we added the component of pattern complexity (chunk size) to our 791 

basic conjunctive coding model by recalculating the precision (λ) of each temporal 792 

order based on the chunk sizes in a sequence (Eq. 5, Methods). The assumption was 793 
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that chunking improves the precision of ordinal coding. We fitted the model to our 794 

behavioral data; while the conjunctive coding model could predict well the 795 

behavioral responses of both correct and incorrect responses (positional accuracy 796 

and transposition gradients) and explained the sequence variance solely by the 797 

interference effect, the chunk-based conjunctive coding model explained 798 

significantly more variance at relational structure levels in human adults and children 799 

(Fig. 5A). Indeed, as predicted, while the profile of weights (w) on each ordinal 800 

information did not change, the precision of temporal order predicted by the model 801 

increased along with the chunking size in both adults and children (Fig. 5C). In 802 

contrast, the chunk-based model in monkeys showed the opposite prediction (Fig. 803 

5B), whereby the chunking modes with a larger chunking size was associated with a 804 

worse behavioral performance, which is consistent with the correlation analysis 805 

shown in Figure 4C. Furthermore, we compared the efficacy of the chunk-based 806 

model with that of a simpler model by which the precision of temporal order was 807 

modulated according to spatial crossing or total sequence path; these two factors 808 

have been proposed as a measurement of spatial sequence complexity (De Lillo et al., 809 

2016). The chunk-based model significantly outperformed the path-length or 810 

crossing- based models (Eq. 6 and Eq. 7 in Methods, Fig. 5A, and model comparison 811 

in Table 1).  812 

 813 

Discussion 814 
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The current study examined the computational mechanisms underlying sequence 815 

representation in adults, children, and macaque monkeys with a common sequence 816 

reproduction task, and used conjunctive coding models to assess the between-group 817 

differences in behavioral measures. We found that 1) the precisions of spatial 818 

location and temporal order were the main factors contributing to the poor 819 

performance of sequence processing in children and monkeys, 2) even with long-820 

term training, macaque monkeys demonstrated a strategic limitation of resource 821 

reallocation along the ordinal ranks, 3) compared to human subjects (adults and 822 

children), who used a common internal format for sequence representation, 823 

macaque monkeys lacked the ability to spontaneously detect spatial relational 824 

structures, and 4) while spatio-temporal interference could explain the behavior of 825 

correct and error responses, human behavior at structural level required the 826 

conjunctive coding using chunking as the internal algorithm. Our data thus provide a 827 

direct assessment of the relative contributions of development and evolution to 828 

sequence representation in humans, which could also have implications for uniquely 829 

human cognitive capacities, e.g., language processing. 830 

Our observation of differences in temporal precision between human adults and 831 

children is consistent with previous studies that have proposed that the learning of 832 

neural representation of temporal order continues to develop over early and middle 833 

childhood (Lipton and Spelke, 2003; Loucks and Price, 2019). Our results also expand 834 

on prior reports by showing that both spatial and temporal accuracies were both low 835 
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in monkeys, which was not due to a lack of behavioral training. In addition, our 836 

results indicate that monkeys reallocated almost all their attentional resources to 837 

the first item, whereas humans use a more balanced reallocation strategy for each 838 

item. The intrinsic limit of temporal precision combined with this extreme strategy of 839 

resource reallocation in monkeys was one of reasons explaining the between-species 840 

difference in cognitive capacity and inductive learning of retaining and updating 841 

sequential information in working memory. 842 

Little work has examined how spatial sequences are encoded and retrieved in 843 

humans and animals, or whether and how a model can predict each item during the 844 

sequence reproduction. Previous studies have investigated cross-species differences 845 

in pattern identification and found that humans use a more global perception. 846 

Specifically, humans have an advantage over monkeys in grouping visual information 847 

into global shapes (Fagot and Deruelle, 1997; Parron and Fagot, 2007; Spinozzi et al., 848 

2009; Neiworth et al., 2014). In acquiring non-language grammatical structure, 849 

monkeys have weaker capability compared to humans (Fitch and Hauser, 2004; 850 

Saffran et al., 2008; Wang et al., 2015; Jiang et al., 2018). For example, monkeys can 851 

be trained to produce sequences with supra-grammars, but the learning is much 852 

slower than pre-school children (Jiang et al., 2018). A recent study has shown that 853 

humans can use recursive hierarchical strategies in a nonlinguistic sequence 854 

generation task early in development, while monkeys did so only with additional 855 

exposure(Ferrigno et al., 2020). Despite these behavioral studies, none of them has 856 
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examined the computational mechanisms underlying the group differences. At the 857 

structure-level of spatial sequences, we showed that humans but not monkeys 858 

displayed significant differences in accuracy and reaction time between patterns, 859 

indicating that humans, but not monkeys, are able to spontaneously detect spatial 860 

regularities and encode the sequence in memory. The difference of pattern 861 

complexities was mainly due to the chunk strategy used in both adults and children. 862 

However, we did not tend to conclude that chunking was the only and human-863 

specific strategy, because the sequences used in the current study were too short 864 

and too simple to assess the possible use of other, even higher levels of sequence 865 

encoding(Dehaene et al., 2015), and therefore test the predictions of other 866 

measures of sequence complexity such as language of thought (Fodor, 1975) and 867 

entropy (Kamae and Zamboni, 2002). In previous work, using a longer 8-item spatial 868 

sequences, we demonstrated that adults and preschoolers could spontaneously 869 

grasp a “geometrical language” endowed with several simple primitives of symmetry 870 

and rotation, as well as recursive combinatorial rules (Amalric et al., 2017). In the 871 

future, the present task may allow testing of this model in monkeys as well. One 872 

hypothetical suggestion from our comparative study is that monkeys only focus on 873 

the individual locations and fail to spontaneously learn any kind of spatial relational 874 

structures linking them(Fagot and Deruelle, 1997; Parron and Fagot, 2007; Spinozzi 875 

et al., 2009; Neiworth et al., 2014). Here, the failure to learn such regularities was 876 

not due to a lack of training, as the two monkeys were trained with hundreds of 877 
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thousands of trials over more than 2 years. Behavioral analyses and the conjunctive 878 

coding model suggested that children outperformed monkeys in using global 879 

geometric structure and chunking to compress the sequence spontaneously, even 880 

though on average, they showed a similarly poor sequence reproduction 881 

performance. 882 

The difference in behavioral performance between humans (adults and children) 883 

and monkeys cannot be interpreted by other experimental accounts. For example, 884 

one may argue that humans are more familiar or have more prior experience with 885 

the geometrical layouts than monkeys, which may therefore have higher possibilities 886 

for grasping abstract patterns. This seems unlikely, as monkeys have been 887 

habituated with the spatial sequences with different patterns for years and many (> 888 

600) trials in every training day. Furthermore, previous behavioral studies have 889 

indicated that infants, without much prior experience, already possess a capacity to 890 

quickly grasp abstract sequence patterns in the first days of life (Dehaene-Lambertz 891 

et al., 2002). The other confounding issue could be memory capacity or attention 892 

level between humans and monkeys. This could be easily excluded, as children and 893 

monkeys may share similar working memory capacity (Cowan, 2001; Buschman et al., 894 

2011; Heyselaar et al., 2011; Lara and Wallis, 2012; Simmering, 2012), but their 895 

performance of learning abstract patterns was significantly different. Also, 896 

differences in the task design, such as inter-target delays (ITDs) or stimulus onset 897 

asynchrony (SOAs), were unlikely to account for our main observations. The two 898 
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monkeys were tested with different SOAs but did not differ in their strategies. The 899 

presentation duration used in the present study (>250ms) was also out of the range 900 

(50-100 ms for a single item) in which performance was enhanced with increased 901 

presentation duration (Vogel et al., 2006; Bays et al., 2011). In addition, longer inter-902 

target intervals could lead to better performance of memory tasks (Neath and 903 

Crowder, 1990, 1996; Guérard et al., 2010), while in the present study, monkeys 904 

were presented with a longer ITD but showed a worse memory performance than 905 

humans. Finally, the learning strategy may differ between groups, as the monkey’s 906 

training is involved in complicated procedures. It is worth noting that the current 907 

study tested the spontaneous learning of abstract pattern in both humans and 908 

monkeys. The task requirement, which is repeating sequences, is orthogonal to the 909 

learning of geometrical regularities within the sequence. 910 

However, we cannot exclude that monkeys would eventually be able to learn 911 

relational structures and chunking as strategies to process spatial sequences, if given 912 

certain feedback using reinforcement learning algorithms and with intensive training, 913 

or such ability to use chunking strategy is qualitative or quantitative (Minier et al., 914 

2016; Heimbauer et al., 2018; Jiang et al., 2018; Rey et al., 2019; Tosatto et al., 2021). 915 

It also has been demonstrated that monkeys could use chunking in other domains, 916 

e.g. motor sequences(Fujii and Graybiel, 2003; Ramkumar et al., 2016). Yet, most of 917 

behavioral studies showing animals could learn abstract rules or structures also 918 

demonstrated a long-time and intensive training requirement for task learning (Fujii 919 
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and Graybiel, 2003; Minier et al., 2016; Ramkumar et al., 2016; Heimbauer et al., 920 

2018; Rey et al., 2019; Tosatto et al., 2021). Therefore, our comparative observations 921 

may suggest that the difference in sequence processing between humans and other 922 

animals may depend on both human-specific neural circuitries (e.g., temporal-frontal 923 

language neural network) and specific structure-sensitive learning algorithms, rather 924 

than the mere memory capacity. It seems that only humans could use these 925 

algorithms to represent the world in a non-task-specific way. However, monkeys 926 

may still heavily rely on the reward as a reinforcer, which requires too many samples 927 

for training. Future research should examine the neural mechanisms underlying 928 

spontaneous pattern learning to test whether these sequence processing tasks 929 

involve a universal attention or working memory circuity, including dorsal visuo-930 

spatial network or human-unique language regions (Wang et al., 2019). 931 
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 1130 

 1131 

Figure legends 1132 

Fig. 1. Delayed-sequence reproduction task and behavior. (A) Task. The task was 1133 

highly similar between groups, and a trial was always initiated by the participants. A 1134 

series of sample stimuli (length = 4, 5 or 6 in adults, length = 4 in children, length = 3 1135 

or 4 in monkeys), chosen from six spatial locations, was presented at a fixed rate. 1136 

After a delay, the go-cue appeared, and participants were required to touch the 1137 

screen to reproduce the sample sequence (for details see Methods). (B) Positional 1138 

accuracy. Accuracies on each ordinal position during sequence reproduction. Error 1139 

bars indicate SEM across participants (adults and children) or sessions (monkeys)(C) 1140 

Transposition gradient in the temporal order. X-axis: the temporal order; Y-axis: the 1141 

probability of response. Participants’ recall order is more likely swapped with the 1142 

neighbor orders. (D) Transposition gradient in the spatial location. X-axis: the 1143 

distance from target position on the hexagon; Y-axis: the probability of error 1144 

response. Participants wrongly select locations near target locations and the 1145 

probability of selecting an error position decreases as its distance) from target 1146 

position increases. SEM: standard error of the mean. M1: Monkey 1; M2: Monkey 2. 1147 

 1148 

Fig. 2. Extraction of relational structure in humans. (A, B) Sequences and Patterns. 1149 

The lines with the arrows on each hexagon mark the trajectory that connects the 1150 

items in a sequence. Every twelve sequences, regardless of starting position and 1151 

moving direction (clockwise or counterclockwise), shared the same relational 1152 

structure and were grouped into one sequence pattern (surrounded with grey box). 1153 

A total of 30 patterns were defined based on their relational structures. (C and D) 1154 
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Within- and between- pattern differences based on averaged data (averaged across 1155 

participants in humans and averaged across sessions in monkeys). Within each 1156 

pattern, the accuracy difference between sequences was tested with the Kruskal-1157 

Wallis test for each pattern, denoted by each dot in (C). A Bonferroni correction was 1158 

applied for “within-pattern difference” tests. Across patterns, sequences were 1159 

grouped by matching the starting point and orientation (clockwise and 1160 

counterclockwise) of the sequence, resulting in 12 matched sequences in each 1161 

pattern. Friedman test was used to compare the accuracy difference between 1162 

patterns based on average accuracies of sequences (D). Log-transformed p values (y-1163 

axis) of within- and between- pattern differences were plotted for each group. 1164 

Larger log-transformed values correspond to lower p values. Horizontal dash lines 1165 

mark the log-transformed values when p = 0.05 and p = 0.001. M1: monkey 1; M2: 1166 

monkey 2. (E)Within-pattern differences on subject-by-subject basic. Bonferroni 1167 

corrections for multiple comparisons were applied. The lack of significant within-1168 

pattern difference was highly consistent in each participant. (F) Accuracy of each 1169 

pattern in the three groups. Patterns were sorted according to children’s accuracy in 1170 

descending order. A quadratic polynomial fitting line is shown for each group. Error 1171 

bars indicate SEM across sequences. (G, H, and I) Correlations of the mean 1172 

accuracies of patterns between groups (n = 30). ***p < 0.001. 1173 

 1174 

Fig. 3. Fitting behavioral data to the conjunctive coding model. (A) Model schema. 1175 

The model assumed that the representation code of a spatial sequence is a 1176 

conjunction of the spatial items (six locations on the hexagon) and ordinal positions. 1177 

(e.g.,1st, 2nd, 3rd, and 4th) (for details see Methods). The showed binding space is the 1178 

encoding matrix of an example sequence 1-3-2-5, as the location “1” at first (red), 1179 

the “3” at second (orange), the “2” at third (green) and the “5” at fourth (blue). 1180 

During sequence retrieval, the decoding matrix was obtained via a discretization and 1181 

normalization of the encoding matrix (see Methods). In addition, conditional 1182 

probabilities were used. Each retrieved item was removed in the subsequence step 1183 

because in the current task, each location was only sampled once in a sequence. The 1184 

probability of correct retrieval of the target sequence 1-3-5-2 was shown (for details, 1185 

see Methods). (B, C and D) Positional accuracy (B), transposition gradient in 1186 

temporal order (C), and transposition gradient in spatial location (D) fitted from the 1187 

model. Shaded error bars (B) indicate the 95% CI of model fitting results from 1,000 1188 

bootstrap resamples, and the solid lines (B, C and D) are the results of the model 1189 

using the medians of the best fitting parameters from 1000 bootstrap resamples. (E, 1190 

F, and G) The precision of temporal order (λ)(E), spatial location (κ)(F), and 1191 

weights(w) assigned along with the ordinal ranks (G) from the model fitting of each 1192 

group. The bars are the medians of the best fitting parameters from 1000 bootstrap 1193 

resamples, and the error bars indicate the 95% CI. (H) The accuracy of sequence 1194 
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reproduction in human adults, children, and monkeys. Error bars indicate SD across 1195 

participants (in adults and children) or sessions (in monkeys, averaged over all the 1196 

sessions across two monkeys). (I) The performance of 30 patterns was not predicted 1197 

by the model. Each dot corresponds to one pattern. 𝑅2 was the coefficient of 1198 

determination to evaluate the goodness-of-fit of simulated vs. measured P(correct) 1199 

of the 30 patterns (see Methods). *p < 0.05; **p < 0.01; ***p < 0.001; n.s., non-1200 

significant. 1201 

 1202 

Fig. 4. Sequence compression in humans. (A) Reaction time (RT) of each ordinal 1203 

position from the correct trials. Error bars indicate SEM across participants (in adults 1204 

and children) or sessions (in monkeys). (B) The 8 chunking modes (for details see 1205 

Methods) and corresponding normalized RT. The RTs of each ordinal position were 1206 

transformed to z scores with the mean and standard deviation of all sequences (left 1207 

panel). The significances of the pair-wise Wilcoxon tests between the 1st and 2nd item 1208 

within a chunk are shown. Error bars correspond to SEM across sequences. Patterns 1209 

in each chunking mode are listed on the right panel. (C) Correlation between pattern 1210 

complexity and task performance of each pattern (left panel: accuracy of sequence 1211 

reproduction, right panel: mean RTs). The complexity of each pattern was measured 1212 

according to chunk size (𝛴𝑖
𝑛 1

𝑘𝑖
 , where ki is the size of the chunk that contained the ith 1213 

item, and n is the sequence length). Accuracy of sequence reproduction (left) and 1214 

mean RTs (right) in humans (adults: khaki; children: cyan) were significant predicted 1215 

by sequence complexity. In contrast, monkeys’ (brown) accuracy showed a 1216 

significant positive correlation with the complexity. The RT used in the analysis was 1217 

the average of all touches in the correct trials. For each group, a regression line is 1218 

plotted, and the significance of Spearman’s correlation is shown (n = 30). (D) 1219 

Illustration of the chunk-based conjunctive coding model. Chunks were defined 1220 

based on the Gestalt principles of proximity and similarity, and spatially and 1221 

temporally adjacent items were put into the same chunk. The model assumed that 1222 

chunking processing would improve the order precision(λ). The precision of the 1223 

temporal order for each target was determined by their chunk size (the number of 1224 

targets in a chunk). *p < 0.05; **p < 0.01; ***p < 0.001; n.s., non-significant.  1225 

 1226 

Fig. 5. Chunk-based conjunctive coding model and model comparisons. (A) In both 1227 

children and adults, the chunk-based conjunctive coding model outperformed the 1228 

other models, including the conjunctive coding model, the path-length-based model, 1229 

and the path-crossings model. Error bars indicate SEM across patterns. (B) The 1230 

chunk-based model in monkeys showed the opposite prediction profile that 1231 

chunking modes containing larger chunking size displayed worse behavioral 1232 
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performance. (C)The weight (w) of each ordinal position, the precision of temporal 1233 

order (λ), and spatial location (κ) of each chunk size fitted from the chunk-based 1234 

conjunctive coding model in the three groups. All the above results used the 1235 

medians of the best fitting parameters from 1000 bootstrap resamples. 1236 

 1237 
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Table 1: Model comparison after cross validations 

  Adults  Children  Monkeys 

Model  𝑘 ∆AIC̅̅ ̅̅ ̅ ∆BIC̅̅ ̅̅̅  𝑘 ∆AIC̅̅ ̅̅ ̅ ∆BIC̅̅ ̅̅̅  𝑘 ∆AIC̅̅ ̅̅ ̅ ∆BIC̅̅ ̅̅̅ 

Conjunctive coding   7 2888 2866  7 2692 2670  7 584 562 

Chunk-based   10 0 0  10 0 0  10 0 0 

Path-length-based  9 1025 1018  9 1200 1192  9 1493 1486 

Path-crossings-base

d 
 8 2911 2896  8 2422 2407  8 279 264 

Note. The AICs and BICs shown were averaged across 100×3 = 300 validations. k: 

number of parameters.  

 












