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Abstract

Recent studies examining cued recall in Trans-
formers have observed that these language mod-
els remember information from the beginning
or end of a passage more easily than informa-
tion in the middle, a pattern which is evocative
of serial position effects (primacy and recency)
observed in human memory. However, while
these effects have been documented in humans
across a range of memory tasks (e.g., serial
recall, free recall, item recognition), it is less
clear whether they generalize beyond cued re-
call in Transformers.

We address this limitation of previous work
by performing novel behavioral evaluations on
Transformers using a simple item recognition
paradigm, which we compare against evalua-
tions using cued recall. We find that Trans-
formers show weak or absent recency effects in
item recognition, a pattern which differs from
human behavior and from Transformers’ own
behavior in cued recall. A subsequent exper-
iment examines the role of Transformers’ ar-
chitectural biases in producing serial position
effects in item recognition and cued recall.

1 Introduction

An essential capacity of language models (LMs)
based on the Transformer architecture (Vaswani
et al., 2017) is memory retrieval: referencing
words from the previous context to determine fu-
ture words. Memory retrieval, accomplished by
Transfomers’ attention mechanism, enables these
models to resolve linguistic dependencies (Michel
et al., 2019; Clark et al., 2019), which is necessary
for generating grammatical text; memory retrieval
is also critical for practical tasks like summariza-
tion and question answering for which Transform-
ers are widely used (Dong et al., 2023).

Given the central role of memory retrieval in
Transformers’ performance, it is natural to ask
whether these models’ memory is influenced by
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Figure 1: Illustration of cued recall (left) and item recog-
nition (right) tasks used to study human memory. The
cued recall example is borrowed from Murdock (1963b).

the same biases that affect human memory. A par-
ticular case that has received recent attention in-
volves serial position effects. Given a list of items
to memorize (e.g., words), humans tend to remem-
ber initial items and final items better than items
in the middle; these two patterns are respectively
referred to as primacy and recency effects. Recency
effects in humans are often attributed to factors like
decay or interference (Peterson and Peterson, 1959;
Bjork and Whitten, 1974), while primacy is often
attributed to factors like rehearsal of initial memory
items (Rundus, 1971).

Recent work has reported evidence of primacy
and recency effects in Transformers as well. This is
an interesting result because there is little intuitive
reason to expect that factors like decay, interfer-
ence, or rehearsal would play into Transformer
memory in the same way they play into human
memory. While it seems possible that Transform-
ers develop primacy and recency effects as a re-
sult of learning from human-authored text that re-
flects these biases (Janik, 2023), it has also been
argued that primacy and recency effects directly re-
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Figure 2: Examples of serial position effects documented in previous studies of human memory. Figure (a), adapted
from Murdock (1963a, Fig. 2), is from a paired-associate cued recall task. Figure (b), adapted from Oberauer (2003,

Fig. 3), is from an item recognition task.

sult from elements of the Transformer architecture
like causal masking and position encoding (Wu
et al., 2025; Wang et al., 2025).

In the effort to relate serial position effects in
Transformers and humans, one overlooked detail
involves the choice of evaluation task. Serial po-
sition effects in Transformers have often been re-
ported from tasks involving cued recall, in which
a model is exposed to a set of cue—target pairs, a
particular cue is presented a second time, and the
model determines the corresponding target. For
example, Liu et al. (2024) test for serial position
effects using a JSON key-value retrieval task and a
multi-document question answering task; both of
these follow the same fundamental form of locating
a piece of information based on a retrieval cue.

Cued recall tasks are also sometimes used to
study human memory, as illustrated in Figure 1
(left). Murdock (1963a) reports the serial posi-
tion curves from one such evaluation, results from
which are reproduced in Figure 2a. While a strong
recency effect is visible, these results do not show
much evidence of a primacy effect in humans, un-
like results from other common memory tasks (e.g.,
serial recall, free recall, or item recognition). In
general, relatively few studies have used cued re-
call paradigms to evaluate serial position effects in
humans; a survey in Oberauer et al. (2018) of serial
position effects across memory paradigms does not
mention cued recall. The scarcity of experimental
data makes it difficult to compare primacy and re-
cency effects in LMs and humans based on cued
recall tasks alone.

The present work therefore introduces a novel
Transformer evaluation task which is inspired by
item recognition studies with humans. As shown
in Figure 1 (right), a typical item recognition task
for humans requires the subject to memorize a list
of single words. A probe word is then presented,
and the subject responds “yes” or “no” depending
on whether the word was previously in the list.

Primacy and recency effects have been observed
in both humans’ reaction times and their accu-
racy rates on item recognition tasks (Monsell,
1978; McElree and Dosher, 1989; Oberauer, 2003).
For example, Figure 2b reproduces results from
an accuracy-based evaluation in Oberauer (2003),
showing a first-item primacy effect followed by a
more extended recency effect.

We compare Transformers’ serial position ef-
fects in this new task to their effects in a standard
cued recall evaluation. In behavioral experiments
using Pythia (Biderman et al., 2023) LMs, we repli-
cate the widely observed U-shaped curve for cued
recall, but observe a different pattern for item recog-
nition, with strong primacy effects and weak re-
cency effects.

To understand whether Transformers’ architec-
tural biases influence cued recall and item recog-
nition in similar ways, we perform a further ex-
periment in which Transformers are trained from
scratch on controlled datasets. We find evidence
that architectural bias plays a similar role in the two
tasks, although its effects on item recognition are
somewhat weaker. Evaluations on ablated models
show that positional encodings and causal masking



may have a more nuanced connection to serial po-
sition effects than has been described in other work
(Wu et al., 2025; Wang et al., 2025).

The code used for the experiments in this
paper is available at https://github.com/
christian-clark/item-recognition.

2 Related Work

Primacy and recency effects in Transformers have
been widely documented in natural language pro-
cessing (NLP) tasks that follow a “needle-in-a-
haystack” format, such as key-value retrieval and
multi-document question answering (e.g., Kamradt,
2023; Liu et al., 2024; Wang et al., 2025). Most
of these studies use English LMs, but similar ef-
fects have been observed crosslinguistically (Men-
schikov et al., 2025). Serial position effects have
also been reported in other NLP tasks with less re-
semblance to cued recall, such as classification and
summarization (e.g., Wang et al., 2023; Guo and
Vosoughi, 2025), although the effects often deviate
from the U-shaped serial position curves seen in
cued recall tasks. Our work uses simplified tasks
rather than these NLP evaluations in order to more
directly interface with research on human memory.

Recent work has looked at potential causes be-
hind serial position effects (e.g., causal masking
and positional encoding) through formal analyses
(Wu et al., 2025; Wang et al., 2025) and/or experi-
ments on trained-from-scratch models (Wu et al.,
2025; Salvatore et al., 2025). Our Experiment 3,
which also evaluates trained-from-scratch models,
expands this work to the study of item recognition
tasks.

Two other relevant studies are Armeni et al.
(2022) and Janik (2023). Armeni et al. (2022)
tests for verbatim memory in Transformers using a
prompting technique resembling serial recall evalu-
ations of humans. However, because the prompts
allow the model to condition on the correct initial
list items when processing later items (i.e., teacher
forcing), the behavior they elicit does not straight-
forwardly map to human recall. Janik (2023) shows
strong primacy and recency effects using a simple
cued recall paradigm that we adopt for our Experi-
ment 1.

3 Experiment 1: Cued Recall

Our first experiment uses a cued recall paradigm as
a replication of previous memory studies showing
U-shaped serial position curves in Transformers.

Please try to remember these sentences. Britt lives in
Santiago. Ethan lives in Portland. ...Harry lives in
Nashville. Now, after you received all this information,
try to concentrate, drink a cup of coffee, go for a walk.

Then please complete the following sentence, based on

what you read earlier. Ethan lives in | Portland

Figure 3: Example prompt for the cued recall task (Ex-
periment 1).

3.1 Methods

We adopt the prompting technique of Janik (2023),
an example of which is shown in Figure 3. Each
prompt begins with brief instructions, followed by
a list of sentences containing pairs of names and
cities, e.g., Ethan lives in Portland. After an in-
tervening passage, one of the name—city sentences
is repeated, and the surprisal of its city word is
recorded. This task involves cued recall because
the name (e.g., Ethan) is used as a retrieval cue
to identify the corresponding city (Portland). We
restrict our evaluation to name—city pairs for this
experiment, but Janik (2023) shows that similar
results obtain with other kinds of cue—target pairs.

The names in the main sentences are a subset of
the Natural Language Toolkit names corpus (Bird
et al., 2009), which consists of English first names.
The full set of first names was filtered down to
names that are a single token in vocabulary of the
Pythia and GPT-2 models; the size of this filtered
subset was 1248 names. The cities in the main
sentences were selected from the top 1000 world
cities by population according to a world cities
database.! These were similarly filtered down to
single-token cities, resulting in a final set of 100
cities.

1000 sets of name—city pairs were randomly gen-
erated, half of which contained 20 pairs and the
other half of which contained 50 pairs. Names and
cities never overlapped across pairs. These were
used to generate prompts following the form of
Figure 3, in which name—city pairs are embedded
in sentences and a single pair is repeated at the end.

Our evaluation measure, which we term sur-
prisal reduction, measures the degree to which the
surprisal (negative log probability) of the target city
(Portland in Figure 3) is reduced at the end of the
prompt, relative to its surprisal when it first occurs
in the prompt. The surprisal reduction of target

"https://simplemaps.com/data/world-cities
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word w; is defined as follows:

Sinitial (Wi) — Sfinal (w;)
Sinitial (W)

SurpReduc(w;) = , (D

where Sipitial(w;) is the target word’s surprisal
when it first appears in the prompt and Sgpa1(w;) is
the same word’s surprisal at the end of the prompt.
A surprisal reduction near 1 means that the LM
strongly expects the target city w; after being cued
with its corresponding name; on the other hand, a
surprisal reduction near 0 means that the LM shows
no sign of remembering the target city. Surprisal
reduction is closely related to the repeat surprisal
metric used by Armeni et al. (2022).2

The LMs used in this experiment were from
the Pythia (Biderman et al., 2023) family of mod-
els, which includes models with 14M, 31M, 70M,
160M, 410M, 1B, 1.6B, 6.7B, and 12B parame-
ters.’

3.2 Results

Figure 4 shows the average surprisal reduction by
serial position across the Pythia models. These
curves are plotted separately for list lengths (i.e.,
number of name—city sentences) of 20 or 50.
Across both list lengths, we generally replicate the
U-shaped curve noted in Janik (2023) and other
previous studies on Transformers’ serial position
effects in cued recall. The main exceptions are
the smallest Pythia models (14M, 31M, and 70M),
which show strong primacy effects but weakened
or absent recency effects; this is consistent with
trends observed by Janik (2023). See Appendix A
for a replication with GPT-2 LMs (Radford et al.,
2019) which shows similar trends.

4 Experiment 2: Item Recognition

Our second experiment tests whether Transformer
LMs display similar primacy and recency effects
in a behavioral evaluation inspired by item recog-
nition studies in humans (Fig. 1, right). Unlike
cued recall, item recognition is a task for which
primacy and recency effects in humans are well at-
tested (Madigan, 1971; McElree and Dosher, 1989;
Oberauer, 2003).

2SurpReduc(w;) = 1 — RepeatSurprisal (w;)

>We use the Pythia variants trained on deduplicated data,
except for the 14M and 31M sizes, for which “deduped” vari-
ants are not currently available.
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Figure 4: Pythia cued recall results.
4.1 Methods

Figure 5a shows an example prompt used to test
item recognition. The prompt consists of two sen-
tences, the first of which introduces a list of names,
and the second of which repeats one of the names
in a context in which any of the listed names would
be appropriate. We assume that lower surprisal as-
sociated with the repeated name reflects stronger
item recognition in LMs, just as higher response
accuracy and faster reaction times reflect stronger
item recognition in humans.

The same set of single-token names was used
as in Experiment 1. Names in the prompt’s first
sentence were separated by commas and spaces; to
avoid distinguishing the last name in the list (Lisa
in Fig. 5a), we omitted the conjunction and that
would typically precede it. Similarly to Experi-
ment 1, a set of 1000 name lists was generated to
fill in the prompt, 500 of which contained 20 names
and the other 500 of which contained 50 names.

To measure recognition of the final word, we
compare its surprisal at the end of the main prompt
(e.g., Fig. 5a) to the surprisal of the same word
following a baseline prompt (Fig. 5b), which pre-



This morning

(e 24

Elena, Clint, ..., Adrian, Lisa were the

people I encountered. In the afternoon, I again saw

(a) Main prompt
In the afternoon, I again saw | Adrian

(b) Baseline prompt

Figure 5: Example prompt for item recognition (a) and
prompt used to calculate baseline surprisal (b) in Exper-
iment 2.

serves some of the context but without the initial
name list.

Our evaluation metric for this task also accounts
for the fact that an LM must divide its probability
mass over the possible names at the end of the
main prompt. For instance, an LM with strong item
recognition would not only assign high probability
(low surprisal) to Adrian at the end of the prompt in
Figure 5a, but would also assign high probability to
other names in the memory list (Elena, Clint, Lisa,
etc.). For a list of N names, we assume an LM with
optimal item recognition (and no positional bias)
would assign each name a uniform probability of
1/N, and thus a surprisal of S, (w;) = In N. Our
revised definition of surprisal reduction for item
recognition includes this term in the denominator:

- Smain (wz)
- Sunif (wz) '
2
Here, Spain(wi) and Spaseline (w; ) are the surprisal
of w; at the end of the main prompt and the base-
line prompt respectively. Including Sy¢ in the
denominator means that a surprisal reduction near
1 occurs when Syain is near Sypnir(w;), the “best-
case” surprisal.

Sbaseline (wz)
Sbaseline (wz>

SurpReduc(w;) =

4.2 Results

Figure 6 shows the serial position curves for item
recognition across the Pythia models. Unsurpris-
ingly, larger models tend to show a stronger sur-
prisal reduction. Primacy effects are consistently
present; these are particularly strong at the first list
items but carry over into later positions in most
models. Evidence of recency effects, on the other
hand, is scant. A slight increase in surprisal re-
duction occurs for final words in certain models
(particularly Pythia 160M), but it is much weaker
than the primacy effects.
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Figure 6: Pythia item recognition results.

These serial position curves differ from the cued
recall results in Experiment 1 (Figure 4). The
curves in Experiment 1 were mostly symmetrical,
while the curves from item recognition show dom-
inant primacy effects. The difference across ex-
periments suggests that serial position effects in
Transformers are sensitive to the choice of evalua-
tion task. Figure 6 also contrasts markedly with re-
sults from item recognition evaluations in humans,
which show both primacy and recency effects, the
latter of which are usually stronger (Monsell, 1978;
McElree and Dosher, 1989; Oberauer, 2003). Ap-
pendix A presents results from GPT-2 models on
the same evaluations, which again show similar
trends to Pythia models.

To verify that the behavior observed in this ex-
periment was not driven by the specific choice of
prompt (Figure 5) and list items, evaluations were
performed using differently worded prompts, and
using lists of cities instead of names. The results
from these evaluations showed similar trends to
Figure 6; see Appendix B for further details.



5 Experiment 3: The Role of
Architectural Bias

The previous experiments use off-the-shelf Pythia
and GPT-2 LMs whose serial position effects may
reflect a mixture of innate architectural biases in
Transformers and patterns learned from their train-
ing corpora. Our third experiment uses controlled
evaluations to assess the degree to which serial
position effects in cued recall and item recogni-
tion arise from the Transformer architecture itself.
Specifically, it examines the learning trajectories
of Transformers that are trained to predict patterns
resembling simplified forms of the cued recall and
item recognition prompts used in Experiments 1
and 2. We test whether Transformers take longer to
learn patterns involving repetition of a list-medial
item than patterns involving repetition of list-initial
or list-final items. We also test ablated models
without positional encodings or causal masking
to assess how these elements of the architecture
influence observed serial position effects in item
recognition and cued recall.

5.1 Methods

A set of Transformer LMs was trained from scratch
using artificial corpora. The sentences in each arti-
ficial corpus followed one of two patterns. The first
pattern, meant to resemble the cued recall paradigm
in Experiment 1, took the form

T1Y1T2Y2 ... T Yn Ti Yi- 3)

The second pattern, meant to resemble the item
recognition paradigm in Experiment 2, took the
form

xr1 T2 ... T, SEP x;. )

Here, n is the list length and 7 € {1,...,n} is the
index of the repeated pair or item. The SEP token
in (4) separates the memory list from the repeated
item.*

The z and y items in the memory lists were
chosen by randomly permuting two disjoint sets of
tokens X and Y, with | X| = |Y| = n. In keeping
with Experiments 1 and 2, we tested n € {20, 50}.

For corpora with n = 20, we tested i €
{1,2,10,11, 19,20}, and for corpora with n = 50,

4SEP was added to (4) after seeing that models trained
on the item recognition pattern without an intervening SEP
converged extremely quickly when ¢ = n, because of the ease
of predicting a second x,, directly from z,, without having
to attend to other tokens. This issue did not affect models
trained on the cued recall pattern because x; already separates
y; from y,.

we tested i € {1,2,25,26,49,50}. These indices
were selected to examine how easily the model
learns to repeat memory items at the beginning,
middle, and end of the list, with two indices at
each location to check whether observed behav-
ior was reasonably consistent between neighboring
indices.> For each 4 value, 10 training corpora
containing 1 million sentences were randomly gen-
erated and used to train 10 randomly initialized
Transformers.

The Transformers trained in this experiment
were two-layer models based on the Pythia archi-
tecture. These models included 2 layers with 4
attention heads and a hidden dimension of 64, for
a total parameter count of 2.2M. This small size
was chosen to allow for training a large set of mod-
els on the available budget. Models’ vocabulary
was restricted to X U Y (for models trained on
the cued recall-style corpora) or X U {SEP} (for
models trained on the item recognition—style cor-
pora). Like standard Pythia models, the trained-
from-scratch Transformers used rotary embeddings
(Su et al., 2024) by default.

Because the tokens in the memory list are se-
lected randomly, their losses do not provide a mean-
ingful training signal. We therefore modified the
training objective to only consider the loss of the
final token, which is equivalent to its surprisal. The
surprisal reduction of token w; at training step ¢
was calculated by comparing its loss at ¢ to its loss
in an untrained model (i.e., £ = 0):

Suntrained (wz) - S (wl)

SurpReduc(w;, t) = S ()
untrained \Ws

)
where Syntrained (w; ) is the loss from the untrained
model and S;(w;) is the loss at step ¢.°

5.2 Ablations

Along with testing the learning dynamics of models
following the standard Pythia design, we tried ab-
lating two elements in the Transformer architecture
that have been argued to influence serial position
effects (Wu et al., 2025; Wang et al., 2025):

* Rotary embeddings (RoPE). The rotary em-
beddings used in Pythia LMs perform a ro-
tation to query and key embeddings propor-
tional to their position in the input sequence,

3Other values for ¢ were not tested due to limitations in

compute budget.

®Including Sunir(w;) in the denominator, as in Equation (2),

was not necessary here because there is only one correct can-
didate for the final token.
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Figure 7: Illustration of the standard Transformer causal
mask and a prefix mask. The prefix mask allows all
items up to SEP to attend to each other, potentially re-
ducing the primacy bias arising from causal masking.

which causes positions closer together to have
more similar embeddings. This was argued to
introduce decay into Transformers, supporting
a recency effect. We trained ablated models
that lacked these positional encodings.

* Causal masking. The causal mask in autore-
gressive Transformer models blocks a token
at index ¢ from attending to tokens at index
7 + 1 and beyond. This was argued to con-
tribute to primacy effects because it amplifies
the influence of early positions. We ablate the
causal mask by replacing it with a prefix mask
that allows all items in the memory list to at-
tend to each other, removing the early-token
advantage (Fig. 7).

Models with ablated rotary embeddings
(—RoPE) and ablated causal masks (—Causal)
were trained following the methods in §5.1.

5.3 Results

The results from this experiment are presented
in Figure 8. The top two rows show the learn-
ing dynamics from models trained on cued recall—-
style corpora with memory lists of length n = 20
(Fig. 8a) and 50 (Fig. 8b). The bottom two rows
similarly show the learning dynamics from models
trained on the item recognition—style corpora with
memory lists of length 20 (Fig. 8c) and 50 (Fig. 8d).
Within each row, the three plots show results from
standard Pythia-based models (left), models with
ablated positional encodings (center), and models
with ablated causal masks (right).

Each plot shows the time course of the surprisal
reduction as a function of the repeated index ¢. For
a particular repeated index, this time course is rep-
resented as a series of vertically stacked markers
with varying opacity; these show the surprisal re-
duction at evenly spaced time steps over the course

of training. Lines between markers trace out se-
rial position curves by showing how the surprisal
reduction at a given time step varies by repeated
index.

The serial position curves in Figure 8a (left) and
8b (left) show that Transformers trained on the cued
recall-style corpora take longer to learn to repeat
list-medial items, a result which is consistent with
lost-in-the-middle trends observed from most mod-
els in Experiment 1 (Fig. 4). Primacy and recency
effects are especially strong in the evaluation with
n = 50 (Fig. 8b, left).

The serial position curves from models trained
on item recognition—style corpora—Figure 8c (left)
and 8d (left)—show somewhat weaker trends, with
serial position effects most clearly visible when
n = 50 (Fig. 8d, left).

These results provide evidence that the Trans-
former architecture itself contributes to serial po-
sition effects in both cued recall and item recog-
nition. But the effects are somewhat attenuated in
item recognition, indicating that their strength may
depend on the choice of evaluation task.

It is not entirely clear why the serial position
curves from item recognition (Fig. 8c, left, and 8d,
left) follow a different shape from what is seen
in Experiment 2 (Fig. 6). Three possibilities are
that (1) the serial position curves from Experiment
2 reflects biases in the Pythia training data that
steer the models away from recency effects; (2)
the shape of the curve varies by model scale, with
weaker recency effects in Pythia-scale models than
in the small Transformers tested in Experiment 3;
or (3) the shape of the curve is sensitive to the
differences between the specific item recognition
tasks used in Experiments 2 and 3. In future work
we plan to test these possible explanations with
additional controlled experiments.

The results from ablated models, in the center
and right plots of Figure 8, show interesting evi-
dence regarding the links between positional en-
coding, causal masking, and serial position effects.
As noted in §5.2, prior work by Wu et al. (2025)
and Wang et al. (2025) attributes primacy effects
to causal masking and recency effects to positional
encodings. However, we see cases of primacy
effects during training in models without causal
masking (Fig. 8d, right), and even stronger cases
of recency effects in models without positional en-
codings (e.g., Fig. 8b, middle). These findings may
indicate that causal masking and positional encod-
ing do not fully account for serial position effects,
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or at a minimum that their contributions to these
effects are not entirely separable.

6 Conclusion

A range of studies have pointed out primacy and
recency effects in Transformer memory when these
models are used for cued recall tasks. We intro-
duce an alternative task based on item recognition
to test whether this pattern holds in a paradigm
in which primacy and recency effects are more
clearly attested in humans (Monsell, 1978; McElree
and Dosher, 1989; Oberauer, 2003). In behavioral
evaluations of Pythia models, we observe a lack
of recency effects, contrasting with results from
human memory studies. Evaluations on smaller
Transformers trained on synthetic data show some
evidence for primacy and recency effects in item
recognition, but a shallower serial position curve
compared to cued recall.

The contrast between results from cued recall
and item recognition indicates that Transformers’
serial position effects are sensitive to the choice of
memory task. Although this variability in Trans-
formers leads to a mismatch with humans in some
cases, it is worth noting that serial position effects
in humans are also task-sensitive. For example, the
relative strength of humans’ primacy and recency
effects differs between forward and backward se-
rial tasks (Madigan, 1971). A fruitful direction for
future work may be to apply a wider range of mem-
ory evaluations to Transformers—and other LM
architectures—to more fully understand in what
cases the LMs show similar behavioral biases to
humans.
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Figure 9: GPT-2 cued recall results.

A Cued Recall and Item Recognition
Results from GPT-2

Figures 9 and 10 show evaluation results on GPT-2
models (Radford et al., 2019) using the cued recall
task from Experiment 1 and item recognition task
from Experiment 2, respectively.
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Figure 10: GPT-2 item recognition results.

B Additional Item Recognition
Evaluations

Figures 11, 12, and 13 present results from three al-
ternative item recognition evaluations on the Pythia
and GPT-2 LMs. Figure 11 uses a prompt that clar-
ifies that the speaker met the people all at once in a
group, to avoid the potential implication of chrono-
logical ordering in the original prompt (Figure 5).
Figure 12 uses an instruction-based prompt similar
to the Experiment 1 prompt (Figure 3). Figure 13
uses cities rather than names as list items.
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Figure 11: Pythia and GPT-2 item recognition results with an alternative prompt. Example of main prompt: In the
morning, I had a meeting with a group of people including Elena, Clint, ..., Adrian, Lisa. In the afternoon, I again
encountered Adrian. Baseline prompt: In the afternoon, I again encountered Adrian.
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Figure 12: Pythia and GPT-2 item recognition results with an alternative prompt. Example of main prompt: Please
try to remember the following names: Elena, Clint, ..., Adrian, Lisa. Now, after you received all this information,
try to concentrate, drink a cup of coffee, go for a walk. Then please complete the following sentence using one of
the names you read earlier. One of the names is Adrian. Baseline prompt: One of the names is Adrian.
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Figure 13: Pythia and GPT-2 item recognition results with an alternative prompt. Example of main prompt: The
cities I have traveled to include Edmonton, Prague, ..., Barcelona, Miami. Next year I will again be visiting
Barcelona. Baseline prompt: Next year I will again be visiting Barcelona.
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