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ABSTRACT

Large language models are typically controlled via prompts, which must be re-
peatedly re-processed for every new query and are difficult to reuse modularly. We
introduce TokMem, a procedural memory framework that compiles each reusable
task procedure into a single trainable memory token. Each token serves as both a
procedure index and a generation control signal that steers generation, enabling
targeted behaviors with constant-size overhead. TokMem keeps the backbone
LLM frozen and stores procedural knowledge entirely in these dedicated units, so
new procedures can be added continually without interfering with existing ones.
We evaluate TokMem on two settings: atomic recall over 1,000 Super-Natural
Instructions tasks and compositional recall on multi-step function-calling. Our
results show that TokMem consistently outperforms retrieval-augmented prompt-
ing while avoiding repeated context overhead. Moreover, it matches or exceeds
parameter-efficient fine-tuning with substantially fewer trainable parameters.1

1 INTRODUCTION

Large language models (LLMs) have become the foundation of modern natural language processing,
powering a wide range of applications in text understanding, generation, and coding (Brown et al.,
2020; Llama Team, 2024; Chen et al., 2021). Prompting is a widely adopted way to steer LLM be-
havior, where in-context learning enables adaptation to new tasks without parameter updates (Brown
et al., 2020). Consequently, prompt and context engineering has emerged as a dominant interface
for specifying tasks, obtaining relevant information, and guiding multi-step reasoning or tool invo-
cation (Wei et al., 2022b; Yao et al., 2023; Sahoo et al., 2025).

Despite their effectiveness, long prompts are inherently inefficient. They are labor-intensive to con-
struct and maintain, and they do not scale well when conditioning diverse queries across different
tasks (Liu et al., 2023). At inference time, longer contexts increase compute because self-attention
scales quadratically (Vaswani et al., 2017). They also shrink the usable context window for inputs
and outputs, often causing truncation and information loss (Liu et al., 2024a). Moreover, as tasks
accumulate, these costs make it increasingly difficult to execute task-specific behaviors efficiently.

To mitigate these issues, recent work externalizes prompts into retrieval-based memory. Retrieval-
augmented generation (RAG; Lewis et al., 2020) is used to retrieves and reinserts documents or
conversational state at inference time, a strategy exemplified by MemGPT (Packer et al., 2024).
Although retrieving in-context demonstrations (Wei et al., 2022b) can supply procedural cues, the
retrieved knowledge remains explicit text that must be repeatedly interpreted, resembling declarative
memory in cognitive science. This leads to two drawbacks: (1) retrieved content still occupies the
context window, reintroducing quadratic compute and truncation pressure, and (2) frequently used
procedures are repeatedly re-read as text rather than distilled into compact, reusable representations.

We propose One-Token Procedural Memory (TokMem), a modular framework that encodes task
procedures into compact, trainable tokens while maintaining a frozen LLM backbone. Here, a
procedure refers to a reusable context–response mapping that captures a specific task behavior;
the terminology is inspired by physiological research (Anderson & Lebiere, 1998), which posits

1Our code is publicly available at https://github.com/MANGA-UOFA/TokMem
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Figure 1: Overview of our TokMem approach. (a) New (colored) memory tokens are interleaved
with text sequences and trained via next-token prediction while the LLM backbone remains frozen.
(b) At inference time, a query recalls and chains memory tokens (e.g., parse, search, format), en-
abling multi-step procedural behavior without long prompts.

procedural knowledge as a compiled form of skill that is more efficient than the slow interpretation
of facts. Unlike factual knowledge that can be expressed in plain text, procedural knowledge (e.g.,
riding a bicycle) is often more nuanced and sophisticated.

In TokMem, a memory bank stores learned procedures (Figure 1a), where each memory token serves
both as an index to a procedure and as a control signal that steers generation, allowing the model to
execute targeted tasks with constant-size overhead regardless of the procedure’s complexity. Rather
than front-loading procedures as long prompts, TokMem integrates memory tokens directly into the
generation process by recalling them on demand at each stage. As illustrated in Figure 1b, TokMem
supports multi-step workflows by sequentially recalls procedure tokens such as parsing, searching,
and formatting; after the model completes a specific segment of the response, it retrieves the next
relevant token to condition the following stage, allowing for modular task composition.

A key advantage of TokMem is that its memory tokens are parameter-isolated from the backbone
LLM. Because each procedure is distilled into its own dedicated token, new skills can be added with-
out interfering with or degrading existing ones. This isolation naturally supports continual learning,
enabling the model to accumulate procedural skills over time while remaining stable. This mirrors
human procedural memory, where skills are gradually acquired through practice and later invoked
by contextual cues (Anderson & Lebiere, 1998). Overall, TokMem enables efficient learning and
continual expansion of procedural knowledge.

We evaluate TokMem in two complementary settings. First, in atomic recall, we treat each of the
1,000 tasks from Super-Natural Instructions (Wang et al., 2022a) as a distinct procedure. In this
setting, TokMem successfully stores and retrieves these procedures efficiently without catastrophic
forgetting, outperforming retrieval-based baselines by eliminating the noise and computational over-
head of text-based prompts. Second, in compositional recall using function-calling benchmark (Liu
et al., 2024b), each tool invocation is treated as an atomic procedure, and answering a query requires
chaining multiple such procedures together. Here, TokMem consistently matches or surpasses the
performance of parametric fine-tuning while using significantly fewer trainable parameters.

2 METHOD

In this section, we first review the Transformer processing pipeline and the limitations of current
textualized prompting (§ 2.1). We then introduce TokMem, detailing how procedures are encoded
into a single memory token (§ 2.2), how these tokens are recalled and chained at inference time
(§ 2.3), and the renormalization strategy used to stabilize the memory bank (§ 2.4).
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2.1 TEXTUALIZED CONTEXT ENGINEERING

A Transformer (Vaswani et al., 2017) processes a sequence of tokens (a1, . . . , an) ∈ Nn, where
each ai is an integer representing the index of a token (usually a sub-word). The model retrieves
the corresponding embedding vector from the embedding layer and produces an input sequence
(x1, . . . ,xn)

⊤ ∈ Rn×d, which is then used to predict the next token in sequence.

Recent advances in prompting can be viewed as textualized context engineering, where the goal is
to choose input tokens that steer the model toward desired behavior. For example, chain-of-thought
prompting (Wei et al., 2022a) augments the input with intermediate reasoning steps to improve
logical inference. Similarly, retrieval-based methods like RAG (Lewis et al., 2020) fetch external
documents to ground generation, while recent memory systems such as MemGPT (Packer et al.,
2024) retrieve text history into the active context to maintain conversational state. Critically, these
approaches all rely on expanding the textual prompt, consuming the limited context window and
increasing inference latency due to the quadratic cost of self-attention.

2.2 TOKMEM: PROCEDURAL MEMORY AS A TOKEN

Our key idea is that frequently reused task procedures can be effectively “compressed” and stored
by encoding them into a dedicated memory token, significantly reducing the verbosity of task in-
structions. Consider l memory tokens. They are added to the vocabulary as special tokens, each
represented by an embedding. Thus, they form a memory bank of l special embeddings:

M =

m
⊤
1

...
m⊤

l

 ∈ Rl×d, mi ∈ Rd. (1)

Each mi is a trainable vector with no direct textual form and represents a unique procedure. For
simplicity, we assign each memory token mi a special token index ami

∈ N.

To connect these tokens with training, we first describe a single training instance. We define a
procedure–response pair, where a procedure is invoked by a memory token mi and the response is
a sequence of textual tokens (ri1, . . . , rin) ∈ Nn that realizes the procedure in text. For example,
the response may specify tool-call arguments or follow a particular output format implied by the
procedure.

We formulate training as a supervised task where each procedure–response pair is provided, rep-
resented by concatenating a procedural memory token ami with the embeddings of (ri1, . . . , rin).
Each training instance may contain multiple procedure–response turns, modeling tasks that require
multi-step reasoning or composition for a query q. Formally, the sequentialized training sequence
has the layout

a =
(
q1, . . . , qk, ami

, ari1 , ari2 , . . .︸ ︷︷ ︸
procedure–response pair

, amj
, arj1 , arj2 , . . .︸ ︷︷ ︸

procedure–response pair

, . . .
)
. (2)

We adopt the standard next-token prediction loss:

L(a;M) = −
∑
i>k

log Pr(ai | a<i;M). (3)

The memory embeddings (m1, . . . ,ml) are shared between the input embedding layer and the
LM head. During optimization, these embeddings are trainable, whereas the pre-trained text token
embeddings and the backbone LLM remain frozen. Across the training corpus, each memory em-
bedding is exposed to diverse queries and responses, allowing it to learn the underlying procedure
representation. We visualize the training process in Figure 1a.

2.3 INFERENCE WITH MEMORY TOKENS

At inference time, TokMem recalls procedures via memory routing and conditional generation,
where routing selects the appropriate memory token for a query. Given q = (q1, . . . , qk), the model
predicts a distribution over memory tokens from the final hidden state hk:

P (ami | q) ∝ exp
(
logit(mi | hk)

)
, (4)
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We select the most probable token am∗ and append it to form [q ; am∗ ], after which the model gen-
erates the response auto-regressively. For multi-procedure queries, the model can predict additional
memory tokens after generating each response segment, enabling token chaining as in Figure 1b.
If a query does not match any learned procedure, all memory-token logits may remain low and the
model defaults to generating regular text.

In summary, the model decides whether (and how many) memory tokens to recall based on the
training layout in (Eq. 2).

2.4 STABILIZING NEW MEMORIES

While TokMem supports the modular addition of procedures, integrating new tokens into a frozen
backbone presents stability challenges. In continual learning settings, newly optimized memory
embeddings are prone to norm inflation (Hou et al., 2019). These new embeddings can dominate the
routing logits, suppressing the retrieval of old memories regardless of semantic relevance.

To address this, we introduce renormalization, a lightweight post-update calibration of the memory
bank M ∈ Rl×d. Let A and I denote the indices of the new and existing procedural memories,
respectively. We estimate the typical scale from the existing set:

n̄I = meanj∈I

∥∥mj

∥∥
2
, (5)

and rescale each new embedding as

mi ← mi ·
n̄I

∥mi∥2 + ε
, i ∈ A. (6)

This operation preserves the directions of newly added embeddings while aligning their magnitudes
to the established scale of the memory bank, ensuring smooth integration without overwhelming
routing dynamics. The computational overhead is negligible, scaling as O(|A|d).

3 EXPERIMENTS

We evaluate TokMem in two complementary scenarios. In atomic memory recall, each task from
Super-Natural Instructions (Wang et al., 2022a) is treated as a standalone procedure, where a query
maps directly to the desired response. In compositional memory recall, we evaluate multi-procedure
tool use on a function-calling dataset (Liu et al., 2024b): each tool invocation is modeled as an
atomic procedure, and solving a query requires composing multiple calls. Experiments are con-
ducted on the Qwen (Qwen Team, 2025) and Llama (Llama Team, 2024) families, ranging from
0.5B to 8B.

3.1 EXPERIMENTAL SETUP

Baselines. Across both settings, we compare TokMem against textualized context engineering,
retrieval-augmented memory, and parameter-efficient fine-tuning baselines.

• Base: In the atomic setting, the model answers queries without demonstrations, providing an
empirical lower bound that highlights the need to recall task knowledge.

• ICL: In the compositional setting, we augment the input with all tool descriptions and prepend
two compositional procedure–response demonstrations as a context-engineering baseline.

• RAG: We use Sentence-BERT (Reimers & Gurevych, 2019) to retrieve relevant demonstrations
or tool-use examples and prepend them to the query, following memory-augmented genera-
tion (Packer et al., 2024; Chhikara et al., 2025; Xu et al., 2025).

• Fine-tuning: We fine-tune low-rank adapters (LoRA; Hu et al., 2022), which are inserted into the
query and value projections of the transformer, with a parameter count comparable to TokMem.
This provides a parametric form of procedural memory.

• Replay Memory: To mitigate catastrophic forgetting during fine-tuning, we adopt experience
replay (Mnih et al., 2015) by maintaining a buffer of previously seen tasks or tools and mixing
them into the current training data.
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Table 1: Atomic recall performance on SNI (ROUGE-L). TokMem consistently outperforms fine-
tuning and RAG across models and scales, maintaining strong performance even at 1,000 tasks.

Number of Tasks
Model Method 10 50 200 500 1000 Avg.

Qwen 2.5 0.5B

Base 33.9 39.0 38.8 39.1 38.5 37.9
RAG 50.4 43.2 38.8 36.2 34.7 40.7
Fine-Tuing 52.4 48.0 40.6 41.7 43.2 45.2
Replay Memory 52.4 49.5 47.2 47.7 46.7 48.7
TokMem 52.8 51.3 49.3 50.2 50.0 50.7
TokMem+DC 53.8 50.5 50.2 50.9 50.0 51.1

Llama 3.2 3B

Base 16.6 19.9 20.0 18.7 18.2 18.7
RAG 60.0 48.7 45.8 42.3 39.9 47.3
Fine-Tuing 67.1 59.1 59.5 58.4 57.9 60.4
Replay Memory 67.1 61.1 60.6 61.4 60.0 62.0
TokMem 68.0 62.3 61.2 61.5 61.5 62.9
TokMem+DC 68.8 62.5 58.7 61.7 61.1 62.6

Llama 3.1 8B

Base 27.2 27.8 30.4 29.6 29.5 28.9
RAG 63.8 53.9 49.1 45.3 42.6 50.9
Fine-Tuing 75.8 64.3 63.2 58.7 61.6 64.7
Replay Memory 75.8 65.2 64.5 63.4 63.6 66.5
TokMem 75.4 65.5 65.1 64.4 64.8 67.0
TokMem+DC 75.6 65.8 63.7 64.2 64.4 66.7

Training Details. All methods are implemented in HuggingFace Transformers and trained on a
single NVIDIA A6000 GPU (48GB) using mixed-precision (bfloat16) training. The backbone mod-
els remain frozen: for fine-tuning, only the adapter weights (rank r = 8) are updated, whereas for
TokMem, only the embeddings of newly added procedure IDs are trainable. We expand the tokenizer
vocabulary with these procedure IDs and initialize their embeddings by averaging the pretrained em-
beddings (Hewitt, 2021). For Replay Memory, we mix 20% replayed samples into each batch, using
a buffer of 500 examples refreshed every 10 tasks in the atomic setting and 1,000 examples updated
each round in the compositional setting.

We optimize with AdamW using a learning rate of 5 × 10−5 for fine-tuning and 5 × 10−3 for
TokMem; weight decay is 10−2 for fine-tuning and zero for TokMem. Training runs for one epoch
with batch size 4 and maximum sequence length 1024, using teacher forcing and applying the loss
only to memory-token and response positions.

Evaluation Metrics. We evaluate TokMem from two perspectives: (1) memory-token routing ac-
curacy, which measures whether the correct memory tokens are selected, and (2) task performance,
which measures task-level generation quality (e.g., ROUGE-L and F1).

3.2 ATOMIC MEMORY RECALL

Dataset Details. We evaluate on Super-Natural Instructions (SNI; Wang et al., 2022a), which pro-
vides diverse QA-style natural language tasks. We use ROUGE-L (Lin, 2004) to measure generation
quality. Each task is treated as an individual procedure: a query directly invokes the learned pro-
cedure to produce the desired response. We sample 1,000 English tasks; each task contains 500
training samples and 50 test samples. To reflect how memories are typically acquired over time, we
introduce tasks sequentially during training rather than all at once, while shuffling examples within
each task. We scale the number of tasks from 10 to 1,000 and record checkpoints after training on
{10, 50, 200, 500, 1,000} tasks. This resembles incremental domain adaptation (Asghar et al., 2020),
where at each checkpoint we evaluate performance across all previously seen tasks. Additional task
details are provided in Appendix A.1.

Results and Findings. As shown in Table 1, baseline methods such as Base are stable but fail to
achieve competitive performance. RAG performs reasonably well when the memory load is small,
but degrades quickly as the number of stored task memories increases, indicating its sensitivity to
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Table 2: Task routing accuracy. TokMem achieves near-perfect routing accuracy at 1,000 tasks, far
exceeding the RAG retriever, whose accuracy falls below 80%.

Number of Tasks
Model Method 10 50 200 500 1000

Sentence-BERT RAG 99.6 92.6 88.7 83.2 79.7

Qwen 2.5 0.5B TokMem 99.4 98.6 97.4 96.9 94.7
TokMem+DC 99.4 99.2 98.4 97.2 96.1

Llama 3.2 3B TokMem 100.0 99.9 98.3 97.1 96.1
TokMem+DC 99.8 99.3 97.2 96.2 95.4

Llama 3.1 8B TokMem 99.8 99.6 98.9 97.7 97.5
TokMem+DC 99.7 99.4 97.8 97.2 97.2

Figure 2: Sample efficiency on a 10-task mixture from SNI. TokMem consistently outperforms fine-
tuning in the low-data regime and can surpass RAG with only 10 training samples, demonstrating
strong few-shot capability.

the retriever’s quality. Parametric methods such as fine-tuning achieve stronger initial accuracy but
suffer from forgetting as tasks accumulate; replay memory alleviates this issue but still falls short
of TokMem. By contrast, TokMem maintains high accuracy with minimal performance drop as it
acquires new task memories, achieving the best average results across all settings.

We also include a variant where each memory token is decoupled into an address token and a steering
token. This decoupling separates the roles of memory tokens and increases the capacity of TokMem.
We refer to this variant as TokMem with decoupled embeddings (TokMem+DC); further details are
provided in Appendix A.2.

The decoupled variant (TokMem+DC) yields modest gains for the smaller Qwen-0.5B model but no
improvement for larger Llama models, and in some cases it underperforms TokMem when scaling
to many tasks. Overall, although TokMem+DC is a tempting variant, it does not provide additional
benefits. We therefore focus on the simple yet effective TokMem (without DC).

Table 2 further highlights TokMem’s robustness in memory routing. Its accuracy remains above
94% even at 1,000 tasks with the smallest 0.5B model, significantly outperforming the Sentence-
BERT retriever used in RAG. By contrast, the retriever’s accuracy drops below 80% when routing
over 1,000 tasks. This high-fidelity routing enables TokMem to sustain strong performance with-
out external retrieval or fine-tuning, demonstrating its advantage for continual and large-scale task
acquisition.

Analysis of Training Sample Efficiency. We compare the training sample efficiency of LoRA
fine-tuning and TokMem on 10 SNI tasks. We vary the number of training samples per task from
10 (few-shot) to 500, and report performance across these sample budgets in Figure 2. We set
the adapter rank to r = 1, which helps reduce overfitting in the low-data regime and matches the
parameter scale of TokMem. Results show that TokMem consistently outperforms fine-tuning across
all budgets, with the largest gains at small sample sizes. The decoupled variant (TokMem+DC)
yields modest gains in this controlled setting, mainly at higher sample budgets. Overall, these results
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Table 3: Compositional tool-use performance on APIGen. TokMem achieves strong tool selection
and argument F1 across multiple tool calls, outperforming ICL and RAG while requiring less input
augmentation, and surpassing fine-tuning with far fewer trainable parameters.

Tool Selection Argument
Model Method #Params 2 calls 3 calls 4 calls Avg. 2 calls 3 calls 4 calls Avg.

Llama 3.2 1B

ICL – 27.6 11.1 10.5 16.4 0.6 0.7 0.0 0.4
RAG – 29.5 10.8 10.5 16.9 7.2 1.0 0.0 2.7
Fine-Tuing 0.85M 10.4 9.5 7.0 9.0 77.3 72.6 55.8 68.6
TokMem (w/o adapt) 0.10M 86.8 80.9 90.8 86.2 68.9 61.1 73.0 67.7
TokMem (w/ adapt) 0.10M 98.4 98.0 98.9 98.4 84.3 84.3 87.8 85.5

Llama 3.2 3B

ICL – 66.8 59.2 59.6 61.9 42.2 42.3 38.8 44.1
RAG – 78.1 71.2 69.3 72.8 54.8 53.1 62.7 56.9
Fine-Tuing 2.29M 98.7 98.1 96.8 97.9 87.9 86.6 82.9 85.8
TokMem (w/o adapt) 0.15M 82.6 79.3 67.2 76.4 65.4 57.2 50.2 57.6
TokMem (w/ adapt) 0.15M 99.2 98.2 100.0 99.2 85.9 86.7 88.3 86.3

Llama 3.1 8B

ICL – 79.7 72.9 75.4 76.0 51.5 52.6 57.3 53.8
RAG – 79.6 75.3 93.0 82.6 53.3 57.1 69.2 59.9
Fine-Tuing 3.41M 98.8 97.2 98.2 98.1 87.7 86.8 88.2 87.6
TokMem (w/o adapt) 0.20M 84.9 82.0 81.6 82.8 65.8 56.7 65.9 62.8
TokMem (w/ adapt) 0.20M 99.4 97.9 100.0 99.1 88.1 86.5 93.4 89.3

highlight TokMem’s ability to acquire new procedures with limited data, making it both parameter-
and data-efficient.

3.3 COMPOSITIONAL MEMORY RECALL

Dataset Details. We construct a benchmark from the APIGen dataset (Liu et al., 2024b) by sam-
pling 50 frequently used tools. Each tool invocation is treated as an atomic procedure, and solving a
query requires composing multiple such procedures. We synthesize 5,000 training queries and 500
test queries, each capped at four tool calls. Additional dataset details are provided in Appendix A.3.

We report performance using two F1 metrics: (1) Tool Prediction F1, which measures whether the
model invokes the correct tools; and (2) Argument Generation F1, which evaluates the correctness
of tool-call arguments. To account for semantic equivalence, both gold and predicted outputs are
normalized into Abstract Syntax Trees before scoring (Patil et al., 2025).

Adaptation for Compositionality. We find that TokMem benefits from a brief adaptation phase
that exposes the backbone to the compositional structure of memory tokens. Concretely, we fine-
tune the backbone on a held-out auxiliary tool set using the same LoRA setup as the baseline. We
then merge the adapted weights, after which the backbone remains frozen for memory acquisition
and evaluation (see Appendix A.4 for details). Note that the auxiliary tool set is different from the
evaluation set, so this procedure does not violate our frozen-backbone setup.

This adaptation teaches the model how to interleave responses with memory tokens. We therefore
treat it as part of TokMem for compositional tasks, and use TokMem with adaptation as the default
configuration.

Results and Findings. Table 3 shows that TokMem achieves the strongest overall performance.
Even without adaptation for compositionality, it outperforms RAG while avoiding the added com-
plexity of an external retrieval mechanism. ICL and RAG perform poorly on both tool prediction
and argument generation, especially with the smaller Llama 1B model, likely due to its weaker
instruction-following ability.

TokMem consistently matches or exceeds LoRA fine-tuning’s performance while requiring an order
of magnitude fewer trainable parameters. For example, when applied to Llama 8B, LoRA requires
3.41M trainable parameters, whereas TokMem needs only 0.2M and achieves higher performance.

Notably, TokMem exhibits stronger correlation between tool selection and argument generation:
improvements in the former translate directly into gains in the latter. By contrast, LoRA fine-tuning
shows weaker alignment. For example, on the 1B model, it often generates plausible arguments
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Figure 3: Forgetting analysis under continual adaptation. As new tools are introduced, fine-tuning
with replay memory suffers sharp performance drops on earlier tasks, whereas TokMem remains
stable. Larger models exhibit stronger retention, likely due to their greater capacity.

Figure 4: Effect of renormalization on TokMem. Without renormalization, newly learned tokens
dominate and older tokens are forgotten, particularly in smaller models with limited embedding
capacity. Renormalization mitigates this by balancing token embedding norms.

even when tool selection is incorrect, suggesting that argument generation is not properly grounded
in the chosen tool.

TokMem also exhibits stronger compositional generalization than fine-tuning, successfully execut-
ing queries with more function calls than it has seen during training. Detailed results are provided
in Appendix B.1.

Analysis of Forgetting. We compare TokMem with replay memory in a continual adaptation set-
ting, where tools are introduced sequentially over five training rounds (e.g., tools 1–10 in the first
round, 11–20 in the second, and so forth). As shown in Figure 3, replay memory struggles to prevent
catastrophic forgetting as new tools are introduced. By contrast, TokMem maintains higher perfor-
mance across tool groups, with only mild declines that mainly reflect the increasing number of tools.
Larger models exhibit better retention for both approaches, likely due to their greater capacity, which
reduces interference with previously learned tools.

We further investigate the effect of the renormalization step introduced in Section 2.4. Without
renormalization, the norms of newly added memory tokens can dominate older tokens in the softmax
(see Appendix B.2). As shown in Figure 4, TokMem without renormalization exhibits noticeable
forgetting, especially for smaller models. Larger models are more robust even without renormaliza-
tion, likely due to their greater embedding capacity. Overall, renormalization improves TokMem’s
resistance to forgetting by balancing routing between new and old memory tokens. We provide fur-
ther analysis in Appendix B.3 on how keeping the backbone frozen helps prevent forgetting during
continual memory acquisition.

3.4 ANALYSIS ON MEMORY PLACEMENT

An important design choice in TokMem is where memory tokens are placed within the input se-
quence, as this directly affects how the backbone model attends to and integrates procedural knowl-
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Table 4: Comparison of TokMem and prefix tuning for memorizing text from the Fanfics dataset,
evaluated by perplexity. The suffix “-k” refers to the number of embeddings, and Steps@90%Best
represents the training steps needed to reach 90% of the lowest achieved perplexity. TokMem con-
verges faster and achieves lower perplexity than prefix tuning, especially with a small number of
memory tokens.

1024 tokens 2048 tokens 4096 tokens
Method Steps@90%Best ↓ PPL ↓ Steps@90%Best ↓ PPL ↓ Steps@90%Best ↓ PPL ↓
Prefix tuning-1 1700 3.81 2300 8.77 2200 14.32
TokMem-1 1200 3.28 1400 7.07 1700 12.27
Prefix tuning-2 500 1.13 1700 3.51 1800 8.38
TokMem-2 600 1.09 1300 2.75 1700 7.21
Prefix tuning-5 300 1.07 500 1.17 1400 2.39
TokMem-5 200 1.03 500 1.15 1400 1.91

edge. Although TokMem introduces a memory-routing mechanism for generating tokens, its ef-
fectiveness also depends on the placement strategy. Without routing, TokMem reduces to a prompt-
tuning method (Li & Liang, 2021; Lester et al., 2021) with learnable embeddings; however, it adopts
an infix placement: query ⊕ MEM ⊕ response. It remains unclear whether this placement is
consistently better than the more common prefix formulation, MEM ⊕ query ⊕ response,
used in prior prompt-tuning work, where prefix tokens influence generation before observing the
query. To study the impact of placement, we compare prefix and infix placements under matched
token budgets in the single-task setting.

Setups. We compare TokMem with infix memory placement against prefix tuning by stress-testing
the capacity of memory tokens (Sastre & Rosá, 2025) on the recent Fanfics dataset, which was
collected after the pretraining of the LLMs (Kuratov et al., 2025). We fix the sequence length to 128
tokens and vary the batch size from 8 to 32, compressing batches of 1024 to 4096 response tokens
into 1 to 5 memory tokens. For each sequence, we prepend a randomly generated query that serves
only as a marker to distinguish the two placements; the target to be learned remains the response.

We measure learning speed using Steps@90%Best, defined as the number of training steps (eval-
uated every 100 steps) required to reach 90% of the best perplexity. Results are averaged over
five runs. Additional experiments on generalization to a math reasoning dataset are provided in
Appendix B.4.

Results. Table 4 shows that TokMem consistently achieves lower perplexity and often converges
faster than prefix tuning. With a single token, TokMem reaches 90% of its best perplexity roughly
30% sooner than prefix tuning, suggesting that conditioning on memory after the query helps the
model learn more efficiently. Interestingly, when more tokens are available (e.g., five tokens), the
performance gap narrows. This suggests that prior work (Li & Liang, 2021), which typically uses
dozens or even hundreds of tokens, may have underestimated the importance of memory placement
in low-token regimes, where each token must compress more procedural information.

4 RELATED WORK

Equipping LLMs with memory has been explored along multiple directions. Most existing ap-
proaches emphasize declarative memory, where the objective is to store and retrieve explicit infor-
mation such as facts and conversation history (Packer et al., 2024; Chhikara et al., 2025; Wang et al.,
2024). By contrast, parameter-based approaches internalize task-specific behaviors within model
parameters, resembling procedural memory. TokMem builds on this latter view while emphasizing
modularity and compositionality.

Text-Based External Memory. A common approach is to externalize memory as textual con-
tent retrieved at inference time. Retrieval-augmented generation (RAG; Lewis et al., 2020) and its
variants (Guu et al., 2020; Karpukhin et al., 2020; Borgeaud et al., 2022; Khandelwal et al., 2020)
attach relevant textual chunks during inference, while RET-LLM (Modarressi et al., 2024) encodes

9
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knowledge as symbolic triplets. Building on these ideas, more recent systems extend these ideas to
conversational settings through hierarchical or summarization-based memory states; examples in-
clude MemGPT (Packer et al., 2024), Mem0 (Chhikara et al., 2025), and A-Mem (Xu et al., 2025).
While effective for factual recall, these approaches are not optimized for procedural control and
often incur significant inference-time overhead due to repeatedly re-reading textual memory.

Parameter-Based Memory. Another line of work encodes memory directly into model parame-
ters. Fine-tuning and multitask instruction tuning (Wei et al., 2022a; Sanh et al., 2022) allow models
to acquire new procedures, but task knowledge often becomes entangled within the shared weights.
Parameter-efficient fine-tuning methods such as LoRA (Hu et al., 2022) and Flora (Hao et al., 2024)
disentangle new knowledge from the pre-trained base model, but still suffer from interference when
learning multiple tasks. Mixture-of-LoRAs (Feng et al., 2024) address this entanglement issue by
dynamically routing inputs to task-specific experts; but the mixtures are typically invoked indepen-
dently and are not designed for memory composition. MemoryLLM (Wang et al., 2024) introduces
latent memory pools but remains entangled. Prompt-based methods such as prompt tuning (Lester
et al., 2021; Wu et al., 2024; 2026) store knowledge implicitly as global embeddings without se-
lective routing, and L2P (Wang et al., 2022b) introduces modular prompt pools but still relies on
an external controller to determine which prompts are retrieved. Prompt compression methods (Mu
et al., 2023; Chevalier et al., 2023) compress prompts into context-agnostic representations, which
may distort prompt information. ToolGen (Wang et al., 2025) compresses tools into virtual tokens
but focuses on post-training the backbone through multi-stage fine-tuning. By contrast, our Tok-
Mem keeps the backbone frozen and introduces dedicated memory embeddings that can be added
or composed without retraining, supporting continual adaptation.

Compositional Memory. A complementary direction explores how models compose skills from
simpler building blocks. Chain-of-thought prompting (Wei et al., 2022b) and tool-augmented rea-
soning frameworks such as Toolformer (Schick et al., 2023) enable multi-step reasoning, but they
rely on textual instructions that must be re-interpreted at each step. Modular parameter meth-
ods (Rosenbaum et al., 2018; Pfeiffer et al., 2021) create specialized adapters that can be recom-
bined, but composition typically requires parameter merging or heuristic routing. TokMem differs
by representing procedures as discrete tokens that can be chained directly in generation, enabling
lightweight, parameter-isolated composition.

5 CONCLUSION

We introduced TokMem, a parameter-efficient framework that encodes procedural memory as com-
pact tokens. TokMem enables selective recall and compositional use of procedures without mod-
ifying backbone parameters, achieving strong performance across multitask and tool-augmented
reasoning benchmarks.

Future directions are discussed in Appendix C, including the automation of query–procedural de-
composition for synthesizing training trajectories, reinforcement learning for stronger compositional
generalization and personalization through user-specific memory banks. These extensions pave the
way for scalable, compact, and user-adaptive memory systems in large language models.
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Figure 5: Overview of the decoupled variant of TokMem embeddings, which learn separate memory
matrices for memory indexing and generation steering.

A EXPERIMENTAL DETAILS

A.1 DETAILS OF SUPER-NATURAL INSTRUCTIONS

We sample 1,000 English tasks from the SNI dataset, where each task is labeled with a task ID and
a short descriptive name. The full list of sampled tasks is provided in Figure 8. Tasks are introduced
to the model sequentially in ascending order of their IDs, for instance, the model first sees task 1,
then task 2, and so on.

After training on the first k tasks, we save a checkpoint and evaluate performance on the test set of
each of the k tasks encountered so far. This simulates a continual learning setup where the model
is expected to acquire new procedures while retaining previously learned ones. Once the model has
been trained on all 1,000 tasks, it is expected be able to perform all of them without forgetting earlier
tasks.

A.2 DETAILS OF DECOUPLED EMBEDDING FOR TOKMEM

In the standard TokMem formulation, each memory token embedding mi ∈ Rd is shared across
two roles: (1) indexing for memory routing and (2) condition to steer for generation. We consider a
decoupled (DC) variant that separates these functions into two embedding matrices:

M index = (u1; . . . ;ul) ∈ Rl×d, M steer = (s1; . . . ; sl) ∈ Rl×d. (7)

As seen in Figure 5, M index provides index embeddings at the output layer. The model produces
a distribution over indices i according to M index when a memory token is predicted. The chosen
index i is then used to retrieve the corresponding steering embedding si from M steer, which is then
appended into the sequence and conditions subsequent generation.

Training follows the standard next-token prediction objective, analogous to Equation 3:

L(a;M index,M steer) = −
∑
i>k

log Pr(ai | a<i;M
index,M steer). (8)

where k denotes the query length. During optimization, only M index and M steer are updated, while
the backbone remains frozen. In addition, the renormalization treatment introduced in Section 2.2
is applied only to the index embeddings M index.

This decoupled formulation provides a clean separation of functionality: routing is handled via
M index, while steering is controlled by M steer. However, our experiments do not show consistent
improvements over the coupled formulation, particularly on larger models where their larger em-
bedding capacity is sufficient to jointly support both roles. We therefore advocate for the simple yet
effective TokMem (without DC).

A.3 DETAILS OF FUNCTION-CALLING DATASET

To evaluate compositional memory recall, we sample 50 tools from the APIGen dataset (Liu et al.,
2024b). The list of tools and their corresponding descriptions is provided in Table 7.
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Algorithm 1 Adaptation Phase for Compositional Memory Recall
Require: Pre-trained backbone fθ0 , adaptation traces Dadapt from held-out procedures

1: Initialize the backbone θ ← θ0 and temporary memory embeddingsM
2: Set learning rates ηθ and ηM
3: for each minibatch in Dadapt do
4: InsertM into the sequence; run a forward pass with fθ
5: Compute the loss L on memory and response tokens
6: θ ← θ − ηθ∇θL
7: M←M− ηM∇ML
8: end for
9: Discard the temporary memoryM and freeze the backbone θ

10: return the adapted backbone fθ

For each tool, we collect 50 query–call pairs, some of which may involve multiple calls to the same
tool. We categorize the use of the same tool as non-compositional tool use, yielding a total of
50× 50 = 2,500 samples.

Additionally, we augment the dataset by synthesizing complex queries by combining calls across
different tools. These multi-step queries require the model to invoke multiple tools in sequence.
To avoid data leakage, we split these samples into training and test sets, capping the synthesized
samples at 5,000 for training and 500 for testing.

A.4 DETAILS OF ADAPTATION PHASE

In compositional scenarios, the model should not only recall individual procedures but also compose
them to solve multi-step queries. To prepare TokMem for such use, we construct a held-out auxiliary
training set comprising an additional 50 tools (5,000 samples) that is disjoint from the tool set
detailed in Appendix A.3. The backbone is then fine-tuned for one epoch on this set using LoRA,
jointly with the temporary memory embeddings.

The intuition behind this adaptation phase is to let the base LLM learn to use the embeddings with
compositional memory recall, rather than memorizing on the tool descriptions themselves. After
adaptation, the temporary embeddings are discarded, while the adapted backbone is retained for
training on new tools. This procedure provides a general inductive bias for modular composition,
enabling the model to generalize to new tools and procedures without further retraining.

Algorithm 1 summarizes this lightweight procedure. Temporary memory embeddings are inserted
into the input sequence, the loss is optimized jointly over memory and response tokens, and the
temporary memory bank is discarded once the backbone has adapted.

B ADDITIONAL RESULTS

B.1 RESULTS ON COMPOSITIONAL GENERALIZATION

We observe that TokMem provides clear advantages in compositional generalization over fine-
tuning. Table 5 reports Argument F1 when the Llama 3B model is evaluated on queries that require
more function calls than those observed during training.

Notably, when trained solely on single-call data, TokMem achieves much stronger performance
than fine-tuning when evaluated on test data with 2–4 calls. This demonstrates that memory tokens
trained for atomic procedures can be effectively composed at test time, enabling strong zero-shot
generalization to multi-step behavior.

As the training regime is expanded to include more calls (e.g., up to 3 or 4), the performance gap
narrows, but TokMem remains competitive or slightly ahead across configurations. These results
suggest that TokMem naturally supports compositionality, enabling flexible chaining of learned pro-
cedures without requiring task-specific fine-tuning.
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Table 5: TokMem generalizes to longer tool-call chains at test time, significantly outperforming
fine-tuning in zero-shot multi-step settings (trained with 1 call and tested with 2–4 calls).

Test Time
Train Maximum Calls Method 2 calls 3 calls 4 calls Avg.

1-call Fine-tuning 34.9 21.3 14.1 23.4
TokMem 60.3 54.3 48.9 54.5 (+31.1)

2-call Fine-tuning 86.2 78.8 64.8 76.6
TokMem 82.0 81.8 82.3 82.0 (+5.4)

3-call Fine-tuning 86.9 85.5 80.3 84.2
TokMem 86.8 84.0 84.7 85.2 (+1.0)

4-call Fine-tuning 87.9 86.6 82.9 85.8
TokMem 85.9 86.7 88.3 86.3 (+0.5)

Figure 6: ℓ2 norm of newly added memory tokens. Each round introduces 10 new tool memories.
Error bars indicate the standard deviation across the 10 tokens added in each round.

B.2 ANALYSIS OF NORM INFLATION FOR NEWER MEMORIES

We analyze the ℓ2 norm of the learned memory embeddings when tools are introduced sequentially
with Llama 3.2 3B. We follow the setup in Figure 4 by training TokMem for 5 rounds and adding
10 tools per round without our renormalization treatment detailed in Section 2.4. Figure 6 shows
that newly added memory tokens gradually increase their ℓ2 norms, which leads to competition with
existing frozen tokens in the softmax used for memory routing.

B.3 ANALYSIS OF UNFREEZING LLM BACKBONE FOR TOKMEM

We further examine the importance of freezing the backbone when adding new tool memories,
reflecting real-world usage where procedural knowledge grows incrementally over time. This setting
contrasts with recent approaches (Wang et al., 2025) that aim to compress tool use description by
post-training the backbone. Such methods rely on modifying backbone parameters, which hinders
continual adaptation and risks overwriting prior knowledge.

As shown in Figure 7, We confirm that unfreezing the backbone during TokMem adaptation leads
to severe forgetting of previously learned tools. By contrast, our choice of freezing the backbone
meaningfully preserves prior capabilities while allowing new tool memories to be incorporated with-
out loss, highlighting TokMem’s advantage for incremental adaptation. This analysis suggests that
TokMem strikes an effective balance between performance and continual adaptation.

B.4 ADDITIONAL ANALYSIS ON MEMORY PLACEMENT

In Section 3.4, we have stress-tested the memorization with different memory token placement (pre-
fix vs. infix) by varying numbers of memory tokens. We now turn to the GSM8K math reasoning
dataset (Cobbe et al., 2021) to evaluate generalization and training sample efficiency.
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Figure 7: Comparison between freezing and unfreezing the backbone. Allowing the backbone to
update when adding new tool memories causes severe forgetting, whereas freezing preserves prior
tools while enabling new ones.

Table 6: Comparison of prefix tuning and TokMem conditioning embeddings on GSM8K with two
different Llama model sizes. TokMem achieves higher compliance with required output formats and
stronger exact-match accuracy than prefix tuning, especially in low-data regimes.

Llama 3.2 1B Llama 3.2 3B
Data% Method Compliance↑ EM ↑ Compliance↑ EM ↑

20% Prefix tuning 0.0 0.0 45.9 33.1
TokMem 98.0 37.7 94.6 65.6

100% Prefix tuning 82.8 30.0 97.2 64.1
TokMem 97.4 39.1 98.2 66.9

Our experiments use Llama 3.2 1B and 3B as backbone models and compare prefix tuning against
TokMem under two training setups: using only 20% of the training set (a low-data regime) or the
full dataset. We report two evaluation metrics.

• Compliance measures whether the model follows the required answer format, i.e., producing the
final answer after the delimiter “####”. This metric isolates procedural-memory recall from the
reasoning abilities already present in the backbone.

• Exact Match (EM) measures the correctness of the final answer after standard text normalization
(e.g., removing commas or extraneous symbols).

As shown in Table 6, TokMem significantly outperforms prefix tuning, particularly in the low-data
setting. With only 20% of the data, prefix tuning fails to provide meaningful results, yielding zero
compliance and EM on the 1B model and underperforming on the 3B model. By contrast, Tok-
Mem achieves near-perfect compliance and substantially higher EM scores across both backbones.
When trained on the full dataset, prefix tuning improves considerably, yet TokMem continues to
deliver stronger compliance and higher EM, showing its superior data efficiency and more reliable
procedural control.

C FUTURE WORK

Our experiments are conducted on the research-oriented SNI and APIGen datasets, which provide a
controlled environment for analyzing atomic and compositional recall. While these settings demon-
strate the feasibility and effectiveness of one-token procedural memory without backbone training,
they do not fully capture the diversity and ambiguity of real-world procedures.

In particular, richer forms of composition, such as interleaving function calls from APIGen with
NLP tasks from SNI, are bottlenecked by TokMem’s reliance on manually curated, procedurally
decomposed datasets. To bridge this gap, a future direction is the automation of query–procedural
decomposition. By leveraging highly capable teacher LLMs to synthesize interleaved training tra-
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jectories, we can automatically map complex queries to discrete procedural tokens, providing a
scalable alternative to manual annotation.

Beyond automated data synthesis, additional future directions include incorporating reinforcement
learning to improve generalization over complex compositional structures, and enabling personal-
ization by allowing users to attach custom, user-specific memory banks while keeping the backbone
frozen. These extensions pave the way for scalable, compact, and user-adaptive memory systems in
large language models.

D USE OF LARGE LANGUAGE MODELS

We used ChatGPT as a general-purpose assistant to improve the writing of our paper, including
grammar, readability, and clarity. Additionally, we used it to search for potentially missing related
work, which we then manually read and is discussed in the paper. All ideas, analyses, and conclu-
sions presented in this paper are our own, and we take full responsibility for the content.
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Table 7: Details (names and descriptions) of the sampled tools from the APIGen dataset.
ID Tool Description

1 auto complete Fetch auto-complete suggestions for a given query using the Wayfair API.
2 binary addition Adds two binary numbers and returns the result as a binary string.
3 binary search Performs binary search on a sorted list to find the index of a target value.
4 cagr Calculates the Compound Annual Growth Rate (CAGR) of an investment.
5 calculate factorial Calculates the factorial of a non-negative integer.
6 calculate grade Calculates the weighted average grade based on scores and their corresponding

weights.
7 calculate median Calculates the median of a list of numbers.
8 can attend all meetings Determines if a person can attend all meetings given a list of meeting time

intervals.
9 cosine similarity Calculates the cosine similarity between two vectors.
10 count bits Counts the number of set bits (1’s) in the binary representation of a number.
11 create histogram Create a histogram based on provided data.
12 directions between 2 locations Fetches the route information between two geographical locations including

distance, duration, and steps.
13 fibonacci Calculates the nth Fibonacci number.
14 final velocity Calculates the final velocity of an object given its initial velocity, acceleration,

and time.
15 find equilibrium index Finds the equilibrium index of a list, where the sum of elements on the left is

equal to the sum of elements on the right.
16 find first non repeating char Finds the first non-repeating character in a string.
17 find longest word Finds the longest word in a list of words.
18 find max subarray sum Finds the maximum sum of a contiguous subarray within a list of integers.
19 find minimum rotated sorted array Finds the minimum element in a rotated sorted array.
20 flatten list Flattens a nested list into a single-level list.
21 format date Converts a date string from one format to another.
22 generate password Generates a random password of specified length and character types.
23 generate random string Generates a random string of specified length and character types.
24 get city from zipcode Retrieves the city name for a given ZIP code using the Ziptastic API.
25 get pokemon move info Retrieves information about a Pokémon’s move using the PokéAPI.
26 get product Fetches product details from an API using the given product ID.
27 get products in category Fetches products in a specified category from the demo project’s catalog.
28 greatest common divisor Computes the greatest common divisor (GCD) of two non-negative integers.
29 integrate Calculate the area under a curve for a specified function between two x values.
30 investment profit Calculates the profit from an investment based on the initial amount, annual

return rate, and time.
31 is anagram phrase Checks if two phrases are anagrams of each other, ignoring whitespace and

punctuation.
32 is leap year Checks if a year is a leap year.
33 is palindrome Checks if a string is a palindrome.
34 is power Checks if a number is a power of a given base.
35 is rotation Checks if one string is a rotation of another string.
36 is valid ip address Checks if a string is a valid IP address (IPv4).
37 is valid palindrome Checks if a string is a valid palindrome, considering only alphanumeric charac-

ters and ignoring case.
38 is valid sudoku Checks if a 9x9 Sudoku board is valid.
39 monthly mortgage payment Calculates the monthly mortgage payment based on the loan amount, annual

interest rate, and loan term.
40 note duration Calculates the duration between two musical notes based on their frequencies

and the tempo.
41 place safeway order Order specified items from a Safeway location.
42 polygon area shoelace Calculates the area of a polygon using the shoelace formula.
43 potential energy Calculates the electrostatic potential energy given the charge and voltage.
44 project population Projects the population size after a specified number of years.
45 reverse string Reverses the characters in a string.
46 solve quadratic Computes the roots of a quadratic equation given its coefficients.
47 trapezoidal integration Calculates the definite integral of a function using the trapezoidal rule.
48 whois Fetch the WhoIS lookup data for a given domain using the specified Toolbench

RapidAPI key.
49 whole foods order Places an order at Whole Foods.
50 wire resistance Calculates the resistance of a wire based on its length, cross-sectional area, and

material resistivity.
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Task Name Task Name Task Name
task001 quoref question generation task002 quoref answer generation task003 mctaco question generation event duration
task004 mctaco answer generation event duration task005 mctaco wrong answer generation event duration task006 mctaco question generation transient stationary
task007 mctaco answer generation transient stationary task008 mctaco wrong answer generation transient stationary task009 mctaco question generation event ordering
task010 mctaco answer generation event ordering task011 mctaco wrong answer generation event ordering task012 mctaco question generation absolute timepoint
task013 mctaco answer generation absolute timepoint task015 mctaco question generation frequency task016 mctaco answer generation frequency
task017 mctaco wrong answer generation frequency task018 mctaco temporal reasoning presence task019 mctaco temporal reasoning category
task020 mctaco span based question task021 mctaco grammatical logical task022 cosmosqa passage inappropriate binary
task023 cosmosqa question generation task024 cosmosqa answer generation task025 cosmosqa incorrect answer generation
task026 drop question generation task027 drop answer type generation task028 drop answer generation
task029 winogrande full object task030 winogrande full person task031 winogrande question generation object
task032 winogrande question generation person task033 winogrande answer generation task034 winogrande question modification object
task035 winogrande question modification person task036 qasc topic word to generate related fact task037 qasc generate related fact
task038 qasc combined fact task039 qasc find overlapping words task040 qasc question generation
task041 qasc answer generation task042 qasc incorrect option generation task043 essential terms answering incomplete questions
task044 essential terms identifying essential words task045 miscellaneous sentence paraphrasing task046 miscellaneous question typing
task047 miscellaneous answering science questions task048 multirc question generation task049 multirc questions needed to answer
task050 multirc answerability task051 multirc correct answer single sentence task053 multirc correct bad question
task054 multirc write correct answer task056 multirc classify correct answer task057 multirc classify incorrect answer
task058 multirc question answering task059 ropes story generation task060 ropes question generation
task061 ropes answer generation task063 first i elements task064 all elements except first i
task065 timetravel consistent sentence classification task067 abductivenli answer generation task068 abductivenli incorrect answer generation
task069 abductivenli classification task070 abductivenli incorrect classification task071 abductivenli answer generation
task072 abductivenli answer generation task073 commonsenseqa answer generation task075 squad1.1 answer generation
task076 splash correcting sql mistake task077 splash explanation to sql task078 all elements except last i
task079 conala concat strings task080 piqa answer generation task081 piqa wrong answer generation
task083 babi t1 single supporting fact answer generation task084 babi t1 single supporting fact identify relevant fact task085 unnatural addsub arithmetic
task087 new operator addsub arithmetic task088 identify typo verification task089 swap words verification
task091 all elements from index i to j task092 check prime classification task093 conala normalize lists
task094 conala calculate mean task096 conala list index subtraction task097 conala remove duplicates
task098 conala list intersection task099 reverse elements between index i and j task100 concatenate all elements from index i to j
task101 reverse and concatenate all elements from index i to j task102 commongen sentence generation task103 facts2story long text generation
task104 semeval 2019 task10 closed vocabulary mathematical answer generation task106 scruples ethical judgment task107 splash question to sql
task1087 two number sum task1088 array of products task1089 check monotonic array
task108 contextualabusedetection classification task109 smsspamcollection spamsmsdetection task110 logic2text sentence generation
task111 asset sentence simplification task112 asset simple sentence identification task1135 xcsr en commonsense mc classification
task113 count frequency of letter task1146 country capital task1147 country currency
task1148 maximum ascii value task1149 item check edible task114 is the given word longest
task1150 delete max min task1151 swap max min task1152 bard analogical reasoning causation
task1153 bard analogical reasoning affordance task1154 bard analogical reasoning travel task1155 bard analogical reasoning trash or treasure
task1156 bard analogical reasoning tools task1157 bard analogical reasoning rooms for containers task1158 bard analogical reasoning manipulating items
task1159 bard analogical reasoning containers task115 help advice classification task1161 coda19 title generation
task1162 coda19 title classification task1163 coda19 section classification task1164 coda19 section correction classification
task1167 penn treebank coarse pos tagging task1168 brown coarse pos tagging task116 com2sense commonsense reasoning
task1186 nne hrngo classification task1187 politifact classification task1188 count max freq char
task118 semeval 2019 task10 open vocabulary mathematical answer generation task1190 add integer to list task1191 food veg nonveg
task1192 food flavor profile task1193 food course classification task1194 kth largest element
task1195 disflqa disfluent to fluent conversion task1196 atomic classification oeffect task1197 atomic classification oreact
task1198 atomic classification owant task1199 atomic classification xattr task119 semeval 2019 task10 geometric mathematical answer generation
task1200 atomic classification xeffect task1201 atomic classification xintent task1202 atomic classification xneed
task1203 atomic classification xreact task1204 atomic classification hinderedby task1205 atomic classification isafter
task1207 atomic classification atlocation task1208 atomic classification xreason task1209 atomic classification objectuse
task120 zest text modification task1211 atomic classification hassubevent task1212 atomic classification hasproperty
task1213 atomic classification desires task1214 atomic classification xwant task1215 atomic classification capableof
task1216 atomic classification causes task1217 atomic answer generation task121 zest text modification
task122 conala list index addition task123 conala sort dictionary task124 conala pair averages
task126 scan structured text generation command action all task127 scan long text generation action command all task1283 hrngo quality classification
task1284 hrngo informativeness classification task1285 kpa keypoint matching task1286 openbookqa question answering
task1287 glue qqp paraphrasing task1288 glue mrpc paraphrasing task1289 trec classification
task128 scan structured text generation command action short task1291 multi news summarization task1293 kilt tasks hotpotqa question answering
task1294 wiki qa answer verification task1295 adversarial qa question answering task1296 wiki hop question answering
task1297 qasc question answering task129 scan long text generation action command short task1309 amazonreview summary classification
task130 scan structured text generation command action long task1310 amazonreview rating classification task1311 amazonreview rating classification
task1312 amazonreview polarity classification task1313 amazonreview polarity classification task1314 country abbreviation
task1315 find range array task1316 remove duplicates string task1317 country calling code
task1319 country by barcode prefix task131 scan long text generation action command long task1320 country domain tld
task1321 country continent task1325 qa zre question generation on subject relation task1326 qa zre question generation from answer
task1327 qa zre answer generation from question task1328 qa zre relation generation from question task132 dais text modification
task1331 reverse array task1332 check leap year task1333 check validity date ddmmyyyy
task1336 peixian equity evaluation corpus gender classifier task1338 peixian equity evaluation corpus sentiment classifier task1339 peixian equity evaluation corpus text completion
task133 winowhy reason plausibility detection task1340 msr text compression compression task1342 amazon us reviews title
task1343 amazon us reviews rating task1344 glue entailment classification task1345 glue qqp question paraprashing
task1346 glue cola grammatical correctness classification task1347 glue sts-b similarity classification task134 winowhy reason generation
task1354 sent comp classification task1355 sent comp summarization task1357 xlsum summary generation
task1358 xlsum title generation task1359 numer sense answer generation task135 winowhy wrong reason generation
task1360 numer sense multiple choice qa generation task1361 movierationales classification task1364 hans answer generation
task1366 healthfact classification task1368 healthfact sentence generation task1369 healthfact sentence generation
task136 winowhy knowledge categorization task1370 newscomm classification task1378 quarel correct answer generation
task1379 quarel incorrect answer generation task137 detoxifying-lms classification toxicity task1380 quarel correct option generation
task1382 quarel write correct answer task1383 quarel write incorrect answer task1384 deal or no dialog classification
task1385 anli r1 entailment task1386 anli r2 entailment task1387 anli r3 entailment
task1388 cb entailment task1389 hellaswag completion task138 detoxifying-lms classification fluency
task1390 wscfixed coreference task1391 winogrande easy answer generation task1392 superglue multirc answer verification
task1393 superglue copa text completion task1394 meta woz task classification task1398 obqa question generation
task1399 obqa answer generation task139 detoxifying-lms classification topicality task1401 obqa sentence generation
task1403 check validity date mmddyyyy task1404 date conversion task1405 find median
task1406 kth smallest element task1407 dart question generation task1408 dart similarity classification
task1409 dart text generation task140 detoxifying-lms classification style task1410 dart relationship extraction
task1413 dart object identification task1415 youtube caption corrections grammar correction task1416 youtube caption corrections incorrect grammar classification
task1418 bless semantic relation classification task1419 mathqa gain task141 odd-man-out classification category
task1420 mathqa general task1421 mathqa other task1422 mathqa physics
task1423 mathqa geometry task1424 mathqa probability task1425 country iso numeric
task1426 country independence year task1427 country region in world task1428 country surface area
task1429 evalution semantic relation classification task142 odd-man-out classification no category task1431 head qa answer generation
task1434 head qa classification task1437 doqa cooking question generation task1438 doqa cooking answer generation
task1439 doqa cooking isanswerable task143 odd-man-out classification generate category task1440 doqa movies question generation
task1441 doqa movies answer generation task1442 doqa movies isanswerable task1443 string to number
task1444 round power of two task1445 closest integers task1446 farthest integers
task1447 drug extraction ade task1448 disease entity extraction ncbi dataset task144 subjqa question answering
task1451 drug dose extraction task1452 location entity extraction btc corpus task1453 person entity extraction btc corpus
task145 afs argument similarity death penalty task146 afs argument similarity gun control task1479 organization entity extraction btc corpus
task1480 gene extraction jnlpba dataset task1481 gene extraction bc2gm dataset task1482 gene extraction chemprot dataset
task1483 chemical extraction chemprot dataset task1484 gene extraction linnaeus dataset task1485 organ extraction anem dataset
task1486 cell extraction anem dataset task1487 organism substance extraction anem dataset task1488 sarcasmdetection headline classification
task1489 sarcasmdetection tweet classification task148 afs argument quality gay marriage task1495 adverse drug event classification
task1498 24hour to 12hour clock task1499 dstc3 summarization task149 afs argument quality death penalty
task1500 dstc3 classification task1501 dstc3 answer generation task1502 hatexplain classification
task1503 hatexplain classification task1504 hatexplain answer generation task1505 root09 semantic relation classification
task1506 celebrity minimal dob span task1507 boolean temporal reasoning task1508 wordnet antonyms
task1509 evalution antonyms task150 afs argument quality gun control task1510 evalution relation extraction
task1515 imppres longtextgeneration task1516 imppres naturallanguageinference task1517 limit classfication
task1518 limit answer generation task1519 qa srl question generation task151 tomqa find location easy clean
task1520 qa srl answer generation task1529 scitail1.1 classification task152 tomqa find location easy noise
task1531 daily dialog type classification task1532 daily dialog emotion classification task1533 daily dialog formal classification
task1534 daily dialog question classification task1535 daily dialog uniqueness classification task1536 daily dialog happiness classification
task153 tomqa find location hard clean task1540 parsed pdfs summarization task1541 agnews classification
task1548 wiqa binary classification task1549 wiqa answer generation missing step task154 tomqa find location hard noise
task1551 every ith element from kth element task1552 scitail question generation task1554 scitail classification
task1555 scitail answer generation task1556 scitail passage generation task1557 jfleg answer generation
task1558 jfleg incorrect answer generation task1559 blimp binary classification task155 count nouns verbs
task1560 blimp binary classification task1562 zest text modification task1565 triviaqa classification
task1566 propara structured text generation task1567 propara question generation task156 codah classification adversarial
task1572 samsum summary task1573 samsum classification task1574 amazon reviews multi language identification
task1575 amazon reviews multi sentiment classification task1576 amazon reviews multi english language classification task1577 amazon reviews multi japanese language classification
task1579 gigaword incorrect summarization task157 count vowels and consonants task1580 eqasc-perturbed question generation
task1581 eqasc-perturbed answer generation task1582 bless hypernym generation task1583 bless meronym classification
task1585 root09 hypernym generation task1586 scifact title generation task1587 scifact classification
task1589 scifact classification task158 count frequency of words task1590 diplomacy text generation
task1592 yahoo answers topics classfication task1593 yahoo answers topics classification task1594 yahoo answers topics question generation
task1595 event2mind text generation 1 task1596 event2mind text generation 2 task1597 nyc slot filling
task1598 nyc long text generation task1599 smcalflow classification task159 check frequency of words in sentence pair
task1600 smcalflow sentence generation task1601 webquestions answer generation task1602 webquestion question genreation
task1603 smcalflow sentence generation task1604 ethos text classification task1605 ethos text classification
task1606 ethos text classification task1607 ethos text classification task1608 xquad en answer generation
task1609 xquad en question generation task160 replace letter in a sentence task1612 sick label classification
task1613 sick given category generate sentence task1614 sick text modify task1615 sick tclassify b relation a
task1618 cc alligned classify tel eng task161 count words containing letter task1622 disfl qa text modication
task1623 disfl qa disfluent question classification task1624 disfl qa question yesno classification task1625 disfl qa asnwer generation
task162 count words starting with letter task1630 openpi classification task1637 doqa2.1 cooking text summarization
task1638 doqa2.1 movies text summarization task1639 doqa2.1 travel text summarization task1640 aqa1.0 answerable unanswerable question classification
task1645 medical question pair dataset text classification task164 mcscript question answering text task1656 gooaq answer generation
task1657 gooaq question generation task1659 title generation task165 mcscript question answering commonsense
task1660 super glue question generation task1661 super glue classification task1664 winobias text generation
task1665 trainglecopa question generation task166 clariq sentence generation task1678 mathqa answer selection
task167 strategyqa question generation task168 strategyqa question decomposition task169 strategyqa sentence generation
task1703 ljspeech textmodification task1704 ljspeech textmodification task1705 ljspeech classification
task1706 ljspeech classification task170 hotpotqa answer generation task1712 poki classification
task1713 convai3 sentence generation task1714 convai3 sentence generation task1720 civil comments toxicity classification
task1721 civil comments obscenity classification task1722 civil comments threat classification task1723 civil comments sexuallyexplicit classification
task1724 civil comments insult classification task1725 civil comments severtoxicity classification task1726 mathqa correct answer generation
task1727 wiqa what is the effect task1728 web nlg data to text task1729 personachat generate next
task1730 personachat choose next task1731 quartz question answering task176 break decompose questions
task177 para-nmt paraphrasing task178 quartz question answering task179 participant extraction
task180 intervention extraction task181 outcome extraction task182 duorc question generation
task183 rhyme generation task184 break generate question task185 snli contradiction to neutral text modification
task186 snli contradiction to entailment text modification task187 snli entailment to contradiction text modification task188 snli neutral to entailment text modification
task189 snli neutral to contradiction text modification task190 snli classification task191 hotpotqa question generation
task192 hotpotqa sentence generation task193 duorc question generation task194 duorc answer generation
task195 sentiment140 classification task196 sentiment140 answer generation task197 mnli domain answer generation
task198 mnli domain classification task199 mnli classification task200 mnli entailment classification
task201 mnli neutral classification task202 mnli contradiction classification task203 mnli sentence generation
task204 mnli same genre classification task205 remove even elements task206 collatz conjecture
task207 max element lists task208 combinations of list task209 stancedetection classification
task210 logic2text structured text generation task211 logic2text classification task212 logic2text classification
task213 rocstories correct ending classification task214 rocstories incorrect ending classification task215 rocstories incorrect answer generation
task216 rocstories correct answer generation task217 rocstories ordering answer generation task218 rocstories swap order answer generation
task219 rocstories title answer generation task220 rocstories title classification task221 rocstories two choice classification
task222 rocstories two chioce slotting classification task223 quartz explanation generation task225 english language answer generation
task226 english language answer relevance classification task227 clariq classification task228 arc answer generation easy
task229 arc answer generation hard task230 iirc passage classification task231 iirc link classification
task232 iirc link number classification task233 iirc link exists classification task234 iirc passage line answer generation
task235 iirc question from subtext answer generation task236 iirc question from passage answer generation task237 iirc answer from subtext answer generation
task238 iirc answer from passage answer generation task239 tweetqa answer generation task240 tweetqa question generation
task241 tweetqa classification task242 tweetqa classification task243 count elements in set intersection
task244 count elements in set union task245 check presence in set intersection task247 dream answer generation
task248 dream classification task249 enhanced wsc pronoun disambiguation task264 paper reviews accept or reject classification
task265 paper reviews language identification task267 concatenate and reverse all elements from index i to j task268 casehold legal answer generation
task269 csrg counterfactual story generation task270 csrg counterfactual context generation task273 europarl classification
task274 overruling legal classification task275 enhanced wsc paraphrase generation task276 enhanced wsc classification
task277 stereoset sentence generation stereotype task278 stereoset sentence generation antistereotype task279 stereoset classification stereotype
task280 stereoset classification stereotype type task281 points of correspondence task282 scruples event time
task283 dream incorrect answer generation task284 imdb classification task285 imdb answer generation
task286 olid offense judgment task287 casehold legal incorrect answer generation task288 gigaword summarization
task289 gigaword summarization task290 tellmewhy question answerability task292 storycommonsense character text generation
task293 storycommonsense emotion text generation task294 storycommonsense motiv text generation task295 semeval 2020 task4 commonsense reasoning
task296 storycloze correct end classification task297 storycloze incorrect end classification task298 storycloze correct end classification
task300 storycloze order generation task301 record question generation task302 record classification
task303 record incorrect answer generation task304 numeric fused head resolution task305 jeopardy answer generation normal
task306 jeopardy answer generation double task307 jeopardy answer generation final task308 jeopardy answer generation all
task309 race answer generation task310 race classification task311 race question generation
task314 europarl sv-en classification task315 europarl sv-en language identification task316 crows-pairs classification stereotype
task317 crows-pairs classification stereotype type task318 stereoset classification gender task319 stereoset classification profession
task320 stereoset classification race task321 stereoset classification religion task322 jigsaw classification threat
task323 jigsaw classification sexually explicit task324 jigsaw classification disagree task325 jigsaw classification identity attack
task326 jigsaw classification obscene task327 jigsaw classification toxic task328 jigsaw classification insult
task329 gap classification task330 gap answer generation task331 gap incorrect answer generation
task332 tellmewhy answer generation task333 hateeval classification hate en task335 hateeval classification aggresive en
task337 hateeval classification individual en task339 record answer generation task340 winomt classification gender pro
task341 winomt classification gender anti task342 winomt classification profession pro task343 winomt classification profession anti
task344 hybridqa answer generation task345 hybridqa answer generation task346 hybridqa classification
task347 hybridqa incorrect answer generation task348 squad2.0 unanswerable question generation task349 squad2.0 answerable unanswerable question classification
task350 winomt classification gender identifiability pro task351 winomt classification gender identifiability anti task352 coda-19 classification
task353 casino classification negotiation elicit pref task355 casino classification negotiation other need task356 casino classification negotiation self need
task357 casino classification negotiation small talk task358 casino classification negotiation uv part task359 casino classification negotiation vouch fair
task360 spolin yesand response generation task361 spolin yesand prompt response classification task362 spolin yesand prompt response sub classification
task363 sst2 polarity classification task364 regard social impact classification task365 synthetic remove vowels
task366 synthetic return primes task368 synthetic even or odd calculation task369 synthetic remove odds
task370 synthetic remove divisible by 3 task371 synthetic product of list task372 synthetic palindrome numbers
task373 synthetic round tens place task374 synthetic pos or neg calculation task375 classify type of sentence in debate
task376 reverse order of words task377 remove words of given length task378 reverse words of given length
task379 agnews topic classification task380 boolq yes no question task381 boolq question generation
task382 hybridqa answer generation task383 matres classification task384 socialiqa question classification
task385 socialiqa incorrect answer generation task386 semeval 2018 task3 irony detection task387 semeval 2018 task3 irony classification
task388 torque token classification task389 torque generate temporal question task391 causal relationship
task392 inverse causal relationship task397 semeval 2018 task1 tweet anger detection task398 semeval 2018 task1 tweet joy detection
task399 semeval 2018 task1 tweet sadness detection task400 paws paraphrase classification task401 numeric fused head reference
task402 grailqa paraphrase generation task404 grailqa paraphrase validation task405 narrativeqa question generation
task418 persent title generation task419 persent answer generation task420 persent document sentiment classification
task421 persent sentence sentiment classification task423 persent document sentiment verification task426 hindienglish corpora hi-en classification
task427 hindienglish corpora hi-en language identification task428 senteval inversion task429 senteval tense
task430 senteval subject count task431 senteval object count task434 alt en hi answer generation
task437 alt en ja answer generation task440 eng guj parallel corpus gu-en classification task441 eng guj parallel corpus gu-en language identification
task442 com qa paraphrase question generation task443 com qa ans question generation task447 opus paracrawl classification
task453 swag answer generation task454 swag incorrect answer generation task455 swag context generation
task456 matres intention classification task457 matres conditional classification task458 matres negation classification
task459 matres static classification task460 qasper answer generation task461 qasper question generation
task462 qasper classification task469 mrqa answer generation task470 mrqa question generation
task471 haspart answer generation task472 haspart classification task475 yelp polarity classification
task477 cls english dvd classification task478 cls english music classification task488 extract all alphabetical elements from list in order
task489 mwsc question generation task491 mwsc answer generation task492 mwsc incorrect answer generation
task493 review polarity classification task494 review polarity answer generation task495 semeval headline classification
task496 semeval answer generation task497 extract all numbers from list in order task498 scruples anecdotes whoiswrong classification
task499 extract and add all numbers from list task500 scruples anecdotes title generation task501 scruples anecdotes post type verification
task502 scruples anecdotes whoiswrong verification task503 scruples anecdotes isanswerable task504 count all alphabetical elements in list
task505 count all numerical elements in list task506 position of all alphabetical elements in list task507 position of all numerical elements in list
task508 scruples dilemmas more ethical isidentifiable task509 collate of all alphabetical and numerical elements in list separately task510 reddit tifu title summarization
task511 reddit tifu long text summarization task512 twitter emotion classification task513 argument stance classification
task514 argument consequence classification task515 senteval odd word out task516 senteval conjoints inversion
task517 emo classify emotion of dialogue task518 emo different dialogue emotions task519 aquamuse question generation
task520 aquamuse answer given in passage task521 trivia question classification task522 news editorial summary
task523 find if numbers or alphabets are more in list task532 europarl en-es classification task547 alt translation entk en
task550 discofuse sentence generation task562 alt language identification task563 discofuse answer generation
task564 discofuse classification task565 circa answer generation task566 circa classification
task567 circa text generation task568 circa question generation task569 recipe nlg text generation
task570 recipe nlg ner generation task571 recipe nlg ner generation task572 recipe nlg text generation
task573 air dialogue classification task574 air dialogue sentence generation task575 air dialogue classification
task576 curiosity dialogs answer generation task577 curiosity dialogs classification task578 curiosity dialogs answer generation
task579 socialiqa classification task580 socialiqa answer generation task581 socialiqa question generation
task582 naturalquestion answer generation task583 udeps eng coarse pos tagging task584 udeps eng fine pos tagging
task585 preposition classification task586 amazonfood polarity classification task587 amazonfood polarity correction classification
task588 amazonfood rating classification task589 amazonfood summary text generation task590 amazonfood summary correction classification
task591 sciq answer generation task592 sciq incorrect answer generation task593 sciq explanation generation
task594 sciq question generation task595 mocha answer generation task596 mocha question generation
task597 cuad answer generation task598 cuad answer generation task599 cuad question generation
task600 find the longest common substring in two strings task602 wikitext-103 answer generation task603 wikitext-103 fill in the blank
task605 find the longest common subsequence in two lists task606 sum of all numbers in list between positions i and j task607 sbic intentional offense binary classification
task608 sbic sexual offense binary classification task609 sbic potentially offense binary classification task610 conllpp ner
task611 mutual multi turn dialogue task613 politifact text generation task614 glucose cause event detection
task615 moviesqa answer generation task616 cola classification task617 amazonreview category text generation
task618 amazonreview summary text generation task619 ohsumed abstract title generation task620 ohsumed medical subject headings answer generation
task621 ohsumed yes no numerical answer generation task622 replace alphabets in a list by their position in english alphabet task623 ohsumed yes no answer generation
task624 ohsumed question answering task625 xlwic true or false answer generation task626 xlwic sentence based on given word sentence generation
task627 xlwic word with same meaning sentence generation task628 xlwic word with different meaning sentence generation task629 dbpedia 14 classification
task630 dbpedia 14 classification task631 dbpedia 14 incorrect answer generation task632 dbpedia 14 classification
task633 dbpedia 14 answer generation task634 allegro reviews classification task635 allegro reviews answer generation
task636 extract and sort unique alphabets in a list task637 extract and sort unique digits in a list task638 multi woz classification
task639 multi woz user utterance generation task641 esnli classification task642 esnli classification
task643 refresd classification task645 summarization task647 answer generation
task648 answer generation task649 race blank question generation task664 mmmlu answer generation abstract algebra
task667 mmmlu answer generation business ethics task668 extreme abstract summarization task669 ambigqa answer generation
task670 ambigqa question generation task671 ambigqa text generation task672 amazon and yelp summarization dataset summarization
task672 nummersense task673 google wellformed query classification task674 google wellformed query sentence generation
task676 ollie relationship answer generation task677 ollie sentence answer generation task678 ollie actual relationship answer generation
task679 hope edi english text classification task681 hope edi malayalam text classification task682 online privacy policy text classification
task683 online privacy policy text purpose answer generation task684 online privacy policy text information type generation task685 mmmlu answer generation clinical knowledge
task686 mmmlu answer generation college biology task687 mmmlu answer generation college chemistry task689 mmmlu answer generation college mathematics
task690 mmmlu answer generation college medicine task691 mmmlu answer generation college physics task692 mmmlu answer generation computer security
task693 mmmlu answer generation conceptual physics task694 mmmlu answer generation econometrics task695 mmmlu answer generation electrical engineering
task696 mmmlu answer generation elementary mathematics task697 mmmlu answer generation formal logic task698 mmmlu answer generation global facts
task699 mmmlu answer generation high school biology task700 mmmlu answer generation high school chemistry task701 mmmlu answer generation high school computer science
task702 mmmlu answer generation high school european history task703 mmmlu answer generation high school geography task704 mmmlu answer generation high school government and politics
task705 mmmlu answer generation high school macroeconomics task706 mmmlu answer generation high school mathematics task707 mmmlu answer generation high school microeconomics
task708 mmmlu answer generation high school physics task709 mmmlu answer generation high school psychology task710 mmmlu answer generation high school statistics
task711 mmmlu answer generation high school us history task712 mmmlu answer generation high school world history task713 mmmlu answer generation human aging
task714 mmmlu answer generation human sexuality task715 mmmlu answer generation international law task716 mmmlu answer generation jurisprudence
task717 mmmlu answer generation logical fallacies task718 mmmlu answer generation machine learning task719 mmmlu answer generation management
task721 mmmlu answer generation medical genetics task722 mmmlu answer generation random topic task723 mmmlu answer generation moral disputes
task724 mmmlu answer generation moral scenarios task725 mmmlu answer generation nutrition task726 mmmlu answer generation philosophy
task727 mmmlu answer generation prehistory task728 mmmlu answer generation professional accounting task729 mmmlu answer generation professional law
task730 mmmlu answer generation professional medicine task731 mmmlu answer generation professional psychology task732 mmmlu answer generation public relations
task733 mmmlu answer generation security studies task734 mmmlu answer generation sociology task735 mmmlu answer generation us foreign policy
task736 mmmlu answer generation virology task737 mmmlu answer generation world religions task738 perspectrum classification
task739 lhoestq question generation task740 lhoestq answer generation quantity task742 lhoestq answer generation frequency
task743 eurlex summarization task744 eurlex classification task745 ai2 arithmetic questions arithmetic
task746 yelp restaurant review classification task747 glucose cause emotion detection task748 glucose reverse cause event detection
task749 glucose reverse cause emotion detection task750 aqua multiple choice answering task751 svamp subtraction question answering
task752 svamp multiplication question answering task753 svamp addition question answering task754 svamp common-division question answering
task755 find longest substring and replace its sorted lowercase version in both lists task756 find longert substring and return all unique alphabets in it task757 msr sqa question generation
task758 msr sqa question answer generation task759 msr sqa incorrect answer generation task761 app review classification
task766 craigslist bargains classification task767 craigslist bargains classification task768 qed text span selection
task769 qed summarization task770 pawsx english text modification task819 pec sentiment classification
task820 protoqa answer generation task821 protoqa question generation task823 peixian-rtgender sentiment analysis
task827 copa commonsense reasoning task828 copa commonsense cause effect task831 giga fren classification
task832 poleval2019 mt classification task833 poem sentiment classification task834 mathdataset classification
task835 mathdataset answer generation task843 financial phrasebank classification task844 financial phrasebank classification
task845 pubmedqa question generation task846 pubmedqa classification task847 pubmedqa question generation
task848 pubmedqa classification task849 pubmedqa answer generation task850 synthetic longest palindrome
task851 synthetic multiply evens task852 synthetic multiply odds task853 hippocorpus long text generation
task854 hippocorpus classification task855 conv ai 2 classification task856 conv ai 2 classification
task857 inquisitive question generation task858 inquisitive span detection task859 prost question generation
task860 prost mcq generation task861 asdiv addsub question answering task861 prost mcq answers generation
task862 asdiv multidiv question answering task863 asdiv multiop question answering task864 asdiv singleop question answering
task865 mawps addsub question answering task866 mawps multidiv question answering task867 mawps multiop question answering
task868 cfq mcd1 explanation to sql task868 mawps singleop question answering task869 cfq mcd1 sql to explanation
task870 msmarco answer generation task871 msmarco question generation task875 emotion classification
task879 schema guided dstc8 classification task880 schema guided dstc8 classification task881 schema guided dstc8 classification
task886 quail question generation task887 quail answer generation task888 reviews classification
task889 goemotions classification task890 gcwd classification task891 gap coreference resolution
task892 gap reverse coreference resolution task893 gap fill the blank coreference resolution task896 miam language classification
task897 freebase qa topic question generation task898 freebase qa answer generation task899 freebase qa topic generation
task900 freebase qa category classification task901 freebase qa category question generation task902 deceptive opinion spam classification
task903 deceptive opinion spam classification task904 hate speech offensive classification task905 hate speech offensive classification
task906 dialogre identify names task907 dialogre identify relationships task908 dialogre identify familial relationships
task910 bianet classification task912 bianet classification task917 coqa question generation
task918 coqa answer generation task919 coqa incorrect answer generation task921 code x glue information retreival
task922 event2mind word generation task923 event2mind classifier task924 event2mind word generation
task925 coached conv pref classifier task926 coached conv pref word generation task927 yelp negative to positive style transfer
task928 yelp positive to negative style transfer task929 products reviews classification task930 dailydialog classification
task932 dailydialog classification task933 wiki auto style transfer task934 turk simplification
task935 defeasible nli atomic classification task936 defeasible nli snli classification task937 defeasible nli social classification
task955 wiki auto style transfer task956 leetcode 420 strong password check task957 e2e nlg text generation generate
task958 e2e nlg text generation parse task959 e2e nlg text generation identify task963 librispeech asr next word prediction
task964 librispeech asr text auto completion task966 ruletaker fact checking based on given context task967 ruletaker incorrect fact generation based on given paragraph
task970 sherliic causal relationship task974 prachathai67k sentiment classification task975 prachathai67k same genre classification
task976 pib indian language identification

Figure 8: Overview of the 1,000 English tasks from the SNI dataset used in the atomic recall setting.
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