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Abstract

Modern language agents must operate over long-horizon, multi-turn interactions,1

where they retrieve external information, adapt to observations, and answer in-2

terdependent queries. Yet, most LLM systems rely on full-context prompting,3

appending all past turns regardless of their relevance. This leads to unbounded4

memory growth, increased computational costs, and degraded reasoning perfor-5

mance on out-of-distribution input lengths. We introduce MEM1, an end-to-end6

reinforcement learning framework that enables agents to operate with constant7

memory across long multi-turn tasks. At each turn, MEM1 updates a compact8

shared internal state that jointly supports memory consolidation and reasoning.9

This state integrates prior memory with new observations from the environment10

while strategically discarding irrelevant or redundant information. To support11

training in more realistic and compositional settings, we propose a simple yet12

effective and scalable approach to constructing multi-turn environments by com-13

posing existing datasets into arbitrarily complex task sequences. Experiments14

across three domains, including internal retrieval QA, open-domain web QA, and15

multi-turn web shopping, show that MEM1-7B improves performance by 3.5×16

while reducing memory usage by 3.7× compared to Qwen2.5-14B-Instruct on a17

16-objective multi-hop QA task, and generalizes beyond the training horizon.18

Our results demonstrate the promise of reasoning-driven memory consolidation19

as a scalable alternative to existing solutions for training long-horizon interactive20

agents, where both efficiency and performance are optimized.21

1 Introduction22

Large language models (LLMs) have shown remarkable performance in single-turn tasks such23

as question answering, summarization, and code generation [7, 48, 3]. However, emerging real-24

world applications increasingly operate over multiple turns—searching documents, interacting with25

environments [67], and making decisions based on evolving external information [50]. Examples26

include research agents such as OpenAI and Gemini Deep Research [34, 16] that automate complex27

tasks by iteratively gathering information, and web-navigation agents such as OpenManus [47] and28

BrowerUse [31], which must complete goals across dozens of interactive turns.29

Unlike traditional tasks where the input is static or self-contained, long-horizon settings often30

involve answering a sequence of related questions, requiring the agent to continuously retrieve new31

information, revise beliefs, and adapt to evolving contexts over time. For instance, consider a research32

assistant tasked with “What’s the evidence for X?”. Subsequent queries like “Who published it?”33

require further information retrieval, while “Is the source credible?” calls for self-reflection and34

assessment. Each query builds on the previously collected and accumulated information. Similarly, a35

shopping assistant may be first asked “Which product is cheapest?”, then “What are its reviews?”,36
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Figure 1: A comparison between MEM1 and current reasoning agents in memory management.

and “Is it compatible with my device?”. These interactions span multiple turns, featuring evolving37

contexts and compound reasoning.38

In systems designed for long-horizon settings, a common approach is to append all past observations,39

actions, and thoughts to the context at every turn [52, 58]. This forces the model to operate with an40

unboundedly growing context, which introduces three key challenges. (1) Growing inference cost41

and memory usage. Transformer-based LLMs typically incur O(N2) compute cost (or O(N) with42

Key-Value caching) and O(N) memory usage as the context length N increases [49]. Consequently,43

deploying these models requires reserving large GPU memory on modern inference frameworks44

to accommodate the growing context [25, 65], often leading to significant wastage of computing45

resources. (2) Generalization limits beyond the training horizon. Ongoing conversations with46

context length exceeding that in the training data become out-of-distribution for the model. The47

model struggles to manage and reason over such unfamiliar long-horizon inputs [60]. (3) Overloaded48

and inefficient context. The accumulation of irrelevant or redundant content dilutes the model’s49

attention. This reduces its ability to reason effectively, even when relevant information is technically50

still present within the prompt [2, 27, 53].51

Recent progress in long-context modeling largely targets static inputs (e.g., long documents) and52

does not address multi-turn interaction with external environments [6, 17]. Some other approaches53

introduce external memory modules (e.g., summarizers or retrievers) [60, 26, 11, 54], but these are54

typically trained separately and cannot be optimized end-to-end with the agent’s policy. This also55

introduces additional engineering overhead, as engineers must manage and integrate two separate56

models. Meanwhile, existing works on tool-using agent systems trained with reinforcement learning57

leave memory management unsolved, letting the prompt length grow unboundedly [22, 66]. A natural58

question is raised: Can a language model learn to consolidate its memory as part of its reasoning59

process so that it retains only what is essential for solving the task?60

Motivated by this question, we present MEM1: Memory-Efficient Mechanism via learning 1-step61

integrated reasoning and consolidation—a method for training LLM agents that maintain constant62

memory usage across arbitrarily long horizons. As illustrated in Fig. 1, at each turn, the model63

updates a consolidated state composed of prior memory and newly obtained information. This64

consolidated state becomes the agent’s only retained memory, allowing all external tool outputs to be65

discarded after use, which prevents prompt expansion altogether. A key insight of our method is that66

inference-time reasoning [52, 13, 30, 62] serves a dual function: it not only provides deeper insight67

into the current query but also acts as a form of “working memory” [4], extracting key components68

from gathered information to build an evolving understanding. By unifying reasoning and memory69

consolidation, MEM1 offers an elegant solution where the agent learns to reason and remember70

within a shared representational space without requiring additional modules or architectural changes.71

We train this behavior end-to-end with reinforcement learning (RL) [45, 68], optimizing for task72

success via verifiable rewards [40]. Although we do not explicitly optimize for memory efficiency73
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through reward signals, the agent learns to manage memory as part of its policy, resulting in near-74

constant memory usage across long horizons. To evaluate our method comprehensively, we employ75

diverse multi-turn environments, including internal retrieval-augmented QA [24, 56], open-domain76

web QA [66], and complex multi-turn shopping scenarios in WebShop [57]. Across tests, our method77

consistently rivals the performance of leading baselines while delivering efficiency gains up to 3.5×.78

Despite the effectiveness of current training and evaluation environments, they predominantly focus79

on single-objective tasks [24, 56, 35], limiting their ability to fully prepare agents for realistic, long-80

horizon scenarios that inherently involve multiple sequential objectives. To address this limitation, we81

introduce a scalable task augmentation approach, transforming existing single-objective QA datasets82

into complex multi-objective tasks through compositions of N multi-hop questions. This approach83

enables us to repurpose standard benchmarks in our community to more effectively train and evaluate84

agents on long-horizon reasoning, an increasingly important capability in real-world applications. In85

our experiments, agents trained on 2-objective compositions generalize effectively to tasks involving86

up to 16-objective compositions. Notably, at the 16-objective level, our MEM1 achieves superior87

accuracy compared to all baseline methods, along with 1.27× lower peak memory usage and 1.78×88

faster inference compared to the respective best uncollapsed baseline.89

2 Related Work90

LLM agent with multi-turn environment. LLM-based agents have evolved from handling single-91

turn queries to serving as autonomous agents capable of multi-turn interactions such as web navi-92

gation [57, 67] and complex research [66]. To enable such capabilities, Yao et al. [58] introduced93

the ReAct (i.e., Reason + Act) framework, which enhances LLMs’ ability to interact with external94

environments by interleaving reasoning and action. Building on this prompting paradigm, subsequent95

works have explored ways to improve agent performance through natural language feedback, enabling96

iterative refinement [42, 29]. Recently, inference-time scaling has emerged as a promising direction97

for enabling complex reasoning, with prior research incorporating evaluator (e.g., verifier, reward98

model) [43, 28] or world models [8]. In addition, there are two major lines of training approaches:99

(1) behavior cloning (BC), which involves imitating expert trajectories to guide agent behavior by100

supervised fine-tuning (SFT) [59, 14, 10], and (2) reinforcement learning (RL), which optimizes101

agent policies by incentivizing desirable outcomes through rewards [44, 5, 36]. These methods aim to102

align the agent’s behavior with task objectives, enabling more robust and generalizable performance.103

Memory management for LLM agents. A widely adopted approach to memory management104

in LLM-based agent systems involves appending all prior information—such as observations, in-105

termediate thoughts, and actions—into the prompt at each interaction turn [58]. While this method106

is straightforward and effective when the number of interactions required is small, it results in107

unbounded context growth, leading to linearly scaled inference memory. Moreover, long contexts108

often contain irrelevant or redundant information, which impairs the model’s reasoning capabili-109

ties [2, 27, 53]. To mitigate these issues, recent studies have proposed external memory frameworks,110

including retrieval-augmented generation and summarization modules [60, 26, 11, 54]. However,111

these methods are typically trained or used independently of the agent’s policy, creating a disconnect112

between memory and the reasoning process. In addition, managing and integrating such modules113

often incurs extra computational overhead and system complexity. Despite these advancements, many114

RL approaches for training LLM agents still rely on accumulating the full interaction history as115

memory [22, 66, 36], leaving memory management during training an underexplored area. In this116

work, we seek to bridge this gap by tightly integrating memory with the agent’s reasoning process,117

thereby enabling more efficient and context-aware decision-making.118

3 MEM1119

Complex reasoning tasks often require an iterative process of information gathering and synthesis,120

as seen in applications such as “deep research” [34, 21] and web-based agents [32, 18]. Recent121

advances in agent design involve interaction loops that interleave chain-of-thought reasoning [52, 13],122

environment interaction, and real-world feedback collection. To explicitly capture these core elements,123

we annotate each component using XML-style tags: <IS> for internal state (reasoning), <query>124

for environment queries, <answer> for the agent’s responses, and <info> for external observations125
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Figure 2: (Top): the RL pipeline used to train MEM1. (Bottom left): The evolution of context in
MEM1–old <IS>, <query>, <info> are cleared as new states enter the context. The mechanism is
used in the rollout. (Bottom right): the 2D attention mask used during the objective computation stage.
The mask is applied to model forwarding when computing the log probabilities of the generated
tokens; the information mask is then applied to the tokens in the full trajectory, masking out those not
generated by the model itself during the policy update stage.

or tool outputs. MEM1 adopts a learned approach to iterative state updating and consolidation,126

ensuring that only the most recent set of <IS>, <query>, <answer>, and <info> elements is retained127

in the prompt at any given time. This design maintains a bounded and semantically relevant context,128

promoting efficient and coherent multi-step reasoning.129

3.1 Memory as Part of Reasoning130

To achieve a constant memory, MEM1 is particularly trained to iteratively refine its understanding131

by processing new information in conjunction with a consolidation of its prior state. At each turn t,132

the agent produces a new <IS_t> element, which summarizes past information and reasons about133

subsequent actions. Following this, the agent generates an inquiry—either a <query_t> to interact134

with the environment, or an <answer_t> if a direct response is warranted. If the agent issues135

a <query_t>, the corresponding feedback from the environment is appended as <info_t>. At136

the next turn, t+ 1, the agent consolidates the tuple
(
<IS_t>, <query_t>, <info_t>

)
into a new137

<IS_(t+1)>, which serves as the basis for further interactions. After each turn, all tags from the138

previous turn t are pruned from the context, effectively compressing memory and preventing prompt139

bloat. Fig. 2 (bottom left) illustrates the evolution of the model’s context over time. At any given140

turn, the agent retains at most two <IS> elements, two <query> elements, and one <info> element,141

ensuring bounded and efficient memory usage. The detailed rollout algorithm is in Alg. 1 of App. A.5.142

RL offers a powerful mechanism for shaping agent behavior through reward signals [46]. In MEM1,143

we leverage this framework to incentivize effective state consolidation by designing environments144

in which the agent is rewarded only when it strategically retains and integrates useful information.145

Specifically, we construct tasks that require numerous interactions with the environment to arrive146

at a correct answer (see Sec. 3.3). Success depends on the agent’s ability to rely on information147

collected along the inference path. At each turn, we prune the agent’s context to retain only the148

most recent <IS>, forcing the agent to perform memory consolidation as part of its reasoning149

process. Without access to full historical context, the agent must learn to preserve and update relevant150

knowledge internally in order to reap the reward. This learning procedure mirrors how humans151

cultivate memorization skills through structured tasks such as Sudoku or crosswords [1], where152

success hinges on selectively attending to key information and building upon it. Over time, such153

tasks help individuals develop cognitive strategies that jointly support efficient memorization and154

reasoning, similar to our RL method for training MEM1.155

4



3.2 Masked Trajectory for Policy Optimization156

In the previous section, we detailed the rollout process of our RL pipeline. However, unlike con-157

ventional multi-turn agents that preserve a static context during generation, MEM1 introduces a158

unique challenge: its mechanism continuously updates the context at each turn by consolidating159

prior memory and pruning irrelevant tokens. This dynamic context update disrupts the continuity160

of the token generation trajectory, complicating the estimation of token-wise advantages in policy161

optimization algorithms such as PPO and Reinforce++ [38, 20], where trajectories are typically162

assumed to be linear.163

To address this, we introduce a masked trajectory approach that reconstructs a logically coher-164

ent full trajectory by stitching together multiple interaction turns with evolving contexts. This165

unified trajectory mimics a standard multi-turn rollout and comprises a sequence of tuples τt =166

(<IS_t>, <query_t>, <info_t>) for t ∈ [1, T −1], where T denotes the total number of interaction167

turns. The T -th turn outputs the final answer τT = (<IS_t>, <answer_t>). The full trajectory168

encodes all information needed for accurate policy learning while respecting MEM1’s memory169

consolidation at each turn. Fig. 2 (bottom left) demonstrates the evolution of the agent’s context.170

To ensure that policy gradients are correctly computed under this consolidated memory regime,171

we apply a two-dimensional attention mask [37] across the full trajectory. This mask restricts172

each token’s attention to only the tokens retained in memory at the time that token was generated.173

Specifically, for a token position k, we mask out all prior tokens that are not part of the consolidated174

memory corresponding to the context at that turn. This masking strategy enables accurate computation175

of the policy objective: letting sk denote the masked input state and ak the predicted token, the log-176

probability ratio ρk(θ) =
πθ(ak|sk)
πθold (ak|sk) remains valid and tractable, in turn ensuring that the advantage,177

KL penalty, and value estimation are correct. A visualization is in Fig. 2 (bottom right). Furthermore,178

following [22], we incorporate a one-dimensional attention mask over retrieved external information179

during policy updates for both the actor and critic networks. This ensures that gradient updates are180

localized to only tokens generated by the agent. Fig. 2 (bottom right) shows the masking mechanism181

that enables stable and accurate policy optimization under MEM1’s memory-constrained execution.182

3.3 Multi-Objective Task Design183

Although our proposed method is designed to address the critical challenges of agentic multi-184

turn interaction with the external world, there are limited publicly available datasets that support185

training for such long-horizon interactive processes. Existing benchmarks, such as HotpotQA [56],186

Bamboogle [35], and 2wiki [19], are often cited as multi-hop benchmarks, yet they typically involve187

only two information-seeking steps. Moreover, these datasets are not explicitly structured to support188

long-horizon interactions that necessitate the agent to manage the memory state.189

To bridge this gap, we introduce a novel task—multi-objective question & answering (QA)—that190

extends the number of reasoning steps required to solve a problem. Building on existing multi-turn191

datasets such as HotpotQA and Natural Question [56, 24], we interleave multiple questions from the192

original QA corpus and construct a single composite query that requires answering all constituent sub-193

questions, shown in Prompt 1 of App. A.3. This formulation compels the agent to perform multiple194

search queries, each targeting a distinct sub-question or sub-objective, and then integrate the retrieved195

answers to form a comprehensive final response. Compared to the original tasks, our synthesized196

multi-objective, multi-hop setting significantly increases the number of search and reasoning turns197

required, thereby promoting more complex, memory-intensive interactions.198

4 Experiments & Results199

We empirically demonstrate the effectiveness of our approach in training the MEM1 agent to perform200

multi-turn tasks while preserving a fixed-size memory state. We evaluate MEM1 against several201

baselines using a comprehensive set of metrics categorized into accuracy (e.g., Exact Match, F1202

score, Environment Reward) and efficiency (e.g., Peak Token Usage, Dependency Length, Inference203

Time). All MEM1 variants are fine-tuned from the Qwen2.5-7B Base model [55]. We use PPO [38]204

as the RL algorithm as it computes token-level advantages, bringing stability to the training process.205

While we also experimented with instruction-tuned and supervised fine-tuned models using curated206
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high-quality trajectories, reinforcement learning from the base model consistently yielded the best207

performance and generalization.208

Our experiments are conducted in two standard environments, each reflecting real-world scenarios209

that require multi-turn agent interactions. The first environment is question answering with retrieval-210

augmented generation (RAG) [24, 56], where the agent must answer queries by retrieving relevant211

information from an external knowledge store (either a database or an online search engine). We212

trained on RAG with local database (i.e., Wikipedia Corpus) and evaluated on tasks with open web213

browsing. For QA, following Sec. 3.3, we construct multi-objective tasks and tested the model214

performance on tasks with more questions than seen in the training. The second environment is215

WebShop navigation [57], where the agent assists users in online shopping by browsing a website and216

selecting items based on natural language descriptions. This task requires the agent to iteratively read217

page content and make navigation decisions, following protocols similar to those in WebGPT [32].218

4.1 Implementation Details219

Datasets and evaluation metrics. We train two versions of MEM1 agent for both long-horizon220

QA and web navigation. For long-horizon QA, we augment the multi-hop QA dataset from [22] that221

mixes data from both HotpotQA [56] and Natural Question [24] to form a 2-objective composite222

task. For web agent, we use the WebShop environment [57], which also produces a reward during223

training [61]. For all datasets, the train-test split follows the original papers. During RL training,224

we employ the exact match (EM) metric for QA tasks (details in App. A.4) and the environment225

reward for Webshop [57, 61]. To evaluate the effectiveness of various approaches, we measure the226

EM and F1 score for QA tasks and final reward for the WebShop environment [57, 61]. To evaluate227

the efficiency, we consider the peak token usage, average dependency, and average inference time.228

The test datasets are obtained from the original papers which consist of out-of-distribution data. The229

former two metrics measure the memory efficiency, while the latter measures the time efficiency. The230

detailed definitions of the metrics are in App. A.4. The prompt and format can be found in App. A.3.231

Baselines. To evaluate the accuracy and efficiency of MEM1, we compare it against a diverse232

set of baselines designed to either enhance task performance or manage context effectively. For233

the QA environment, we benchmark accuracy against Search-R1 [22], Deep Researcher [66], and a234

larger-scale model, Qwen2.5-14B-Instruct [55]. For the WebShop environment, we compare against235

Agent-FLAN [9], Agent-R [61], and AgentLM [63]. To assess efficiency, we consider two context236

compression baselines using models of the same parameter size as MEM1. First, we apply MEM1’s237

agentic truncation prompt template and rollout to a standard instruct model, isolating the benefits238

of prompt and rollout design alone. Second, we evaluate A-MEM [54], which augments an Instruct239

model with a vector database for memory retrieval, capturing the effect of external memory modules240

in agentic systems. We additionally train a supervised fine-tuned (SFT) model using trajectories241

curated from GPT-4o [33] based on MEM1’s rollout and compare it with the RL-trained agent.242

Meta info injection. In our agentic pipeline, the agent’s context is programmatically truncated at243

each turn—immediately after it generates a search query or an answer—following the procedure244

outlined in Sec. 3. As past context is truncated, the agent may have difficulty determining when245

to terminate. To address this, we prepend a hint [HINT: YOU HAVE {turns_left} TURNS LEFT]246

at the beginning of each <info> tag to remind the agent of its remaining turns budget. For all247

experiments, we set the maximally allowed turns to 6 for 1-objective to 4-objective tasks and 20 for248

more difficult tasks to avoid excessively long trajectories.249

4.2 MEM1 on Multi-Objective Multi-Hop Tasks250

One key advantage of MEM1 agents lies in their efficient management of long-horizon interactions251

with the environment. To demonstrate this, we train our MEM1 agent with a 2-objective augmentation252

of the QA dataset, and subsequently test it against other models, using held-out multi-objective test253

datasets similarly augmented from the original test datasets. As elaborated in Sec. 3.3, these multi-254

objective tasks require a significantly larger number of turns of environment interactions to complete,255

hence serving as better benchmarks for memory management. As shown in Tab. 1, when evaluated256

on 2-objective datasets, MEM1 achieves comparable effectiveness (in terms of EM and F1 scores) to257

other 7B counterparts, while incurring significantly lower peak token usage and faster inference time.258
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Figure 3: Performance and efficiency scaling of MEM1 (trained on 2-objective QA) with the number
of objectives in multi-objective tasks. MEM1 outperforms the other models and baselines while
having an almost constant scaling in memory usage. Note that at 16-objective, the context of baseline
models does not increase anymore since their model performance has degraded (some collapsed).

Table 1: Comparison of models on multi-objective multi-hop QA tasks. Arrows indicate the desired
directions. Numbers in red indicate collapsed model behavior. (truncate) means using MEM1’s
prompt and rollout pipeline. (A-MEM) means using MEM1’s prompt and rollout pipeline with
A-Mem’s external memory module [54]. MEM1-QA means MEM1 trained on 2-objective QA task.
Model 2-Objective 8-Objective 16-Objective

EM ↑ F1 ↑ Peak (×102) ↓ Time (s) ↓ EM ↑ F1 ↑ Peak (×102) ↓ Time (s) ↓ EM ↑ F1 ↑ Peak (×102) ↓ Time (s) ↓

Qwen2.5-14B-Inst 0.732 0.902 15.6±0.19 5.49 ± 0.16 1.55 1.87 44.7 ± 0.37 16.2 ± 0.27 0.567 0.703 38.4±0.71 29.7±0.75
Qwen2.5-7B-Inst 0.268 0.366 19.6±0.33 4.60±0.08 0.87 1.10 49.5±0.40 13.9±0.18 0.165 0.213 43.3±0.62 15.5±0.23
Qwen2.5-7B-Inst (A-MEM) 0.286 0.371 14.1±0.10 24.6±0.51 1.13 1.43 18.6±0.10 53.7±1.26 0.730 0.961 18.8±0.14 91.2±2.44
Qwen2.5-7B-Inst (truncate) 0.262 0.336 8.28±0.06 5.89±0.16 0.97 1.23 11.8±0.10 11.9±0.20 0.396 0.497 13.3±0.16 22.1±0.60
Search-R1 0.452 0.531 13.0±0.08 4.09 ± 0.23 0.064 0.08 24.7 ± 0.19 4.25±0.16 0.009 0.011 20.9±0.03 4.75±0.18
DeepResearcher 0.536 0.650 22.0±0.43 4.01±0.07 0.73 0.90 51.8±0.35 11.3±0.14 0.071 0.106 48.9±0.66 15.8±0.19
MEM1-QA 0.709 0.838 6.40±0.02 6.49 ± 0.07 1.87 2.31 8.01±0.06 8.68±0.12 1.97 2.39 10.4±0.09 8.70±0.12

The advantage of MEM1 becomes even more evident in tasks requiring longer-horizon interactive259

processes. To highlight such scalability of MEM1, we further compare the models on 3, 4, 6, 8,260

and 16-objective tasks in Fig. 3 and Tab. 1. Fig. 3 illustrates the scaling trends of task performance261

(measured by EM count) and memory efficiency (measured by Peak Token Usage) for MEM1 relative262

to other models and memory management baselines. As the number of objectives increases, the Peak263

Token Usage of all other methods and models scales nearly linearly. In contrast, MEM1 maintains264

an almost constant peak token count with only a slight increase, as also shown in Tab. 1.265

Notably, while MEM1 initially underperforms Qwen2.5-14B-Instruct, its performance gradually266

catches up as the number of objectives increases, eventually surpassing the 14B model, which has267

double the parameter count. MEM1 also demonstrates remarkable efficiency. In the 16-objective268

task, it requires only 27.1% of the peak tokens and 29.3% of the total inference time compared to269

Qwen2.5-14B-Instruct. This efficiency translates to significantly reduced GPU memory requirements270

and overall computing resource demands.271

4.3 MEM1 on Single-Objective Multi-Hop Tasks272

While MEM1 is designed to train agents for very long-horizon tasks, our training method also273

delivers improved capability with existing multi-hop tasks while achieving much greater efficiency at274

the same time. Note that single-objective tasks also require multiple turns of interaction to produce275

the desired output.276

Long-horizon web navigation in WebShop. Beyond QA tasks, we further evaluate the effective-277

ness of MEM1 in managing long-horizon interactions in the form of web navigation. We show278

the experimental results in Tab. 2. Trained in the WebShop environment (see App. A.6), MEM1279

outperforms other agent training baselines, including Agent-Flan, Agent-R and AgentLM when280
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Table 2: The experimental results for Webshop. For a fair comparison, we do not report GPT’s
inference time. For Agent-R, scores are taken from the original paper as the model is closed source.
MEM1-WebShop means MEM1 trained on WebShop environment.
Model Avg Final Reward ↑ Peak Token (×103) ↓ Dependency (×106) ↓ Inference Time Per Traj (s) ↓
GPT-4o 25.48 5.30± 1.23 3.99± 1.16 N/A
GPT-4o (truncate) 13.82 0.99± 0.99 0.81± 0.23 N/A
GPT-4o (A-MEM) 24.50 1.84± 0.06 0.31± 0.11 N/A

Qwen2.5-7B-Instruct 18.42 5.64± 1.34 3.38± 0.89 12.31± 1.82
Qwen2.5-14B-Instruct 12.34 5.44± 0.92 3.30± 0.61 18.17± 2.32
Agent-FLAN-7B 40.35 3.37± 1.12 2.18± 1.62 9.95± 6.19
Agent-R-8B 63.91 N/A N/A N/A
AgentLM-7B 63.60 2.24± 0.40 0.28± 0.07 3.91± 1.07
AgentLM-13B 70.80 2.36± 0.46 0.30± 0.08 5.23± 1.59

MEM1-WebShop 70.87 0.81 ± 0.10 0.15 ± 0.16 2.61 ± 0.48

Table 3: Performance comparison across environments for single-objective tasks. Arrows indicate
desired direction. (SFT) means training with SFT and applying MEM1’s prompt and rollout.
Environment System EM ↑ F1 ↑ Peak Token (×102) ↓ Dependency (×105) ↓ Inference Time ↓

Wiki RAG

Qwen2.5-7B-Inst (truncate) 0.287 0.382 6.28± 0.05 1.65± 0.04 2.26± 0.04
Qwen2.5-7B-Inst (A-MEM) 0.246 0.373 8.47± 0.12 0.92± 0.03 11.2± 0.40
Qwen2.5-7B-Inst 0.269 0.390 9.32± 0.19 1.17± 0.04 2.31± 0.04
Qwen2.5-14B-Inst 0.422 0.534 8.89± 0.21 2.22± 0.10 6.73± 0.24
Search-R1 0.445 0.516 11.0± 0.25 1.50± 0.05 2.23± 0.14
DeepResearcher 0.419 0.503 13.3± 0.34 7.04± 0.33 3.86± 0.09
MEM1-QA (SFT) 0.302 0.358 6.54± 0.05 3.30± 0.13 4.84± 0.21
MEM1-QA 0.405 0.471 5.63± 0.03 0.76± 0.02 3.79± 0.07

Online Web-QA
Qwen2.5-7B-Inst 0.334 0.451 8.37± 0.18 1.39± 0.06 2.20± 0.04
DeepResearcher 0.372 0.492 10.27± 0.19 2.86± 0.14 2.87± 0.06
MEM1-QA 0.397 0.485 5.79 ± 0.06 0.44 ± 0.02 1.84 ± 0.03

utilizing models of similar size. Furthermore, MEM1 achieves remarkable efficiency improvements281

compared to the best baseline method, AgentLM, featuring a 2.8× improvement in Peak Token Usage,282

a 1.9× improvement in Dependency, and a 1.5× improvement in Inference Time. MEM1 even283

surpasses AgentLM-13B, a model with twice the parameter count of our trained model. Additionally,284

our results indicate that using MEM1 is significantly better than OpenAI’s GPT-4o on the WebShop285

tasks, even when the truncation prompt templates or A-MEM techniques are applied to GPT-4o.286

Single-objective QA in Wikipedia. Tab. 3 presents the accuracy and efficiency metrics for evalua-287

tions on single-objective QA tasks on Wikipedia [22], where the agent can make retrieval requests288

from the Wikipedia datastore via RAG. Overall, MEM1 demonstrates superior efficiency across all289

three evaluated efficiency metrics, while simultaneously achieving the highest EM score and an F1290

score comparable to that of Qwen2.5-14B-Instruct. This improvement in efficiency is attributed to291

the MEM1 agent’s ability to consolidate memory from previous interactions into a compact internal292

state, which reduces the number of tokens used in the context. We also observe that SFT significantly293

underperforms RL, highlighting the necessity for RL-based training.294

Zero-shot transfer to Online Web-QA. To validate the transferability and generalizability of the295

trained MEM1 agent, we perform a zero-shot transfer to an Online Web-QA environment, which is296

unseen by the agent. In this environment, agents conduct web searches through an API service that297

returns results including titles, snippets and URLs. As shown in Tab. 3, MEM1 consistently exhibited298

improved efficiency alongside comparable effectiveness in this unseen setting via zero-shot transfer.299

4.4 Analysis on Emergent Agent Behaviors300

Through analyzing MEM1’s multi-turn interaction traces trained on 2-objective QA, we observe301

a range of emergent behaviors that are critical for handling long-horizon, multi-objective tasks,302

demonstrating capabilities well beyond simple retrieval. First, MEM1 learns to manage multiple303

questions concurrently by maintaining a structured internal state. As shown in Fig. 4(a), when faced304

with two multi-hop questions, the agent stores and updates memory for each question separately,305
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Figure 4: Snippets of internal states and actions showing MEM1’s Emergent Behaviors in 2-objective
QA tasks. Light Blue denotes behaviors related to multi-objective tasks. Beige denotes behaviors
related to memory in internal state. Pastel Green denotes behaviors related to general search strategies.

guiding subsequent searches based on the identified information gaps. In (b), MEM1 exhibits the306

ability to shift focus when progress on one question stalls, recognizing difficulty and prioritizing307

the more tractable objective. Meanwhile, MEM1 learns to interleave reasoning and memory in308

its internal state <IS>, weaving important information into its decision-making process to support309

both information retention and action selection. In Fig. 4 (c), MEM1 explicitly extracts important310

information from previous search results and leverages them to formulate the next query that best311

addresses the current information gap. In addition, (d) shows that when new, relevant information312

is retrieved, MEM1 explicitly reasons about its significance and selectively updates its memory.313

We believe that learning these interleaved behavior is key to achieving efficiency gain in memory314

without degrading performance. Beyond behaviors unique to our multi-objective setup and memory315

architecture, MEM1 also exhibits several general-purpose search strategies. In (e), the agent316

performs self-verification, correcting an earlier misconception and issuing a new query for confirma-317

tion. In (f), it decomposes complex queries into manageable subgoals before initiating search. In318

(g), for questions requiring multi-turn information gathering, MEM1 extracts key information from319

search results and uses it to inform the next search. In (h), when overly specific queries fail, MEM1320

re-scopes its query to improve retrieval. Notably, many of these behaviors, including verification,321

making plan, and iterative search, are also reported in recent studies on deep research agents [22, 66].322

5 Conclusion, Limitation, and Future Work323

We introduced MEM1, a reinforcement learning framework that enables language agents to perform324

long-horizon reasoning with consolidated memory. By integrating inference-time reasoning and325

memory consolidation into a unified internal state, MEM1 addresses the scalability challenges of326

prompt growth and achieves competitive performance across QA and web navigation benchmarks,327

with substantially reduced memory usage and inference latency. Despite these advantages, MEM1328

assumes access to environments with well-defined and verifiable rewards. While this assumption329

holds in domains such as QA, math, and web navigation, many open-ended tasks present ambiguous330

or noisy reward structures. Fully realizing the potential of MEM1 therefore requires advances in331

modeling such tasks and designing suitable reward mechanisms—challenges that lie beyond the332

scope of this work. A promising future direction is to explore methods for training MEM1 agents in333

these open-ended settings where reward signals are sparse, delayed, or implicit.334
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NeurIPS Paper Checklist554

1. Claims555

Question: Do the main claims made in the abstract and introduction accurately reflect the556

paper’s contributions and scope?557

Answer: [Yes]558

Justification: The abstract and introduction accurately reflect the paper’s contribution and559

scope, with contributions bolded and highlighted in both the abstract and introduction560

(Sec. 1).561

Guidelines:562

• The answer NA means that the abstract and introduction do not include the claims563

made in the paper.564

• The abstract and/or introduction should clearly state the claims made, including the565

contributions made in the paper and important assumptions and limitations. A No or566

NA answer to this question will not be perceived well by the reviewers.567

• The claims made should match theoretical and experimental results, and reflect how568

much the results can be expected to generalize to other settings.569

• It is fine to include aspirational goals as motivation as long as it is clear that these goals570

are not attained by the paper.571

2. Limitations572

Question: Does the paper discuss the limitations of the work performed by the authors?573

Answer: [Yes]574

Justification: We have included a discussion of the limitations in Sec. 5.575

Guidelines:576

• The answer NA means that the paper has no limitation while the answer No means that577

the paper has limitations, but those are not discussed in the paper.578

• The authors are encouraged to create a separate "Limitations" section in their paper.579

• The paper should point out any strong assumptions and how robust the results are to580

violations of these assumptions (e.g., independence assumptions, noiseless settings,581

model well-specification, asymptotic approximations only holding locally). The authors582

should reflect on how these assumptions might be violated in practice and what the583

implications would be.584

• The authors should reflect on the scope of the claims made, e.g., if the approach was585

only tested on a few datasets or with a few runs. In general, empirical results often586

depend on implicit assumptions, which should be articulated.587

• The authors should reflect on the factors that influence the performance of the approach.588

For example, a facial recognition algorithm may perform poorly when image resolution589

is low or images are taken in low lighting. Or a speech-to-text system might not be590

used reliably to provide closed captions for online lectures because it fails to handle591

technical jargon.592

• The authors should discuss the computational efficiency of the proposed algorithms593

and how they scale with dataset size.594

• If applicable, the authors should discuss possible limitations of their approach to595

address problems of privacy and fairness.596

• While the authors might fear that complete honesty about limitations might be used by597

reviewers as grounds for rejection, a worse outcome might be that reviewers discover598

limitations that aren’t acknowledged in the paper. The authors should use their best599

judgment and recognize that individual actions in favor of transparency play an impor-600

tant role in developing norms that preserve the integrity of the community. Reviewers601

will be specifically instructed to not penalize honesty concerning limitations.602

3. Theory assumptions and proofs603

Question: For each theoretical result, does the paper provide the full set of assumptions and604

a complete (and correct) proof?605
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Answer: [NA]606

Justification: This paper does not include a theoretical result.607

Guidelines:608

• The answer NA means that the paper does not include theoretical results.609

• All the theorems, formulas, and proofs in the paper should be numbered and cross-610

referenced.611

• All assumptions should be clearly stated or referenced in the statement of any theorems.612

• The proofs can either appear in the main paper or the supplemental material, but if613

they appear in the supplemental material, the authors are encouraged to provide a short614

proof sketch to provide intuition.615

• Inversely, any informal proof provided in the core of the paper should be complemented616

by formal proofs provided in appendix or supplemental material.617

• Theorems and Lemmas that the proof relies upon should be properly referenced.618

4. Experimental result reproducibility619

Question: Does the paper fully disclose all the information needed to reproduce the main ex-620

perimental results of the paper to the extent that it affects the main claims and/or conclusions621

of the paper (regardless of whether the code and data are provided or not)?622

Answer: [Yes]623

Justification: The code is included in the supplementary materials and will be open-sourced624

upon paper acceptance. In the paper, the main experiment section (Sec. 4.1) clearly describes625

the implementation details and hyperparameters needed to reproduce the results.626

Guidelines:627

• The answer NA means that the paper does not include experiments.628

• If the paper includes experiments, a No answer to this question will not be perceived629

well by the reviewers: Making the paper reproducible is important, regardless of630

whether the code and data are provided or not.631

• If the contribution is a dataset and/or model, the authors should describe the steps taken632

to make their results reproducible or verifiable.633

• Depending on the contribution, reproducibility can be accomplished in various ways.634

For example, if the contribution is a novel architecture, describing the architecture fully635

might suffice, or if the contribution is a specific model and empirical evaluation, it may636

be necessary to either make it possible for others to replicate the model with the same637

dataset, or provide access to the model. In general. releasing code and data is often638

one good way to accomplish this, but reproducibility can also be provided via detailed639

instructions for how to replicate the results, access to a hosted model (e.g., in the case640

of a large language model), releasing of a model checkpoint, or other means that are641

appropriate to the research performed.642

• While NeurIPS does not require releasing code, the conference does require all submis-643

sions to provide some reasonable avenue for reproducibility, which may depend on the644

nature of the contribution. For example645

(a) If the contribution is primarily a new algorithm, the paper should make it clear how646

to reproduce that algorithm.647

(b) If the contribution is primarily a new model architecture, the paper should describe648

the architecture clearly and fully.649

(c) If the contribution is a new model (e.g., a large language model), then there should650

either be a way to access this model for reproducing the results or a way to reproduce651

the model (e.g., with an open-source dataset or instructions for how to construct652

the dataset).653

(d) We recognize that reproducibility may be tricky in some cases, in which case654

authors are welcome to describe the particular way they provide for reproducibility.655

In the case of closed-source models, it may be that access to the model is limited in656

some way (e.g., to registered users), but it should be possible for other researchers657

to have some path to reproducing or verifying the results.658

5. Open access to data and code659
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Question: Does the paper provide open access to the data and code, with sufficient instruc-660

tions to faithfully reproduce the main experimental results, as described in supplemental661

material?662

Answer: [Yes]663

Justification: The code is included in the supplementary materials and will be open-sourced664

upon paper acceptance. All datasets used in the paper are publicly accessible via the citations665

provided.666

Guidelines:667

• The answer NA means that paper does not include experiments requiring code.668

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/669

public/guides/CodeSubmissionPolicy) for more details.670

• While we encourage the release of code and data, we understand that this might not be671

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not672

including code, unless this is central to the contribution (e.g., for a new open-source673

benchmark).674

• The instructions should contain the exact command and environment needed to run to675

reproduce the results. See the NeurIPS code and data submission guidelines (https:676

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.677

• The authors should provide instructions on data access and preparation, including how678

to access the raw data, preprocessed data, intermediate data, and generated data, etc.679

• The authors should provide scripts to reproduce all experimental results for the new680

proposed method and baselines. If only a subset of experiments are reproducible, they681

should state which ones are omitted from the script and why.682

• At submission time, to preserve anonymity, the authors should release anonymized683

versions (if applicable).684

• Providing as much information as possible in supplemental material (appended to the685

paper) is recommended, but including URLs to data and code is permitted.686

6. Experimental setting/details687

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-688

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the689

results?690

Answer: [Yes]691

Justification: All details necessary to understand the results are provided in the main692

experiment section (Sec. 4.1). Code is also available in the supplemental materials.693

Guidelines:694

• The answer NA means that the paper does not include experiments.695

• The experimental setting should be presented in the core of the paper to a level of detail696

that is necessary to appreciate the results and make sense of them.697

• The full details can be provided either with the code, in appendix, or as supplemental698

material.699

7. Experiment statistical significance700

Question: Does the paper report error bars suitably and correctly defined or other appropriate701

information about the statistical significance of the experiments?702

Answer: [Yes]703

Justification: Error bars that indicate the standard error of the mean are reported for all main704

experimental results in Tab. 1, Tab. 2, and Tab. 3.705

Guidelines:706

• The answer NA means that the paper does not include experiments.707

• The authors should answer "Yes" if the results are accompanied by error bars, confi-708

dence intervals, or statistical significance tests, at least for the experiments that support709

the main claims of the paper.710
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• The factors of variability that the error bars are capturing should be clearly stated (for711

example, train/test split, initialization, random drawing of some parameter, or overall712

run with given experimental conditions).713

• The method for calculating the error bars should be explained (closed form formula,714

call to a library function, bootstrap, etc.)715

• The assumptions made should be given (e.g., Normally distributed errors).716

• It should be clear whether the error bar is the standard deviation or the standard error717

of the mean.718

• It is OK to report 1-sigma error bars, but one should state it. The authors should719

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis720

of Normality of errors is not verified.721

• For asymmetric distributions, the authors should be careful not to show in tables or722

figures symmetric error bars that would yield results that are out of range (e.g. negative723

error rates).724

• If error bars are reported in tables or plots, The authors should explain in the text how725

they were calculated and reference the corresponding figures or tables in the text.726

8. Experiments compute resources727

Question: For each experiment, does the paper provide sufficient information on the com-728

puter resources (type of compute workers, memory, time of execution) needed to reproduce729

the experiments?730

Answer: [Yes]731

Justification: The number and the type of GPU card used during training and evaluation are732

detailed in App. A.1.733

Guidelines:734

• The answer NA means that the paper does not include experiments.735

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,736

or cloud provider, including relevant memory and storage.737

• The paper should provide the amount of compute required for each of the individual738

experimental runs as well as estimate the total compute.739

• The paper should disclose whether the full research project required more compute740

than the experiments reported in the paper (e.g., preliminary or failed experiments that741

didn’t make it into the paper).742

9. Code of ethics743

Question: Does the research conducted in the paper conform, in every respect, with the744

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?745

Answer: [Yes]746

Justification: The research conducted in the paper conforms, in every respect, with the747

NeurIPS Code of Ethics.748

Guidelines:749

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.750

• If the authors answer No, they should explain the special circumstances that require a751

deviation from the Code of Ethics.752

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-753

eration due to laws or regulations in their jurisdiction).754

10. Broader impacts755

Question: Does the paper discuss both potential positive societal impacts and negative756

societal impacts of the work performed?757

Answer: [Yes]758

Justification: Broader societal impacts are discussed in App. B.759

Guidelines:760

• The answer NA means that there is no societal impact of the work performed.761

18

https://neurips.cc/public/EthicsGuidelines


• If the authors answer NA or No, they should explain why their work has no societal762

impact or why the paper does not address societal impact.763

• Examples of negative societal impacts include potential malicious or unintended uses764

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations765

(e.g., deployment of technologies that could make decisions that unfairly impact specific766

groups), privacy considerations, and security considerations.767

• The conference expects that many papers will be foundational research and not tied768

to particular applications, let alone deployments. However, if there is a direct path to769

any negative applications, the authors should point it out. For example, it is legitimate770

to point out that an improvement in the quality of generative models could be used to771

generate deepfakes for disinformation. On the other hand, it is not needed to point out772

that a generic algorithm for optimizing neural networks could enable people to train773

models that generate Deepfakes faster.774

• The authors should consider possible harms that could arise when the technology is775

being used as intended and functioning correctly, harms that could arise when the776

technology is being used as intended but gives incorrect results, and harms following777

from (intentional or unintentional) misuse of the technology.778

• If there are negative societal impacts, the authors could also discuss possible mitigation779

strategies (e.g., gated release of models, providing defenses in addition to attacks,780

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from781

feedback over time, improving the efficiency and accessibility of ML).782

11. Safeguards783

Question: Does the paper describe safeguards that have been put in place for responsible784

release of data or models that have a high risk for misuse (e.g., pretrained language models,785

image generators, or scraped datasets)?786

Answer: [NA]787

Justification: MEM1 introduces a RL framework. This research focus is on a new training788

methods, instead of releasing new models. This work does not create new datasets.789

Guidelines:790

• The answer NA means that the paper poses no such risks.791

• Released models that have a high risk for misuse or dual-use should be released with792

necessary safeguards to allow for controlled use of the model, for example by requiring793

that users adhere to usage guidelines or restrictions to access the model or implementing794

safety filters.795

• Datasets that have been scraped from the Internet could pose safety risks. The authors796

should describe how they avoided releasing unsafe images.797

• We recognize that providing effective safeguards is challenging, and many papers do798

not require this, but we encourage authors to take this into account and make a best799

faith effort.800

12. Licenses for existing assets801

Question: Are the creators or original owners of assets (e.g., code, data, models), used in802

the paper, properly credited and are the license and terms of use explicitly mentioned and803

properly respected?804

Answer: [Yes]805

Justification: All sources of the datasets are cited in the paper.806

Guidelines:807

• The answer NA means that the paper does not use existing assets.808

• The authors should cite the original paper that produced the code package or dataset.809

• The authors should state which version of the asset is used and, if possible, include a810

URL.811

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.812

• For scraped data from a particular source (e.g., website), the copyright and terms of813

service of that source should be provided.814
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• If assets are released, the license, copyright information, and terms of use in the815

package should be provided. For popular datasets, paperswithcode.com/datasets816

has curated licenses for some datasets. Their licensing guide can help determine the817

license of a dataset.818

• For existing datasets that are re-packaged, both the original license and the license of819

the derived asset (if it has changed) should be provided.820

• If this information is not available online, the authors are encouraged to reach out to821

the asset’s creators.822

13. New assets823

Question: Are new assets introduced in the paper well documented and is the documentation824

provided alongside the assets?825

Answer: [NA]826

Justification: This work does not introduce new assets.827

Guidelines:828

• The answer NA means that the paper does not release new assets.829

• Researchers should communicate the details of the dataset/code/model as part of their830

submissions via structured templates. This includes details about training, license,831

limitations, etc.832

• The paper should discuss whether and how consent was obtained from people whose833

asset is used.834

• At submission time, remember to anonymize your assets (if applicable). You can either835

create an anonymized URL or include an anonymized zip file.836

14. Crowdsourcing and research with human subjects837

Question: For crowdsourcing experiments and research with human subjects, does the paper838

include the full text of instructions given to participants and screenshots, if applicable, as839

well as details about compensation (if any)?840

Answer: [NA]841

Justification: The paper does not involve crowdsourcing nor research with human subjects.842

Guidelines:843

• The answer NA means that the paper does not involve crowdsourcing nor research with844

human subjects.845

• Including this information in the supplemental material is fine, but if the main contribu-846

tion of the paper involves human subjects, then as much detail as possible should be847

included in the main paper.848

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,849

or other labor should be paid at least the minimum wage in the country of the data850

collector.851

15. Institutional review board (IRB) approvals or equivalent for research with human852

subjects853

Question: Does the paper describe potential risks incurred by study participants, whether854

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)855

approvals (or an equivalent approval/review based on the requirements of your country or856

institution) were obtained?857

Answer: [NA]858

Justification: The paper does not involve crowdsourcing nor research with human subjects.859

Guidelines:860

• The answer NA means that the paper does not involve crowdsourcing nor research with861

human subjects.862

• Depending on the country in which research is conducted, IRB approval (or equivalent)863

may be required for any human subjects research. If you obtained IRB approval, you864

should clearly state this in the paper.865

20

paperswithcode.com/datasets


• We recognize that the procedures for this may vary significantly between institutions866

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the867

guidelines for their institution.868

• For initial submissions, do not include any information that would break anonymity (if869

applicable), such as the institution conducting the review.870

16. Declaration of LLM usage871

Question: Does the paper describe the usage of LLMs if it is an important, original, or872

non-standard component of the core methods in this research? Note that if the LLM is used873

only for writing, editing, or formatting purposes and does not impact the core methodology,874

scientific rigorousness, or originality of the research, declaration is not required.875

Answer: [NA]876

Justification: The core method development in this research does not involve LLMs as any877

important, original, or non-standard components.878

Guidelines:879

• The answer NA means that the core method development in this research does not880

involve LLMs as any important, original, or non-standard components.881

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)882

for what should or should not be described.883
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A Details of MEM1884

A.1 Computing Resources and Training Details885

All trainings of MEM1 are conducted on 4 H100 or H200 GPUs. We use the veRL framework [41]886

for RL and Swift [12] for SFT. For RL, we set the data batch size to 256 and the mini batch size to 64.887

Learning rate is set to 10−6 for the actor model and 10−5 for the critic model with a linear warmup888

of 50 steps. Temperature is set to 1 during training and 0.01 during inference.889

All evaluations are conducted on one single H200 GPU, which serves respective models as an API890

service using the vLLM framework [25] with automatic prefix caching enabled.891

A.2 RAG Configuration892

For RAG on local Wiki corpus, we use Faiss-GPU [15] serving a E5 Base model [51]. The Wiki893

corpus is taken from a Wikipedia 2018 dump [23]. The number of passages for each retrieval is set to894

3 for a fair comparison with other methods.895

For online web search queries, we use Serper API [39], which offers Google search results including896

titles, snippets, and URLs. For each search, we return the top 10 results to the agent as external897

information. We do not ask the agent to retrieve the content of specific webpages.898

A.3 Prompts899

Prompt 1: Multi-Objective Task (QA)

You will answer multiple complex questions using iterative reasoning,
summarization, and web search.

At each step, you will see the questions, a cumulative summary of
relevant information, the current search query, and search results
(except in the first step, where only the questions are provided).
Your task is to:

1. Perform reasoning and update a cumulative, concise summary
within <think> ... </think>. This acts as persistent memory and
must include all essential information from previous <think> and
<information> tags.

2. Then choose one of the following actions:
- If any question remains unanswered, issue a single query for one
question inside <search> ... </search>. The query should consist of
keywords or a short phrase. Only search one question at a time.
- If all questions are answered, provide the final answers—separated
by semicolons—within <answer> answer1; answer2; ... </answer>. The
answers must be concise, contain only essential words, and avoid any
explanations.

Important:
- Always follow this structure after <information> or the initial
questions: <think> ... </think><search> ... </search> or <think>
... </think><answer> ... </answer>.
- Do not search multiple queries or questions simultaneously.

Answer the following questions:[QUESTIONS]
900
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Prompt 2: Single-Objective Task (QA)

You will answer a complex question through iterative reasoning,
summarization, and web searches.

At each step, you can see the question, previous summary in <think>
... </think>, search query in <search> ... </search>, and the
returned information in <information> ... </information> (except
the first step where you will be given only the question). Then, you
should:

1. Conduct reasoning, and then update a concise, cumulative summary
with essential information inside <think> </think>. This is your
persistent memory and should include all important information from
previous <think> </think> and <information> </information> (i.e.
information and answers already found for questions).

2. Then choose one:
- Issue a query (i.e., key words / phrases for search) inside <search>
</search> (you may search repeatedly until the answer is clear).
This query will be used to conduct search and return the results in
<information> results </information>
- Provide the final concise answer (no explanations) if no additional
information is needed inside <answer> </answer>. The answer should
be concise and only contain the words necessary to answer the
question.

After <information> </information> (or question at the beginning),
you should always follow the order: <think> ... </think><search> ...
</search> or <think> ... </think><answer> ... </answer>.

Question: [QUESTION]
901
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Prompt 3: Single-Objective Task (WebShop)

You are browsing an online shop. Your goal is to find a product
that matches the given description. You will interact with the site
step-by-step. Each step gives you a <state>...</state> representing
the current webpage. You must decide what action to take next until
you identify the correct product.

Available actions (shown in the <state> tag) depend on the page:
- On the search page: search[<keywords>]
- On search result pages: click[<item url>] to view a product, or
click[next >] to go to the next results page
- On product pages: click[description], click[features],
click[color], click[size], click[buy now]
- To return to search: click[back to search]

Example goal: "Find a gingko light and 20x20 pillow cover that is
hand painted." Example first action: <answer>search[gingko light
20x20 pillow cover hand painted]</answer> Only respond with valid
actions formatted as: search[...], click[...], etc.

After you navigate and find the product that best fits the user goal,
you should click[buy now] to buy the product at the product page when
the buy now button is available.

Product Description: [PRODUCT DESCRIPTION]
902

A.4 Implementation Details of Metrics and Baselines903

A.4.1 Metrics904

Exact match. In QA tasks, we use exact match (EM) as both the verifiable reward for the RL905

pipeline and the evaluation metric for the final output. The final response is extracted from between906

<answer> and </answer>. In multi-objective settings, the response should contain answers to each907

question separated by semicolons. If the XML tags are mismatched, or if the number of provided908

answers does not correspond to the number of questions, a score of 0 is assigned. Otherwise, 1 point909

is credited for each correct answer. During RL training, we do not provide any other intermediate910

rewards or format penalties, as we find that such manual interventions can interfere with the agent’s911

learning process (see more in Sec. 4.4).912

F1 score. The F1 score computes the harmonic mean between the precision p and recall r. In the913

case of string matching, we split both the predicted answer and the ground truth. For example, if the914

ground truth is “United States of America”, it is split into a list with lower-case words: “united”,915

“states”, “of”, “america”. The same works for the predicted answer. Then, denote the number of916

common words as c. Further denote the number of words in the predicted answer as l and the number917

of words in the ground truth as g. Then, precision is calculated as p := c/l and recall is calculated as918

r := c/g. The F1 score is finally computed as919

F1 := 2× p× r

p+ r
.

If multiple ground truths are present, the maximum of all F1 scores is chosen. For multi-objective920

tasks, the final F1 is the sum of the F1 scores for each sub-question.921

Peak tokens usage. Peak token usage is calculated as the maximum number of tokens (using922

GPT-4o-mini tokenizer) in any single sequence throughout the agent’s entire trajectory. For fair923

comparison in our experiments, the system prompt is excluded when computing this sequence length.924

The peak token usage serves as a proxy for the memory requirement for inference in deployment.925
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Dependency length. Following [64], the dependency metric is defined as the total number of926

historical tokens on which each generated token effectively depends. Let T denote the total number927

of interaction steps. For each step i ∈ [T ], let n(i)
p be the number of prefix tokens and n

(i)
o be the928

number of output tokens generated. The dependency metric is then calculated as929

Dependency :=
∑
i∈[T ]

(2n
(i)
o + n

(i)
p )× n

(i)
o

2
.

At a high level, this metric quantifies the cumulative computational cost associated with the generation930

of an output trajectory. It is important to note that in MEM1, prefix tokens from previous steps are931

consolidated into a new internal state, rather than being continuously accumulated. In our experiments,932

we ignore the tokens in the system prompt when calculating the dependency metric.933

Inference time. Inference time for each trajectory is recorded as the total elapsed time required to934

generate the complete output trajectory. For all experiments, these measurements are conducted on a935

single H200 GPU, operating with 10 concurrent threads. The vLLM inference framework is utilized,936

with its automatic prefix caching feature enabled.937

A.4.2 Baselines938

Search-R1. As detailed in [22], the model is trained on the 1-objective task with the same dataset939

as MEM1. Search-R1 also uses exact match as its reward function. In comparison, MEM1 is trained940

exclusively on 2-objective tasks.941

Deep Researcher. As detailed in [66], the model is trained on 1-objective task with a curated set942

from various QA datasets including HotPotQA and Natural Questions. Deep Researcher adopts the943

F1 score as the reward function.944

A.5 Algorithm945

We provide an outline of the rollout of MEM1, which actively manages its context in Alg. 1. Parts of946

the pseudo-code follow [22].947
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Algorithm 1 MEM1 Rollout

Require: Task prompt x, policy model πθ, world modelW , maximum turn T
Ensure: Final response y

1: Initialize rollout sequence y ← ∅
2: Initialize turn count t← 0
3: while t < T do
4: Initialize current policy rollout sequence yt ← ∅
5: while True do
6: Generate response token yr ∼ πθ(· | x, y + yt)
7: Append yr to rollout sequence yt ← yt + yr
8: if (t = T − 1) and yr ∈ [</answer>, <eos>] then
9: break // prevent the agent from searching further

10: else if yr ∈ [</query>, </answer>, <eos>] then
11: break
12: end if
13: end while
14: y ← yt // all previous context removed.
15: if <query> </query> detected in yt then
16: Extract search query q ← Parse(yt, <query>, </query>)
17: Retrieve environment feedback d←W(q) from local storage, Search engine, HTML, · · ·
18: HINT← You have {T − t} turns left.
19: Insert d into rollout y ← y + <info>HINT+ d</info>
20: else if <answer> </answer> detected in yt then
21: return final generated response y
22: else
23: Mark the sample as invalid
24: end if
25: Increment turn count t← t+ 1
26: end while
27: return final generated response y

A.6 MEM1 on Webshop Training Details948

We use the same rollout pipeline and policy update mechanism for training MEM1 on WebShop.949

Compared to QA task, we use a tailored prompt that retains the gist of memory consolidation with950

instructions specific to the WebShop environment, as shown in Prompt. 3. Another distinction is951

that the WebShop environment comes with its own reward function corresponding to each state.952

Therefore, we do not use exact match but the built-in reward function as the reward signal when953

training in WebShop environment. The training and test split also follows the original paper [57],954

with the first 1000 samples as the test set, the 1000th to 1500th as the val set, and the remaining as955

the train set.956

B Broader Impacts957

MEM1 opens up the potential to enable more scalable, efficient, and intelligent AI agents capable of958

sustaining log, goal-directed interactions in dynamic environments. As AI systems are increasingly959

deployed in complex real-world tasks—such as scientific research, legal analysis, personalized960

education, and digital customer service—models must go beyond single-turn capabilities and manage961

evolving contexts over many steps. MEM1’s memory-consolidation mechanism allows language962

models to maintain high performance without the growing computational and environmental costs963

typically associated with long-context processing. By reducing inference-time memory and compute964

demands, MEM1 paves the way for more sustainable and scalable AI deployment, making advanced965

reasoning agents accessible to a wider range of users and institutions, including those with limited966

resources. Moreover, MEM1’s unified framework of reasoning and context consolidation sets967

a precedent for future research on intelligence that can learn to adapt, reflect, and summarize968

information autonomously, inspiring more trustworthy, interpretable, and human-aligned AI systems.969
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C Training Trajectory Analysis of MEM1970

Figure 5: Metrics of training progresses for MEM1 with RL.

We present the training dynamics of the 2-objective QA-trained MEM1 in Fig. 5, where several971

distinct phases emerge during the learning process. In the initial exploration phase (first 50 steps), the972

agent demonstrates little task proficiency. The reward remains consistently low, while the entropy973

loss is high, suggesting random or undirected behavior. The ratio of valid actions hovers around 0.55,974

indicating that the agent frequently fails to follow the expected output format. During this period,975

MEM1 has not yet learned to reliably use the required structure involving <query> and <answer>976

tags.977

Shortly after, we observe the onset of format acquisition. The agent gradually improves its structural978

consistency, reflected in the rising ratio of valid actions. This improved adherence to format correlates979

with an increase in reward, suggesting that proper formatting directly contributes to the agent’s task980

success. By around step 150, a notable behavioral shift occurs. The number of valid searches begins981

to drop sharply, while the reward continues to increase. This implies that the agent has discovered a982

shortcut: by reducing the number of searches—perhaps to avoid format violations—it can maintain983

high format fidelity and improve its reward without fully solving the task. This short-horizon984

optimization suggests the agent is exploiting the reward structure, favoring formatting compliance985

over content completeness.986

Between steps 150 and 200, the agent enters a phase of refined format mastery. The ratio of valid987

actions steadily climbs, but the number of searches remains low. During this phase, reward growth988

slows, and entropy begins to flatten. The plateau in entropy indicates that the agent is looking for989

new policies to boost the reward. At this stage, the agent has reached a local optimum: it’s producing990

valid but under-informed answers.991

After step 200, a second behavioral shift occurs. The number of valid searches begins to rise again,992

suggesting that the agent is learning to extend its interaction horizon to gather more information. The993

agent learns to balance formatting constraints with information acquisition. As a result, the reward994

increases more sharply. Finally, after step 250, the agent enters a phase of policy consolidation. The995

entropy loss drops sharply—signaling a transition from exploration to exploitation—as the agent996

settles into a more deterministic, high-reward policy. By this stage, the agent effectively combines997

format compliance, sufficient searching, and high-quality answer generation.998
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D Analysis on Implementation Details999

D.1 RL Generalizes Better Than SFT1000

A natural question arises: can Supervised Fine-Tuning (SFT) with high-quality trajectories match1001

the performance of reinforcement learning (RL)? To investigate this, we compare MEM1-QA1002

trained via RL against MEM1-QA (SFT), where both models are trained on the 2-objective QA task.1003

Additionally, the SFT model is further trained on 1-objective and 3-objective QA tasks to enhance1004

its generalization ability. As shown in Tab. 4, the SFT model consistently underperforms compared1005

to its RL counterpart across tasks with varying numbers of questions (objectives). Notably, when1006

the number of objectives exceeds six, the performance of the SFT model collapses, whereas the1007

RL-trained model continues to demonstrate strong robustness and scalability.1008

Table 4: Comparison of RL and SFT on increas-
ing number of multi-turn questions. Exact match
scores ↑ is better. Gap shows absolute difference.
Red numbers show collapsed SFT behavior.

#Q RL ↑ SFT ↑ Gap ↑ RL Gain (%) ↑

1 0.410 0.300 0.110 +36.7%
2 0.709 0.433 0.276 +63.7%
3 0.976 0.648 0.328 +50.6%
4 1.120 0.626 0.494 +78.9%
6 1.630 0.088 1.542 +1752%
8 1.870 0.027 1.843 +6826%

16 1.900 0.000 1.900 —
Figure 6: Training curves comparing MEM1
trained with and without format reward.

D.2 Format Reward Accelerates Convergence but Degrades Final Performance1009

It is common to incorporate format reward when training reasoning models and multi-turn reasoning1010

agents [13, 66, 22]. In our study, we experimented with a format reward that enforces the agent to1011

produce outputs using specific structural tags: <IS>, <query>, and <answer>. If the agent fails to1012

use the expected tags correctly, the turn is terminated and a penalty of -1 is applied.1013

As shown in Fig. 6, using the format reward leads to faster convergence during training but results1014

in worse final performance. The format-constrained agent achieves an exact match score of 0.466,1015

compared to 0.709 for MEM1 trained with only outcome-based reward on the same testing set for1016

the 2-objective QA task. Additionally, the format-constrained agent generates fewer tokens, with an1017

average peak of 514.9 tokens, whereas the outcome-reward-trained MEM1 reaches an average peak1018

of 640 tokens.1019

We hypothesize that the format reward accelerates structural learning but constrains exploration of1020

effective reasoning strategies. As a result, the agent learns to produce shorter responses with valid1021

syntax but develops less effective internal state representations, leading to degraded task performance.1022
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