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Abstract001

Tool calling requires Large Language Mod-002
els (LLMs) to generate structured decisions003
including tool names and schema-constrained004
arguments, where small decoding mistakes can005
cause hard failures. Existing methods either006
rely on costly tool-use training data or only con-007
strain syntax, leaving tool selection and argu-008
ment value errors largely unsolved. We analyze009
tool-calling failures through a Where–When010
lens: (Where) failures correlate with persistent011
uncertainty in late transformer layers, (When)012
uncertainty concentrates on content-bearing to-013
kens (tool names and argument values) rather014
than schema tokens. Based on this, and moti-015
vated by evidence that transformer Feed For-016
ward Networks (FFNs) as key–value style mem-017
ories that store and retrieve factual or associa-018
tive mappings, we propose Memory Space Tool019
Retracing (MemTR), a weight-free decoding-020
time method that retrieves relevant tool evi-021
dence from the tool library and mixes it into022
the FFN-output at the uncertain layer, treat-023
ing FFNs as key–value memories. Through024
extensive experiments on various model fam-025
ilies (Qwen, Llama, and xLAM) and bench-026
marks (BFCL, ACEBench, APIBank), MemTR027
reduces tool-calling failures by 2%–9% with028
only 1%–2% runtime overhead - without any029
fine-tuning or additional tool-use training data.030
Our implementation code will be released as031
open-source software after publication.032

1 Introduction033

Recent advancements in LLMs have significantly034

expanded their applications beyond basic NLP035

tasks to more complex and dynamic functionali-036

ties (Qian et al., 2023; Li et al., 2024; Luo et al.,037

2025). There is growing interest in equipping038

LLMs with external tools, allowing them to per-039

form tasks that extend beyond traditional language040

generation, such as interacting with APIs to re-041

trieve information, control devices, or even make042
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Figure 1: Tool calling in LLMs inspired by human
cognition.

complex decisions (Schick et al., 2023; Qin et al., 043

2023; Zhao et al., 2025). 044

Large language models (LLMs), trained on vast 045

natural-language corpora, emit tool-call blocks 046

when invoking external tools (Huang et al., 2024; 047

Qin et al., 2023). The tool-call block (the block 048

containing information such as tool names and ar- 049

guments, organized in a specific JSON format) is 050

usually separated from natural-language text by 051

special delimiters (such as XML-like tags, fenced 052

blocks, or keyword headers) across different mod- 053

els. For example, Qwen adopts the following struc- 054

tured format as below (Schick et al., 2023; Li et al., 055

2023): 056

<tool_call>{"name": "tool_name", 057

"arguments": {"key": "value"}} 058

</tool_call>. 059

The tool calling process of LLMs can be divided 060

into three key steps: (1) Tool Awareness, where the 061

model identifies the need for external tools to ac- 062

complish the task, signaled by outputting the char- 063

acter "<tool_call>" to enter tool mode, (2) Tool 064

Selection, in which the model selects the most ap- 065

propriate tool by generating its specific name im- 066

mediately after "{", and (3) Tool Call, where the 067
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model provides the correct parameters and com-068

pletes the tool calling according to the predefined069

format, then waits for the tool server’s response.070

Despite its significance, tool invocation remains071

fragile: a single-token mistake can invalidate the072

entire tool calling ("high" token is incorrect, the073

correct expression should be "medium" as shown074

in Figure 2(a)). Moreover, in real-world user sce-075

narios, tools are continuously updated and newly076

added, rendering offline adaptation efforts ex-077

tremely arduous and labor-intensive. Therefore,078

there is an urgent need for an online method to079

rectify tool invocation errors in production en-080

vironments. Prior work improves tool calling081

mainly via (i) additional training or fine-tuning082

(Zeng et al., 2025; Ye et al., 2025), (ii) optimized083

RAG (Pan et al., 2025), (iii) in-context learning084

(ICL) (Wei et al., 2022; Yao et al., 2022; Bas, ar et al.,085

2025) and (iv) constrained decoding or grammar-086

based validation (Zhang et al., 2023; Xu et al.,087

2024; Franceschelli and Musolesi, 2024; Park et al.,088

2025). These approaches are insufficient for our089

setting. Training and ICL are offline optimizations:090

they require repeated curation for new tools and091

evolving APIs, which is costly in production. Con-092

strained decoding and format validation can en-093

force syntactic well-formedness (e.g., valid JSON),094

but they do not correct semantic content such as095

choosing the right tool argument values once the096

model commits to an incorrect token. (Pan et al.,097

2025) only updates retriever-side embeddings, so098

it cannot directly fix token-level argument errors099

and requires repeated online updates, intervening100

at input retrieval rather than at the decoding point101

of failure. In contrast, we target online, token-level102

correction during inference, focusing on value to-103

kens within tool callings.104

In our work, we propose MemTR inspired by hu-105

man cognition (Figure 1), an online token-level cor-106

rection framework guided by a lightweight WWH107

diagnostic mechanism that identify where errors108

emerge in depth, when uncertainty spikes during109

generation and how to inject corrective evidence.110

Where: MemTR selects a late transformer layer111

exhibiting the highest uncertainty. When: it acti-112

vates only when uncertainty exceeds a threshold,113

and only in the tool-call block. How: MemTR re-114

trieves tool evidence by similarity matching against115

embedded tool library tokens and injects it by116

mixing with the FFN-output at the selected layer.117

This design is motivated by prior work interpreting118

transformer FFNs as key–value memories. Un-119

der this view, FFN-output mixing can be seen as 120

a lightweight “memory refresh” that injects tool- 121

relevant evidence during decoding, without chang- 122

ing model weights. In summary, the contributions 123

as follows: 124

1. Across various families of large language 125

models, we observe that during tool calling, incor- 126

rect tokens typically remain high-entropy even in 127

late layers, whereas the entropy of correct tokens 128

drops markedly as depth increases. This suggests 129

that we can identify moments when potential errors 130

are likely to occur in the model’s late layers. 131

2. We propose MemTR, a weight-free decoder 132

patch that selects where to intervene via late-layer 133

entropy, decides when via uncertainty-triggering 134

in tool-call block, and defines how via tool library 135

reinjecting and FFN-output mixing. 136

3. We demonstrate consistent gains across 137

datasets and models with minimal overhead, and 138

validate the mechanism with entropy and logit- 139

margin diagnostics. 140

2 Empirical Observations 141

To motivate the design of MemTR, we conduct a 142

systematic diagnostic of LLMs during tool-calling 143

tasks. We analyze the failure modes through the 144

lens of predictive uncertainty (entropy) to pinpoint 145

exactly where (layer-wise) and when (token-wise) 146

the model’s internal alignment with tool specifica- 147

tions collapses. 148

Where to locate tool calling fail? (Error to- 149

kens exhibit persistent uncertainty in late lay- 150

ers.) As shown in Figure 3, both correctly and 151

incorrectly predicted tokens exhibit high entropy 152

in the model’s early and middle layers. However, 153

as the model depth increases, the entropy of cor- 154

rectly predicted tokens decreases markedly, while 155

incorrectly predicted tokens remain high-entropy. 156

A similar trend is also observed for the llama3.2-3b 157

and xLAM-2-3b models as shown in Appendix A.1. 158

We therefore use late-layers uncertainty to decide 159

which layer to intervene on. 160

When to detect tool calling fail? As shown 161

in Figure 2(c), within the tool-call block(from 162

"<tool_call>" to "</tool_call>" on Qwen), we ob- 163

serve a consistent schema-content split. Determin- 164

istic schema tokens (e.g., braces, quotes, separators, 165

and fixed keys such as "name" and "arguments") 166

quickly become low-entropy . In contrast, content- 167

bearing tokens(tool-name values and argument val- 168
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{"name": "answer_question", 
"description": "This function transfers … it cannot answer.", 
"parameters": {"type": "dict", "required": ["statement"], "properties": {"statement": {"type": 
"string", "description": "The question posed by the user that needs to be transferred to a 
human agent."}, 
"urgency": {"type": "string", "description": "The level of urgency for the question to be 
answered.", "enum": ["low", "medium", "high"], "default": "medium"}, 
" language " : {" type " : " string ", " description " : " The language in which the question is 
asked, using ISO 639-1 codes " default " : " en "}}}} …

{"role": "user", "content": "I have had submit a compaint and I like to check its status"}

<tool_call>
{"name": "answer_question",
"arguments": {
"statement": "I have had submit a compaint and I like to check its status", "urgency":
"high", "language": "en"}} 
</tool_call>

{"role " : "system",
"content":  " You are a helpful assistant that can use tools ... You have access to a set of 
tools ..."}

High-confidence token Low-confidence token

𝑖!"

1#!

𝑙𝑎𝑠𝑡

System tokens Tool library tokens Query tokens

…

Response

1     2     3     4

(c) Probability and Entropy Analysis(a) Input-Output Demonstration

(b) LLM Processing Pipeline

…

Response

Query

Tool
library

System

token probabilities

Figure 2: (a) Examples of the system prompt, tool library, user query and model-generated tool content are
shown, where the correct token "name" and incorrect token "high" are highlighted. (b) It demonstrates the loading
sequence of system prompt tokens, tool library tokens, and query tokens during the prefill stage, while each token is
autoregressively generated based on its probability value. (c) Illustration of correct and incorrect token probabilities
across transformer layers. The incorrect tokens exhibit high entropy that indicates uncertainty at the 27th layer
of the model. From the first to the final layer, the probability values of incorrect tokens remain consistently the
highest across all layers. Notably, at the final layer, the highest probability value of incorrect tokens shows minimal
differentiation from the second and third highest ones. In contrast, the probability values of correct tokens maintain
a high level and remain well-distinguished throughout the entire layer progression from the first to the last.

ues) remain comparatively high entropy. Impor-169

tantly, tool-call errors concentrate on these con-170

tent positions, including wrong tool names, miss-171

ing/incorrect keys, and incorrect values/types. The172

incorrect tokens (the "high" token) have the maxi-173

mum entropy values, tokens with entropy below a174

specific value are correct. This means that we can175

detect erroneous tokens when the entropy exceeds176

a certain threshold.177

Implication: a targeted, uncertainty-triggered178

intervention. These observations motivate a179

testable hypothesis: when the model remains un-180

certain on content tokens in late layers, its internal181

representation misaligns with tool specifications.182

Therefore, injecting tool library evidence at the183

right time (high uncertainty) and place (late lay-184

ers) can increase tool-consistent logit margins and185

reduce tool-call failures. This leads to a targeted186

strategy adopted by MemTR: intervene only on187

content/value positions and only in the late layer .188

Diagnostics. We validate this mechanism by mea-189

suring (i) entropy reduction and (ii) logit-margin190

increase on the affected tool-call positions after191

MemTR triggers. See Figure 9 for the effective- 192

ness of this mechanism. 193
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Figure 3: Token entropy distribution for correct and in-
correct predictions on the calibration dataset (Qwen2.5-
1.5B-FC).

3 Methodology 194

Motivated by our empirical observations on where 195

and when tool calling fails, we propose MemTR 196

(Figure 4), a weight-free decoding-time interven- 197
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Figure 4: Overview of MemTR. MemTR is activated
only on the tool-call block. At each decoding step,
we estimate layer-wise predictive uncertainty (entropy)
over a candidate layer range. If uncertainty exceeds a
threshold, MemTR retrieves tool library evidence and
mixes it with the FFN-output.

tion for tool calling. MemTR uses layer-wise pre-198

dictive uncertainty (token entropy) as a runtime sig-199

nal to detect fragile decisions on content-bearing200

tool-call tokens (tool names and argument val-201

ues). When such uncertainty persists in late layers,202

MemTR retrieves evidence from the tool library203

and injects it into the model at the selected layer204

via a FFN-output mixing operator.205

Overview, At each decoding step inside the tool-206

call block, MemTR (i) computes layer-wise next-207

token distributions using intermediate representa-208

tions and estimates uncertainty via entropy, (ii) se-209

lects the uncertain layer within a fixed late-layers210

candidate range (Where), (iii) triggers only if the211

uncertainty exceeds a threshold and the current po-212

sition corresponds to a value field in the tool-call213

JSON (When), and (iv) retrieves tool library ev-214

idence by similarity matching against embedded215

tool library tokens and mixes it into the FFN-output216

at the selected layer (How). MemTR modifies only217

decoding-time activations for plug-and-play com-218

patibility across LLM backbones.219

3.1 Task Definitions220

Given a user query q and candidate tools from tool221

library T = {t1, t2, ..., tN}, the goal of the tool222

calling task is to select suitable tools and extract in-223

formation as arguments with the model parameters224

θ :225

A = [t1(a1), ..., tm(am)] = fθ(⟨q, T ⟩), (1)226

where tj and aj represent the j-th invoked tool 227

and corresponding arguments, respectively, with 228

1 ≤ j ≤ m and m being the total number of tool 229

calling needed. The function fθ(·) denotes the auto- 230

regressive generation manner of LLMs. As shown 231

in Figure 2(b), LLMs load the system prompt, tool 232

library and user query in the prefill phase, then 233

autoregressively output reasoning processes and 234

tool calling information sequentially. 235

And following DoLa (Chuang et al., 2023), we 236

reuse the pretrained LM head (ζ) to obtain an in- 237

termediate next-token distribution at each layer 238

during inference, and measure uncertainty with 239

normalized entropy (Farquhar et al., 2024): µ = 240∑
−pilogpi/logN , where {pi}Ni=1. 241

3.2 Refresh Tools Memory Suppresses 242

Confusion 243

We observe that tool-related information can be- 244

come less influential in late layers during tool- 245

call generation, correlating with higher uncertainty 246

and failures. A plausible reason is that the model 247

over-relies on recent context tokens rather than 248

tool specifications, weakening tool-spec alignment. 249

MemTR mitigates this by refreshing tool-library 250

information when uncertainty is high. 251

3.3 FFNs as Key-value Memories 252

Two fully connected layers constitute vanilla FFNs. 253

We suppose x ∈ Rd as an input token of the FFNs, 254

and FFN function can be formulated as 255

FFN(x) = ϕ(xW1)W
T
2 , (2) 256

where ϕ is activation function like ReLU or SiLU, 257

and W1,W2 ∈ Rd×D are the weight matrices, in 258

usual D = 4d. particularly, W1 and W2 can be 259

rewritten as: 260

W1 = (k1, k2, ..., kD),W2 = (v1, v2, ..., vD),
(3) 261

where ki, vi ∈ Rd denote entries of key and value, 262

respectively. The FFN function can be reformu- 263

lated as 264

FFN(x) =
∑

ϕ(⟨x, ki⟩) · vi. (4) 265

The FFN function can be construed as using in- 266

put x as a query to measure similarity with keys, 267

find matching values, and gather values by similar- 268

ity, which works like a key-value memory storing 269

the factual knowledge as found in previous stud- 270

ies (Geva et al., 2021). The approach of injecting 271
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knowledge into FFN has also been used in com-272

puter vision literature (Zou et al., 2024). There-273

fore, the FFN modules are analogous to the human274

memory module in terms of its role as a key-value275

memories in Figure 1 .276

3.4 Tool Library Representations277

Let the concatenated tool Library (tool names, de-278

scriptions, argument schemas, and constraints) be279

tokenized into n tokens. We denote their embed-280

ding vectors as:281

ZT = [z(T,1), ..., z(T,n)] ∈ Rn×d, (5)282

obtained using the model’s input embedding layer.283

3.5 Retracing Operator284

At decoding step s and layer l, let x(l)s ∈ Rd be285

the FFN-input, used as the query for tool-memory286

retrieval. For triggering, we compute layer-wise287

uncertainty from the layer output h(l)s ∈ Rd by288

reusing the model’s pretrained LM head:289

p(l)s = softmax(ζ(h(l)s )). (6)290

Here ζ(·) shares the original LM head (no extra291

probes). And then we retrieve a tool-memory vec-292

tor by similarity:293

wi = softmaxi

(
⟨x(l)s , z(T,i)⟩

τ

)
,

∆(x(l)s , ZT ) =
n∑

i=1

wiz(T,i),

(7)294

where τ is a temperature.295

Intuition. The retracing operator ∆(x, ZT ) can296

be viewed as a lightweight lookup over tool library297

information. Given the current hidden state x (e.g.,298

when generating the tool name or an argument), we299

compute its similarity to each documentation token300

embedding and form a weighted summary vector.301

This vector acts as a “tool-memory reminder” that302

brings tool specifications back into the model’s303

active representation when the model is uncertain.304

3.6 FFN-output Intervention305

MemTR modifies the FFN-output at a triggered306

layer by mixing the original FFN-output with the307

retrieved tool-memory vector. Let308

y(l)s = FFN(l)(x(l)s ) ∈ Rd, (8)309

Algorithm 1 Calibrated uncertainty-triggered
MemTR decoding (FFN-output mixing)
Require: LLM with L layers, tool tokens ZT , candidate lay-

ers L, calibrated threshold γ, injection strength α, tem-
perature τ , decoding step s, ζ(·) for vocabulary head on
each layer, TopK for entropy approximation.

Ensure: Generated output Y .
1: tool_mode← false
2: for s = 1, 2, . . . do
3: if output prefix enters <tool_call> block then
4: for l ∈ L do
5: p

(l)
s ← TopK(softmax(ζ(x

(l)
s )))

6: u
(l)
s ← Entropy(p

(l)
s )

7: if u(l)
s > γ then

8: wi ← softmax(⟨x(l)
s , z(T,i)⟩/τ)

9: r ←
∑

i wiz(T,i)

10: y ← FFN(l)(x
(l)
s )

11: ỹ ← (1− α) y + α r
12: Replace the FFN-output at layer l with ỹ
13: end if
14: end for
15: end if
16: Decode next token ys from the final layer, append to

Y , stop if EOS
17: end for

be the original FFN-output, and r
(l)
s = ∆(x

(l)
s , ZT ) 310

be the retrieved tool-memory vector. MemTR re- 311

places y(l)s with: 312

ỹ(l)s = (1− α) y(l)s + α r(l)s , (9) 313

where α ∈ [0, 1] controls the injection strength. 314

The residual stream update then uses ỹ(l)s in place 315

of y(l)s . This intervention is weight-free and only 316

changes activations during decoding. 317

3.7 Uncertainty-triggered MemTR 318

We trigger MemTR only on the tool-call block. Let 319

L be the number of layers. We compute layer-wise 320

predictive uncertainty on a fixed candidate layer 321

set: 322

L = {⌈0.8L⌉, . . . , ⌈1L⌉}. (10) 323

At each decoding step, we choose the trigger layer 324

within L and apply MemTR if uncertainty with 325

layer-wise entropy exceeds a threshold γ. 326

Calibration of γ and α. MemTR does not train 327

the model, it only needs a rule to decide when the 328

model is uncertain enough to activate the interven- 329

tion. Just like all machine learning algorithms, a 330

validation set is required for hyperparameter tun- 331

ing to ensure that the optimal performance of these 332

parameters is achieved on the test set. We therefore 333

calibrate an entropy threshold γ on a small labeled 334

calibration set that is strictly disjoint from all eval- 335

uation benchmarks. For each backbone model, γ 336
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and α is calibrated once and then kept fixed across337

all benchmarks.338

Zero-shot triggering with EMA. We also339

present a zero-shot triggering method that does340

not require calibrated dataset as illustrated in Ap-341

pendix B.1. EMA thresholding is computed online342

within each example and reset between examples,343

it uses only model-internal uncertainty signals and344

does not access gold labels, evaluation feedback,345

or aggregate statistics across the test set.346

3.8 Mechanistic Evidence: Scope and347

Diagnostics348

MemTR is a decoding-time intervention that349

mixes the original FFN-output with retrieved tool-350

documentation evidence:351

ỹ(l)s = (1− α)y(l)s + αr(l)s , α ∈ [0, 1], (11)352

where y
(l)
s = FFN(l)(x

(l)
s ), r

(l)
s = ∆(x

(l)
s , ZT ).353

What we do claim. We provide a mechanistic354

interpretation grounded in FFNs as key-value mem-355

ories (Geva et al., 2021) and focus on testable logit-356

level diagnostics.357

Why uncertainty-triggered Intervention is Rea-358

sonable. When the next-token distribution has359

high entropy, the model typically has a small mar-360

gin among top candidates, thus a small activation-361

level perturbation is more likely to change the362

argmax decision. This motivates our design:363

MemTR activates only when entropy exceeds a364

threshold and only inside the <tool_call> block365

(and only on content-bearing value positions via366

JSON gating).367

Measurable predictions (diagnostics). We eval-368

uate MemTR using two diagnostics on the affected369

tool-call positions:370

1. Entropy reduction: after MemTR triggers,371

predictive entropy on the triggered tool-call tokens372

decreases.373

2. Logit-margin increase: MemTR increases374

the logit margin between the tool-consistent can-375

didate and its strongest competitor (e.g., among376

valid tool-name tokens or schema-consistent value377

candidates).378

We report both effects. A local linearization379

derivation (Jacobian view) of the margin effect is380

provided in Appendix C.381

4 Experiments 382

4.1 Experimental Settings 383

Benchmark and evaluation. We selected the 384

Berkeley Function Call Leaderboard (BFCL) (Patil 385

et al.), as the evaluation framework. we evaluate 386

on two other tool-calling benchmarks: ACEBench 387

(Chen et al., 2025) and API-Bank (Li et al., 2023). 388

The details of those are list in Appendix G. 389

4.2 Implementation Details 390

Purpose (no training). MemTR is weight-free 391

and does not update model weights. It uses three 392

hyperparameters: (i) the candidate trigger-layer 393

set L, (ii) the uncertainty threshold γ for deciding 394

whether to activate MemTR, and (iii) the mixing 395

weight α for FFN-output mixing. The implementa- 396

tion details refer to Algorithm 1. Although MemTR 397

is weight-free (no gradient updates), the calibrated 398

setting requires a small labeled set to select γ and α. 399

We therefore additionally report a zero-shot EMA 400

variant that requires no labels, and we compare 401

calibrated vs. zero-shot results throughout. The 402

implementations of the two methods are provided 403

in the Appendix D. 404

4.3 Experimental Results. 405

Results on BFCL. To demonstrate the superior- 406

ity of the model performance under the method 407

we propose, we implement our method on Qwen, 408

Llama and xLAM. And we compare the tool call- 409

ing accuracy in the BFCL. All numbers in Table 410

1 are generated by the official BFCL evaluation 411

script, we will release the exact command lines 412

and raw model outputs. The results are shown in 413

Table 1, from which we can make the following 414

observations: 415

(i) The performance of MemTR outperforms 416

other weight-free methods, namely prompt opti- 417

mization based COT, sampling with beam search 418

and constrained decoding-based method. (ii) Our 419

method also demonstrates effectiveness on models 420

including Qwen, Llama and xLAM with a similar 421

pattern observed in the metric improvement. 422

Results on more benchmarks. To provide a 423

more comprehensive evaluation, we continue to 424

conduct experiments on two other representative 425

benchmarks ACEBench and API-Bank. As shown 426

in Table 2, our method also exhibits effectiveness 427

on other datasets. 428

We also demonstrate the effectiveness of our 429

method on BFCL V3, as shown in Table 3. 430
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Models Method None-Live Live Overall

Simple Multiple Parallel Miltiple Parallel Simple Multiple Parallel Miltiple Parallel None-Live Live Overall

Qwen2.5-1.5B-FC

Vanilla 74.91% 82.50% 63.50% 68.50% 65.50% 56.22% 56.25% 58.33% 73.13% 58.03% 64.97%
COT 77.27% 82.50% 66.50% 69.00% 65.50% 60.02% 50.00% 50.00% 74.87% 60.77% 67.25%
BeamSearch(n=5) 74.91% 83.50% 55.00% 60.00% 66.67% 61.44% 43.75% 29.17% 70.35% 61.66% 65.65%
ToolDec 76.00% 83.50% 65.00% 69.00% 65.89% 61.44% 56.25% 54.17% 74.17% 62.10% 67.65%
MemTR(zero-shot) 77.45% 84.00% 70.50% 71.00% 65.89% 61.73% 50.00% 58.33% 76.26% 62.32% 68.73%
MemTR(Calibrated) 77.82% 85.00% 73.00% 72.50% 66.67% 62.39% 56.25% 62.50% 77.30% 63.14% 69.65%

Qwen2.5-7B-FC

Vanilla 81.82% 94.00% 86.50% 82.50% 70.16% 72.93% 62.50% 54.17% 84.87% 71.95% 77.89%
COT 82.91% 94.50% 88.00% 83.50% 70.16% 73.31% 56.25% 50.00% 85.91% 72.09% 78.45%
BeamSearch(n=5) 82.55% 93.50% 86.50% 82.50% 67.83% 73.31% 50.00% 45.83% 85.13% 71.50% 77.77%
ToolDec 84.55% 95.00% 88.50% 84.00% 70.54% 73.50% 62.50% 50.00% 86.96% 72.39% 79.09%
MemTR(zero-shot) 85.45% 95.50% 89.00% 86.00% 70.93% 73.88% 68.75% 54.17% 87.91% 72.91% 79.81%
MemTR(Calibrated) 86.18% 96.00% 89.50% 87.00% 72.87% 74.07% 75.00% 54.17% 88.61% 73.50% 80.45%

Llama-3.2-3B-Instruct

Vanilla 81.45% 92.50% 86.50% 78.00% 62.40% 56.60% 12.50% 37.50% 83.65% 56.85% 69.17%
COT 81.82% 92.50% 86.50% 77.00% 63.57% 57.26% 18.75% 33.33% 83.65% 57.59% 69.57%
BeamSearch(n=5) 81.64% 91.00% 87.00% 76.50% 62.79% 56.41% 12.50% 37.50% 83.30% 56.77% 68.97%
ToolDec 82.73% 93.00% 87.50% 78.50% 63.95% 57.36% 12.50% 37.50% 84.61% 57.74% 70.09%
MemTR(zero-shot) 83.45% 93.50% 87.50% 78.50% 64.73% 57.55% 18.75% 37.50% 85.04% 58.11% 70.49%
MemTR(Calibrated) 84.18% 94.50% 88.00% 79.00% 65.89% 57.83% 18.75% 41.67% 85.74% 58.62% 71.09%

Llama-xLAM-2-8B

Vanilla 82.91% 92.50% 84.00% 78.00% 72.87% 64.48% 56.25% 54.17% 83.91% 65.80% 74.13%
COT 84.36% 93.00% 85.50% 82.50% 74.81% 66.38% 56.25% 41.67% 85.74% 67.43% 75.85%
BeamSearch(n=5) 81.82% 89.50% 78.50% 79.50% 70.16% 60.87% 43.75% 37.50% 82.17% 62.03% 71.29%
ToolDec 84.73% 94.00% 86.50% 83.50% 74.81% 66.48% 56.25% 54.17% 86.43% 67.73% 76.33%
MemTR(zero-shot) 85.64% 94.50% 87.50% 83.00% 75.19% 66.67% 56.25% 54.17% 87.04% 67.95% 76.73%
MemTR(Calibrated) 86.00% 95.00% 88.00% 84.00% 75.97% 66.76% 62.50% 54.17% 87.57% 68.25% 77.13%

Table 1: Accuracy comparison on BFCLv2 with different weight-free methods.(Implementation details of the
comparative methods shown in Appendix D.0.4)

Models (+Method) ACEBench APIBank

Qwen2.5-1.5B-FC 45.21% 39.12%
+ COT 46.52% 41.26%
+ ToolDec 48.33% 43.95%
+ MemTR 52.27% 48.32%
+ MemTR+COT 52.32% 48.91%
+ MemTR+ToolDec 53.16% 49.21%

Qwen2.5-7B-FC 51.81% 45.62%
+ COT 51.78% 45.15%
+ ToolDec 53.23% 46.82%
+ MemTR 54.11% 51.10%
+ MemTR+COT 56.89% 51.89%
+ MemTR+ToolDec 57.12% 53.23%

Llama-3.2-8B-Instruct 48.70% 59.11%
+ COT 49.25% 59.06%
+ ToolDec 49.82% 60.12%
+ MemTR 54.20% 63.80%
+ MemTR+COT 54.45% 64.10%
+ MemTR+ToolDec 56.26% 65.21%

Table 2: Different methods and their combinations on
various models and benchmarks.(MemTR is Calibrated
method.)

More study. As a plug-and-play method,431

MemTR can integrate seamlessly with prompt en-432

gineering or constrained decoding method. Table433

2 presents the performance of these combination434

which significantly enhance the model’s tool call-435

ing capabilities.436

5 Analysis437

In this section, we present an in-depth analysis438

along five dimensions: (1) error-cases analysis, (2)439

the impact of the threshold and injection ratio, (3)440

uncertainty reduction achieved by MemTR, (4) un- 441

certainty analysis, and (5) computational cost. 442

Figure 5: Test on the BFCL, the reduction ratios of five
error types achieved by the COT, ToolDec and MemTR.

Error-cases analysis. We observe that the 443

ToolDec method can suppress format errors and 444

selection errors, but it has no effect on value errors 445

as shown in Figure 5. In contrast, MemTR not only 446

works on the other two error types but also achieves 447

excellent suppression of value errors. This observa- 448

tion aligns with our prior understanding: ToolDec 449

is a constrained decoding method that cannot exert 450

any influence on parameter values, since param- 451

eter values are derived from user queries rather 452

than the tool library. Moreover, Figure 11 shows 453

proportion of error types, Value-type errors are 454

the most common. By comparison, MemTR per- 455

forms semantic-level realignment, which enables 456

it to achieve favorable results in addressing value 457

errors as well. 458
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Figure 6: (Left) Results under different thresholds γ.
(Right) Results under different injection ratios α, both
on BFCLv2 benchmark.

The impact of the threshold and injection ratio.459

Figure 6 shows the performance under different460

injection ratios α and thresholds γ, we find that461

setting γ between 0.55 and 0.85 can improve per-462

formance. Understandably, a high threshold makes463

TR hard to trigger, while a low threshold would464

trigger TR at an earlier layer. For injection rate α,465

we find the optimal rate is around 0.05.466

Uncertainty reduction achieved by MemTR.467

As shown in Figure 9, for error token "high"468

MemTR effectively reduces uncertainty after the469

26th layer triggered TR. This consequently causes470

the probability of the token high to start decreasing471

after the 26th layer, while the correct token medium472

becomes the most probable one, with its margin473

over the second and third-ranked tokens increasing474

substantially.475

Uncertainty analysis. We observe that the en-476

tropy values of correct tokens drop to very low477

levels in the last few layers, whereas those of in-478

correct tokens remain relatively high even in the479

final layer. For detailed analysis, please refer to the480

Appendix E.481

Computational cost. We leave the cost analysis482

in Appendix F.483

6 Related Work484

In-context learning. ReAct (Yao et al., 2022)485

enables LLMs to generate reasoning trails and486

task-specific tool calling through interaction within487

the environment, improving the reasoning and488

decision-making capabilities of AI agents. Reflex-489

ion (Shinn et al., 2023), Self-refine (Madaan et al.,490

2023) and ReflAct (Kim et al., 2025) analyze the491

external feedback of user interaction within the492

environment and then iteratively refine and polish493

results via well-designed reflexion prompts. All494

of these designs allow us to better understand user495

instructions.496

Sampling and decoding in language lodels. A 497

variety of decoding strategies have been proposed 498

to improve language model performance, including 499

top-k sampling (Fan et al., 2018), temperature- 500

based sampling (Ficler and Goldberg, 2017), and 501

nucleus sampling (Holtzman et al., 2019). Beyond 502

these, Constrained decoding (Willard and Louf, 503

2023; Chen et al., 2022; Fang et al., 2023; Lu et al., 504

2022) improves generation quality by limiting the 505

vocabulary to a smaller set of candidate tokens, 506

ToolDec (Zhang et al., 2023) is directly employed 507

to tool calling. 508

Supervised training. Tool-augmented fine- 509

tuning improves tool calling by training LLMs on 510

tool-call traces. A major limitation is the need 511

for high-quality interaction data, which typically 512

requires executing tools in realistic environments 513

(Feng et al., 2025; Singh et al., 2025). Collecting 514

such data is expensive and time-consuming. 515

7 Conclusion 516

We presented MemTR, a weight-free decoding- 517

time method for improving LLM tool calling. 518

MemTR detects high uncertainty on tool-call 519

blocks and reinjects tool library evidence by mix- 520

ing it with FFN-output at an intermediate layer. 521

The method requires no model training and can 522

be applied across LLM backbones. Experiments 523

demonstrate consistent improvements with mini- 524

mal overhead, and analyses show increased logit 525

margins and reduced uncertainty on tool-call to- 526

kens. 527

8 Limitations 528

First, our experiments were conducted on models 529

up to 8B due to resource constraints. Additionally, 530

this work focuses on tool calling accuracy selecting 531

the correct tool and providing precise parameters 532

but does not address retrieving tools from a large- 533

scale tool pool. 534

9 Ethics Statement 535

We conduct no user studies or user-facing deploy- 536

ment. We create a small calibration set by re- 537

annotating publicly available benchmark instances 538

to tune hyperparameters, and annotations are done 539

internally. The data contain no intended personally 540

identifying or sensitive information, and no IRB 541

review was sought since no human-subjects study 542

is involved. 543
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A Additional Observations726

A.1 The Entropy Distribution for More727

Models.728

Figure 7: Token entropy distribution for correct and in-
correct predictions on the calibration dataset (llama3.2-
3b).

Figure 8: Token entropy distribution for correct and
incorrect predictions on the calibration dataset (xLAM-
2-3b).

A.2 Empirical motivation: text priors vs. tool729

specifications.730

Tool documentation is structured (tool names, re-731

quired keys, type constraints) and differs from the732

natural-language distribution LLMs are primarily733

pretrained on. During autoregressive decoding,734

models can over-rely on textual priors from the user735

query and previously generated reasoning tokens,736

while tool specifications become less influential on737

tool-specific decisions.738

B Methodology Appendix 739

B.1 Methods Overview for Zero-shot 740

Triggering with EMA. 741

To remove labeled calibration for the uncertainty 742

threshold, we adopt an online adaptive threshold 743

based on exponential moving averages (EMA). 744

The implementation details refer to Algorithm 2. 745

Within the block, at each decoding step s we com- 746

pute us and l⋆ and maintain: 747

ms = βms−1 + (1− β)us, (12) 748

vs = βvs−1 + (1− β)(us −ms)
2, (13) 749

initialized as m0 = 0 and v0 = 0 and reset between 750

examples. We set the adaptive threshold as 751

γs = ms + λ
√
vs. (14) 752

MemTR triggers at step s if us > γs. 753

JSON-state gating and warm-up. Tool callings 754

follow a structured JSON format (e.g., {"name": 755

"...", "arguments": {...}}). The first few 756

tokens inside the tool-call block are typically fixed- 757

format (delimiters and schema keys) and thus have 758

very low entropy, which can make early EMA 759

thresholds overly small and lead to spurious activa- 760

tions later. To stabilize zero-shot triggering without 761

any dataset-level statistics, we apply two determin- 762

istic rules: (1) Warm-up: for the first w decoding 763

steps after entering the tool-call block, we update 764

(ms, vs) but do not trigger MemTR, (2) JSON- 765

state gating: we allow triggering only when gen- 766

erating content-bearing positions, namely (i) the 767

tool-name value following the "name": key, or (ii) 768

an argument value inside the "arguments":{...} 769

object (the token block after a colon until the next 770

comma or closing brace at the same nesting level). 771

We skip triggering on fixed-format tokens (e.g., de- 772

limiters, quotes, and schema keys such as "name" 773

and "arguments"). We implement gating with a 774

lightweight incremental parser over the generated 775

prefix. Unless otherwise stated, we fix w = 4 776

and keep (β, λ, α,K) unchanged across all bench- 777

marks in the zero-shot setting. 778

C Local Linearization View of MemTR 779

and Logit-Margin Effect 780

This appendix gives a supplementary logit-level 781

explanation for why FFN-output mixing can in- 782

crease the margin of tool-consistent tokens under 783

uncertainty-triggered intervention. 784
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MemTR modifies the FFN-output at a triggered785

layer by mixing the original FFN-output y with a786

retrieved tool-memory vector r:787

ỹ = (1− α)y + αr. (15)788

Let h denote the hidden state before the LM head789

at the current decoding step, and assume the LM790

head is linear: logits ℓ = Wh, where W ∈ R|V |×d.791

When MemTR is applied at an intermediate792

layer, the final hidden state becomes a determinis-793

tic function of ỹ instead of y. Locally (for small794

interventions), the resulting logit change can be795

approximated as:796

∆ℓ ≈ J · (ỹ − y) = αJ · (r − y), (16)797

where J is the Jacobian mapping from the FFN-798

output at the triggered layer to the pre-head repre-799

sentation.800

Implication (margin improvement under align-801

ment). Consider a set of tool-consistent tokens802

S (e.g., valid tool names / required keys / schema-803

consistent value tokens) and confusing alternatives804

C. If the intervention direction (r − y) is aligned805

such that for all s ∈ S and c ∈ C,806

⟨gs − gc, (r − y)⟩ ≥ δ, (17)807

where gv denotes the corresponding row of808

(J⊤W⊤) for token v, then MemTR increases the809

logit margin between s and c by at least αδ in the810

local approximation:811

(ℓ̃s − ℓ̃c)− (ℓs − ℓc) ≥ αδ. (18)812

Connection to our diagnostics. Motivated by813

the above, we measure (i) token-level predictive814

entropy and (ii) logit margins on triggered tool-815

call positions before/after MemTR activation (Sec-816

tion 5). We define the logit margin at a triggered817

step as margin = ℓ(y⋆) − maxv ̸=y⋆ ℓ(v), where818

y⋆ is the gold token when available, or the highest-819

logit token among tool-consistent candidates.820

D Experimental Implementation Details821

D.0.1 Calibrated uncertainty-triggered822

MemTR decoding823

Calibration set and strict isolation. We con-824

struct a small labeled calibration set by manually825

annotating tool-call outputs and it does not contain826

user-identifying information.. Specifically, we an-827

notate 800 instances covering 300 tools across 10828

domains. A tool calling is labeled Correct only if 829

(i) the output is parseable (format-valid), (ii) the 830

tool name matches the ground truth, and (iii) all 831

required argument keys and values are correct, oth- 832

erwise it is labeled Incorrect. Importantly, this cal- 833

ibration set is strictly disjoint from all evaluation 834

benchmarks: we ensure no overlap in instances and 835

tool schemas, and we do not use any labels from 836

BFCL, ACEBench or API-Bank for hyperparame- 837

ter selection. 838

How the trigger layer is chosen. We use a fixed 839

candidate layers range 840

L = {⌈0.8L⌉, . . . , ⌈1.0L⌉}, (19) 841

where L is the number of transformer layers. Dur- 842

ing decoding, at each step s on the tool-call block, 843

we compute layer-wise uncertainty u
(l)
s for all 844

l ∈ L and select the trigger layer when u
(l)
s > γ, 845

and then MemTR applies the FFN-output interven- 846

tion. This layer-selection rule is fixed a priori and 847

is not tuned per benchmark. 848

How γ and α are chosen. We select α on the 849

same calibration set using a small grid (e.g., α ∈ 850

{0.01, 0.03, 0.05, 0.1}) and choose the best value. 851

The same choosing method is also applied to γ, 852

whose range is from 0.6 to 0.95. Unless otherwise 853

stated, γ and α are calibrated once per backbone 854

model. 855

We emphasize that parameter choosing is model- 856

dependent and an intrinsic property of the model, 857

independent of the calibration dataset. 858

Cross-benchmark fixed hyperparameters. Un- 859

less stated otherwise, we calibrate L (by fixing the 860

range rule above), γ, and α once per backbone 861

model and then keep them fixed across all bench- 862

marks, splits, and tool-calling settings, without any 863

per-benchmark tuning. 864

D.0.2 Zero-shot uncertainty triggering via 865

EMA. 866

To avoid any labeled calibration for the uncertainty 867

threshold, we adopt an online, per-example adap- 868

tive threshold based on exponential moving aver- 869

ages (EMA). Within the <tool_call> block, at 870

each decoding step s we first compute the layer- 871

wise uncertainty u
(l)
s = Entropy(p

(l)
s ) for l ∈ L 872

and set us = maxl∈L u
(l)
s with the correspond- 873

ing layer l⋆ = argmaxl∈L u
(l)
s . We then maintain 874

EMAs of the mean and (uncentered) variance of 875
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the uncertainty sequence:876

ms = βms−1 + (1− β)us, (20)877

vs = βvs−1 + (1− β)(us −ms)
2, (21)878

initialized as m0 = 0 and v0 = 0 at the beginning879

of each example. The adaptive trigger threshold is880

defined as881

γs = ms + λ
√
vs, (22)882

where β ∈ (0, 1) controls the smoothing and λ > 0883

controls the sensitivity. We trigger MemTR at step884

s if us > γs, and apply the FFN-output mixing885

intervention at layer l⋆.886

No test-time leakage. EMA thresholding is com-887

puted online within each example and reset be-888

tween examples, it uses only model-internal un-889

certainty signals and does not access gold labels,890

evaluation feedback, or aggregate statistics across891

the test set. All hyperparameters (β, λ, α) are fixed892

a priori and kept unchanged for all benchmarks in893

the zero-shot setting.894

D.0.3 Two deployment settings.895

MemTR does not update model weights. We con-896

sider two settings: (i) Calibrated MemTR, which897

selects γ and α once per backbone model using898

a small labeled calibration set, and (ii) Zero-shot899

MemTR, which uses an online adaptive threshold900

γs estimated from an exponential moving average901

of entropy and requires no labeled data. We report902

both settings in our main results to separate the903

gains from (light) calibration versus the decoding-904

time intervention itself.905

Strict isolation and leakage prevention. To pre-906

vent any test-time leakage, we enforce disjointness907

between the calibration set and evaluation bench-908

marks at two levels: (i) Instance-level disjoint-909

ness: no overlapping user queries or dialogue turns.910

(ii) Tool-schema disjointness: we ensure that tool911

names and argument schemas (key sets) in the cali-912

bration set do not appear in BFCL/ACEBench/API-913

Bank. Concretely, we hash each tool schema by914

(tool name, sorted argument key list, and normal-915

ized key types when available) and verify no hash916

collisions across splits. We will release the exact917

schema-hash scripts and the list of tool schemas918

used for calibration to enable independent verifica-919

tion.920

D.0.4 Implementation details of the 921

comparative methods 922

COT. The template of the CoT prompt is pro- 923

vided in Table 4. 924

ToolDec. The implement and code refer to paper 925

ToolDec (Zhang et al., 2023). 926

Model/Method
Single-Turn

Multi-Turn
Hallucination

Overall
None-Live Live Relevance Irrelevance

Qwen3-4B-FC 87.83% 76.39% 22.13% 87.50% 78.13% 70.05%
+MemTR 89.48% 77.05% 22.63% 93.75% 78.48% 70.88%

Qwen3-8B-FC 87.57% 80.46% 41.75% 93.75% 77.05% 74.51%
+MemTR 90.00% 80.83% 44.63% 93.75% 77.68% 75.93%

xLAM-2-1B 69.04% 55.14% 36.00% 87.50% 64.46% 57.76%
+MemTR 74.09% 56.03% 42.38% 93.75% 64.46% 60.51%

xLAM-2-3B 82.96% 62.99% 58.38% 87.50% 59.82% 66.62%
+MemTR 86.43% 63.66% 61.38% 100.00% 59.64% 68.27%

Llama-xLAM-2-8B 84.52% 67.95% 70.00% 87.50% 63.30% 71.51%
+MemTR 87.57% 68.25% 71.38% 93.75% 63.39% 72.68%

Table 3: Result on BFCLv3

E Analysis for Uncertainty Analysis. 927

Figure 12 shows the inference result including 928

query, result and tool library. We conduct a prelim- 929

inary analysis with 28-layer Qwen-2.5-1.5B-FC. 930

Figure 10 shows the uncertainty scores of different 931

early layers when decoding the answer, we observe 932

that from the earlier layers to the later layers, the 933

entropy of all tokens gradually decreases. However, 934

the entropy of some tokens drops rapidly while that 935

of others declines slowly. Moreover, the entropy of 936

certain tokens does not decrease even in the final 937

layer, for example "dont care" in Figure 10. These 938

tokens require our focused attention, because they 939

do not decrease even in the final layer. 940

Specifically, we also calculated the exact entropy 941

values of the last but one layer. We can observe 942

that the entropy values of special tokens and fixed- 943

format values (e.g., "name" and "argument") are 944

very low, whereas those of function names and 945

input parameter values remain high. 946

These phenomenon suggests that LLM is still 947

uncertain about its predictions in the last few layers 948

and may inject more factual knowledge into the 949

predictions. For special token and fix-format token, 950

we observe that the uncertainty becomes very low 951

from the earlier layers. This finding implies that the 952

model is deterministic for easy-to-predict tokens at 953

the intermediate layer and keeps the distribution of 954

outputs almost constant at higher layers, however, it 955

is more uncertain for difficult-to-predict key tokens 956

and may constantly change its predictions until the 957

final layer. 958
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COT prompt template

You are a helpful assistant that can use tools.
Before making any function call, please think step by step and explain:
1. What the user is asking for.
2. Whether you already know the answer or need external data.
3. If a function is needed, which one to use, why, and what arguments are required.
Only after this reasoning, output the function call (if needed) or provide the final answer.

Table 4: COT prompt template.

1!" 2!" 3!" 4!" 5!" 6!" 7!" 8!" 9!" 10!"11!"12!" 20!"21!"22!"23!"24!"25!"26!"27!" 28!"13!"14!"15!"16!"17!"18!"19!"

0.96 0.88 0.22 0.89 0.90 0.53 0.66 0.31 0.59 0.60 0.78 0.94 0.90 0.95 0.96 0.69 0.80 0.78 0.61 0.60 0.10 0.04 0.08 0.35 0.41 0.77 0.64 0.47

0.96 0.88 0.22 0.89 0.90 0.53 0.66 0.31 0.59 0.60 0.78 0.94 0.90 0.95 0.96 0.69 0.80 0.78 0.61 0.60 0.10 0.04 0.08 0.35 0.41 0.77 0.19 0.11

No MemTR：

26th Layer Trigger
And with MemTR：

Probabilities
without MemTR：

Probabilities
with MemTR：

Top Probabilities in Layer 26：

Top Probabilities in Layer 28：

Top Probabilities in Layer 28：

The Entropy and Probability for Error Token “high”

Top Probabilities in Layer 27：

Top Probabilities in Layer 27：Top Probabilities in Layer 26：

Figure 9: The entropy and probability values of the incorrect token "high" across different layers. Entropy trajectory
before and after MemTR activation. We show token-level entropy across late layers for a representative tool-call
token. MemTR activates at 26th layer and reduces entropy and widens the margins among the top 4 highest
probability tokens.

Method Token number time(s) tokens per second
Vanilla 40 2.34 17.50

MemTR 40 2.38 16.74
Vanilla 200 11.50 17.20

MemTR 200 11.62 16.68

Table 5: The time consumption of token generation on
Qwen2.5-1.5B-FC

F Analysis for Computational Cost959

We evaluated the time cost of our method on a960

single NVIDIA H20 GPU, as shown in Table 5.961

Overall, the total runtime increased by only about962

1.7%. This is because we only performed opera-963

tions on FFN modules of the specified layers, and964

the dimensions are all corresponding, resulting in 965

basically no impact on memory usage and runtime. 966

G DETAILS FOR DATASETS 967

G.1 BFCL V2 968

BFCL V2 includes two main categories: non-live 969

and live, which primarily consist of Python-style 970

tool calling data. These are further subdivided into 971

four types: Simple, Multiple, Parallel and Parallel 972

Multiple. 973

• Simple Function: Single function evalua- 974

tion contains the simplest but most commonly 975

seen format, where the user supplies a single 976
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Figure 10: The uncertainty to predict the next token of
varying layers. The vertical axis represents the number
of layers, and the horizontal axis represents the decoded
tokens. It can be observed that as the number of layers
increases, the uncertainty in predicting the next token
tends to decrease. The red-outlined regions showing
higher uncertainty in the late layers for errors occur.

JSON function document, with one and only977

one function call will be invoked.978

• Multiple Function: Multiple function cat-979

egory contains a user question that only in-980

vokes one function call out of 2 to 4 JSON981

function documentations. The model needs982

to be capable of selecting the best function to983

invoke according to user-provided context.984

• Parallel Function: Parallel function is de-985

fined as invoking multiple function calls in986

parallel with one user query. The model needs987

to digest how many function calls need to be988

made and the question to model can be a sin-989

gle sentence or multiple sentence.990

• Parallel Multiple Function: Parallel Mul-991

tiple function is the combination of paral-992

lel function and multiple function. In other993

words, the model is provided with multiple994

function documentation, and each of the cor-995

responding function calls will be invoked zero996

or more times.997

G.2 ACEBench998

ACEBench is a comprehensive tool-use benchmark999

that offers more detailed granularity. It is cate-1000

gorized into three main types: Normal, Special,1001

and Agent. Atom cases involve a set of APIs that1002

contain specific parameter types, such as booleans,1003

enumerations, numbers, lists, and objects. The1004

Single-turn category includes both single and par- 1005

allel cases. 1006

G.3 API-BANK 1007

API-Bank is a dialogue-style tool calling dataset, 1008

consisting of two settings: Call and Retrieve + Call. 1009

In this dataset, the model is tasked with invoking 1010

predefined local Python tools based on the user’s 1011

requirements in the dialogue. Accuracy is assessed 1012

by comparing whether the tool’s returned values 1013

match the ground truth. In this work, we focus 1014

on the first step tool calling samples, disregarding 1015

further tool or retrieval feedback.

Llama-3.2-3B-Instruct Llama-xLAM-2-8B

Qwen2.5-7B-FC

Awareness Error

Selection Error

Format Error

Key Error

Value Error

Qwen2.5-1.5B-FC

Figure 11: Proportion of error types for different LLMs
on the BFCL dataset.

1016
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Figure 12: Inference example.
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Algorithm 2 Zero-shot MemTR with EMA-based
adaptive threshold

••••Require: Backbone LLM with L layers, candidate layers
L = {⌈0.8L⌉, . . . , L}, tool memory Z

(l)
T (cached), injec-

tion strength α, temperature τ , EMA parameters (β, λ),
warm-up steps w ζ(·) for vocabulary head on each layer,
TopK for entropy approximation.

Ensure: Generated output Y .
1: Y ← ∅; tool_mode←false
2: m← 0; v ← 0; tstep← 0 EMA stats reset per example
3: for s = 1, 2, . . . do
4: Run one decoding forward step (with KV-cache) to

obtain {x(l)
s }l∈L and the final-layer state

5: if generated prefix enters <tool_call> block then
6: tool_mode←true; m← 0; v ← 0; tstep← 0
7: end if
8: if tool_mode then
9: tstep← tstep +1

(1) compute layer-wise uncertainty and select trig-
ger layer

10: for l ∈ L do
11: p

(l)
s ← TopK(softmax(ζ(x

(l)
s )))

12: u
(l)
s ← Entropy(p

(l)
s )

13: end for
14: us ← maxl∈L u

(l)
s

15: l⋆ ← argmaxl∈L u
(l)
s

(2) update EMA and compute adaptive threshold
16: m← βm+ (1− β)us

17: v ← βv + (1− β)(us −m)2

18: γs ← m+ λ
√
v

(3)gating: only allow triggering on tool-name value
or argument value

19: gate ←
ISVALUEPOSITION(generated_prefix)
(4) warm-up: do not trigger in first w tool-call steps

20: if (tstep > w) and gate and (us > γs) then
21: rs ← ∆(x

(l⋆)
s , Z

(l⋆)
T )

22: ys ← FFN(l⋆)(x
(l⋆)
s )

23: Replace FFN-output at layer l⋆ with ỹs ← (1−
α)ys + αrs

24: end if
25: end if
26: Decode next token from the final layer once, append

to Y
27: if EOS generated or closing tag </tool_call> gener-

ated then
28:
29: return Y
30: end if
31: end for
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